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Abstract—We present a real-time autocalibration methodology
for interchangeable-lens monocular camera based navigation
systems. While we emphasize man-portable platforms such as
tactical vests on dismounted warfigters, other platforms that can
benefit from our methodology are autonomous ground vehicles,
small unmanned vehicles, manned aircraft, as well as naval ves-
sels. We assume an initially calibrated camera, exposed to hostile
environments, while we dynamically maintain this calibration
parameters without the use of measured external tools such as
calibration wands. Our system uses the natural dynamics of the
mount such as the human body or the vehicle as a calibration
metric to ensure the error from camera measurements remain
within engineering tolerances. We provide a and experimental
study dynamic error management in vision based GPS-denied
navigation problems.
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I. INTRODUCTION
Recent advances in MILSPEC man-portable computers and

optronics have redefined strategic objectives of small arms
protective tactical vests. Image navigation in GPS-Denied
environments is one such new purpose. There is no single
sensor that will work as a practical solution to this problem,
without extensive infrastructure, over the operational trade
space of small geographic scales and short timeframes. How-
ever, outfitting a tactical vest with a monocular camera of
interchangeable lens is one viable solution. This technology
can allow the wearer to generate a map of the environment on-
the-fly while exploring it. With the environmental floor-plan
stored in the vest, the wearer can localize more effectively,
calculate egress routes, and evacuate in the most efficient
manner without getting lost. The personnel who can benefit
from such design includes soldiers, firefighters, paramedics,
and more.

One drawback preventing such image navigating tactical
vest from being practical is maintaining camera calibration.
Harsh operating conditions tactical vests might be exposed to
can dramatically alter calibration parameters of a precision
optical device with strict engineering tolerances. Even tiny
shifts in calibration parameters will in turn cause false mea-
surements, which will eventually develop into false navigation
solutions. Manual calibration of a monocular camera de-
pends on external calibration tools such as calibration wands,
squares, or checkerboards. This is a complicated and time-
consuming process, and it is impractical to expect warfighters
and emergency response personnel perform routine calibration
checks and recalibrate cameras in the field. This makes it
interesting to investigate a monocular camera concept that
can automatically, (1), detect loss of calibration and (2), re-
calibrate using only the optical information available from the
environment.

Fig. 1. GhostWalker Ruggedized Prototype Navigator, packaged into a
standard US Army small arms protective tactical vest. It includes a monocular
camera, 3-axis accelerometer, batteries, computer and barometer. Common off
the shelf components are used, therefore significant reductions in size weight
and power are possible. Image Courtesy of Rockwell Collins Inc.

II. MISCALIBRATION DETERMINANTS
Temperature: Post-calibration variations in temperature

leads to flexing or contraction of compound lenses, which
can change focal length and displace optical center, hence
mis-calibrating the camera. Lower temperatures decrease the
response time of the image sensor. Higher temperatures
introduce salt-pepper noise. Both have negative impact on
calibration accuracy. Humidity & Fog: Humidity creates mi-
croscopic water droplets on lens which bend light in spherical
patterns, increasing the distance some rays have to travel from
the lens to the image plane. Camera behaves mis-calibrated
even though it is optically perfect. Vibration: If vibrations
amplify a resonant frequency of the camera the lens assembly
might be worked loose effectively mis-calibrating the camera.
Interference: Adverse effects of electromagnetic interference
can result in fluctuations on electrical charges of pixel sensors,
which can be mis-interpreted by the camera circuitry as
intensity variations. This can cause the camera behave mis-
calibrated even though it is optically perfect. Varifocals: Most
compound lenses involve a servomechanism for moving the
lens assembly with respect to the imaging sensor. Since this
results in a changing focal length, if the camera were calibrated
when the lens was at a particular position, that position should
not change.

III. RELATED WORK
Most conventional camera calibration method is direct linear

transformation (DLT) proposed by Aziz et. al. [4], but first
tested by Tsai [10] using off-the-shelf cameras and lenses. DLT
takes as input, a set of control points whose real world coordi-
nates are assumed to be known a-priori, such as in the case of a
calibration wand where control points are fixed to a rigid frame



with known geometrical properties. In addition to requiring a
calibration wand, and disregarding lens distortions, the primary
shortcoming of DLT is that the covariance of calibration
parameters is not zero, which implies the orthogonality of the
rotation matrix is compromised. DLT equations consist of 11
parameters even though the system has only 10 independent
unknown factors ([xo, yo, zo], [uo, vo], [du, dv] and 3 Eulerian
Angles). Computing 11 parameters independently using the
least square method impairs the dependency among the 10
independent factors resulting in a non-orthogonal transforma-
tion from the object-space reference frame to the image-plane
reference frame. Hatze introduced an alternative approach
[8] to address this problem, known as Modified-DLT which
reduces the system to 10 parameters by estimating the 11.

DLT accuracy is determined by the accuracy of the calibra-
tion wand because the control volume (a virtual volumetric
object whose corner ends are the control points) is limited by
wand dimensions. It is possible to reconstruct the geometry
outside the control volume (i.e., extrapolation), but this works
poorly due to the intrinsic problem of DLT. When a huge
control volume is needed, such as the case in image navigation,
the calibration wand approach does not work. Kwon provides
an alternative in [9] where a set of range poles are used and
control points are marked on the range poles. The method has
two major disadvantages; control points must be computed in
each iteration, and a theodolite is required in measuring the
angular positions. A theodolite is extremely precise instrument
that weights over 4 kilograms and its handling procedures are
very intricate.

We presented in [6] an algorithm called Helix, similar to
that of Kwon’s, but without the requirement for a calibration
wand, range poles, or a theodolite like range finding device.
The algorithm mimics a theodolite to estimate extrinsic cam-
era body rates. Although this probabilistic algorithm is not
intended to estimate intrinsic camera parameters, it is possible
to adapt it for this particular problem. Helix picks features
where a one-dimensional probability density over the depth is
represented by a two-dimensional particle distribution per fea-
ture. The measurement estimation problem is to compute the
instantaneous velocity, (u, v) of every moving feature (helix)
and recover perceived velocity. This recovery leads to a planar
vector field obtained via perspective projection of the real
world velocity field onto the image plane. Principal distance
of a helix from the camera versus its perceived instantaneous
velocity on the image plane are coupled. A helix cluster with
respect to closeness of individual instantaneous velocities is
likely to be a set of features that belong on the surface of
a rigid planar object. Authors in [17] present a method to
automatically calibrate a monocular camera by exploiting a
homography between two camera shots if a textured surface is
visible and the camera has moved, but it is meant for extrinsic
parameters of the device; intrinsic parameters are assumed to
be static.

In [7] authors present an algorithm incorporating image
segmentation and epipolar geometry, to estimate the range
and bearing of visual landmarks utilizing a monocular-camera
bearing flying platform [6]. The system is intended for flight
in riverine environments; partially or completely GPS-denied
areas which occasionally involve heavy foliage and forest
canopy. Because the authors assume a pre-mission calibrated
camera, calibration maintenance during the mission is a con-
cern. Camera calibration parameters will gradually shift due

to compelling environmental factors, including but not limited
to those listed in Section II. Despite the abundant visual
cues available, in time this pushes measurement errors to
unacceptable levels.

Authors in [11] improve the observation model in [6] with
assumption of a platform to which the camera is rigidly
attached, which is sensitive to accelerations. Since the in-
troduction of Helix algorithm inertial sensors have became
so small in size and so widely available, most consumer
cameras come equipped with them. The primary purpose
of including inertial measurement sensors in a camera is
active image stabilization. However, fusing monocular vision
measurements of perceived acceleration with inertial sensor
measurements is a feasible sensing strategy for determining
the distance between a moving camera and stationary objects,
since the acceleration metric then becomes a standard. This
alone is not enough for autocalibration, however, it is one
essential step that, when used in conjunction with the Helix
algorithm, can create an artificial calibration wand out of
clutter. Certainly these measurements require a stable model
of camera dynamics to be precise.

Authors in [14] present another technique based on the
Scheimpflug Principle. Using a camera with moving com-
pound lenses has been discussed in the literature [15]. The
distance of a particular area in an image where the camera
has the sharpest focus can be acquired. This however implies
control over lens intrinsic parameters, which is equivalent to
creating more calibration problems than we are trying to solve.

Aperture of a lens can be controlled without affecting
intrinsic or extrinsic parameters, because much like the iris of
the eye it only changes the amount of light passing through.
Aperture size describes the extent to which subject matter
lying closer than or farther from the actual plane of focus
appears to be in focus. Authors in [12] show how exploiting
the defocus information by different apertures of the same
scene enables us to estimate the camera calibration parameters.
The induced blur is mathematically expressed, by which
camera intrinsic parameters can be estimated.

IV. ASSUMPTIONS
We assume, (1) a calibrated camera can hold a calibration

through one calibration interval. (2), Camera is equipped with
a fixed-focus monocular lens that is interchangeable. (3),
Lens may have radial distortions. (4), Camera will experience
accelerations that will inflate the process uncertainty over
time with Gaussian profile. (4) Intentions of the camera
bearer are unknown but a measurement update is regularly
provided from the accelerometers. (5) MILSPEC grade mount
technology and packaging for the camera. (6) A body worn
3-axis accelerometer is available (as it is the case in tactical
vests) and rigidly coupled to camera. (7) Camera is in cali-
brated state immediately before the mission performed under
benign conditions. (8) Sporadic exposure to moderately harsh
conditions.

V. MONOCULAR AUTOCALIBRATION REQUIREMENTS AND
PARAMETERS

In a demanding, time-critical real-life application where
camera calibration needs to be maintained automatically, there
are four primary challenges to address, preferably in an au-
tomatic manner. (1), Recognizing unexpected observations in
the device indicating the need for calibration. (2), Performing
a calibration with sub-standard(s) (i.e., with a poor calibration



wand/device, or lack thereof → loss of precision). (3), Esti-
mating the resulting degree(s) of randomness (i.e., with loss of
accuracy). And (4), Rectifying the possible negative effects of
randomness in a probabilistic manner. Autocalibration is most
useful when it is autonomous, adaptive, accurate, efficient,
versatile, and not require specialized calibration instruments.
The principal intrinsic parameters of interest for a monocular
camera can be classified as follows:

Optical Center: the position of the true image center as
it appears in the image plane. Expected value is E[cx, cy] =
(w/2, h/2) of an image, where w, h are resolution parameters.

Focal Length; f is the distance from the lens to the imaging
sensor when lens is focused at f = ∞. This implies a
35mm lens should be 35mm from the imaging sensor, however
typically a lens will be shorter than the specified focal length
as most photographic lenses in use today are compound lenses
that behave longer than they physically are.

F-Stop; f/a is the aperture representing focal length di-
vided by the diameter of the lens as it appears to the imaging
sensor. A 400mm f/4 lens appears 100mm wide for light to
pass. Increasing F-Stop also increases the distance between the
nearest and farthest objects in a scene that appear acceptably
sharp.

Scaling Factors; sx, sy represent the ratio of true size of a
real world object to that of its reflection on the image plane.
Ideally sx = sy .

Skew Factor. Camera pixels are not necessarily square and
lenses are not necessarily radially symmetric. When sx 6= sy ,
the camera perspective distorts the true size of an object.
For example, taking a portrait with a telephoto lens up close
tends to shrink the distance from nose to ears, resulting in
a diminished proboscis. Wide angle lenses do the opposite,
making a person in the center of the picture appear taller, but
one at the outside edges of the picture look wider.

VI. LENS DISTORTIONS
Optical distortions introduced by the lens (and sometimes

exaggerated by the sensor) are challenges for autocalibration
as they are deviations from the camera model, and should
be corrected with appropriate methods in advance before a
successful autocalibration strategy can be applied. It is impos-
sible to design a lens with no aberrations. Optical measures
for correcting one type of aberration usually makes another
worse.

(1) Radial and Petzval Field Curvature: An ideal lens
would render straight lines as straight regardless of where
they occur, and project the image onto a flat sensor surface.
Real lenses bend lines outwards (barrel distortion) or inwards
(pincushion distortion), or combinations, introducing displace-
ment functions for all points on an image plane from their
corresponding true positions in the world frame, forming the
image on a curved surface. This results in an anamorphosis of
perspective transformation. Petzval’s Sum is one mathematical
formula that describes the curvature of the image created by
every lens. We present methods for automatic rectification
from these distortions in the upcoming sections.

(2) Vingette: Since light fall-off occurs at lens edges,
monocular lenses tend to form an image that is brighter in
the center than at the edges, worsening at higher F-Stop
values. This must be corrected via dynamic-range-expansion,
whose general formula is given in equation 1 where v is light
value and M × N is the resolution. The cdf is a cumulative
distribution function that adjusts the brightness so that each

possible brightness value appears at about the same number
of pixels as every other value (histogram flattens). Consider
an image x where ni is the number of occurrences of light
level i. Probability of a pixel is then px(i) = p(x = i) = ni

n
where 0 ≤ i ≤ L and L represents the number of discrete
light levels in x. The cumulative distribution function with
respect to px can be defined as cdfx(i) =

∑i
j=0 px(j). A

transformation to create a new image y is required to linearize
the cumulative distribution function across the value range
such that y = T (x) = cdfx(x) where T maps the light levels
into a new range.

(3) Chromatic Aberrations: When the lens brings light
from the object to a focus in different image planes according
to its wavelength, image spots form in different focal lengths
from one wavelength to another, producing unwanted fringes
around high-contrast transitions. We correct this aberration
by decomposing the image into additive color components
and then reconstructing using the intensity values from 550
nanometer band. This band is picked by twice as many
detectors in most single-chip digital image sensors and achieve
higher luminance resolution than chrominance resolution, it
therefore suffers the least from chromatic aberration.

(4) Keystone: Keystoning is a perspective distortion re-
sulting from the imaging sensor not being perfectly parallel
or centered to the lens. In cameras with mechanical image
stabilization imaging sensor moves with respect to the lens;
this feature it must be disabled.

h(v) = round

(
cdf(v)− cdfmin

(M ×N)− cdfmin
× (L− 1)

)
(1)

VII. OPTICAL SETUP
Our system consists of a single 2-megapixel digital monoc-

ular camera with removable compound lens and a 4 × 4mm
QFN footprint three-axis accelerometer to which the camera
might be attached or vice versa, or it may be embedded in
the camera by default (as it is the case in most cameras
today). Accelerometer is sensitive to +3g/-3g (Formula-1 grade
accelerations), designed to survive 10000g and has an update
rate of 1.6 kHz at 2.3e4 g/sq(Hz). We chose two lenses
most representative of the tactical vest application; TESSAR:
a f = 3.7mm − ∞, f/2.0, 75oFOV monocular varifocal
Tessar derivative, one of the best short focus designs with
virtually no distortion. And, SONNAR: a f = 6.0mm −
∞, f/1.8, 85oFOV monocular fixed Sonnar/Ernostar deriva-
tive; a rather bad case of distortion due to fast aperture it
offers. Our optical combination exhibits all parameters of lens
distortion and can be used to emulate all monocular calibration
issues. Tessar is a well known compact photographic lens
frequently found in mid-range cameras. It is a four-element
design; a plano-convex crown glass element at the front (3×
power of the whole lens), a biconcave element, a plano-
concave element and a biconvex element (glued to previous
element). Tessar allows a maximum aperture of f/6.3 and
provides more contrast than many competing lens designs due
to the limited number of air-to-glass surfaces. This makes it
an ideal candidate for machine vision applications.

Sonnar lenses have more aberrations, but with fewer glass-
to-air surfaces they offer better contrast and less flare. This
lens is always slightly telephoto because of its powerful front
positive elements. Sonnar is a newer design than Tessar and its
faster aperture and lower chromatic aberration were significant



Fig. 2. Our system integrates body accelerations and correlate the result with
perceived velocity.

improvements, as well as the excellent sharpness. Sonnar
lenses are typically found in surveillance cameras due to
nice ranging features they offer. It is a five element design;
a plano-convexelement at the front, a plano-convex element
(less magnification than the first), a semi-biconcave element,
a plano-concave element and a biconvex element.

VIII. ALGORITHM APPROACH
There are four ways to go about calibrating a camera:
• calibrate the camera to another calibrated camera (ex-

change intrinsic parameters)
• calibrate the camera to a calibration wand (using extrin-

sic parameters and perspective transformation of a few
control points, calculate intrinsic parameters)

• calibrate the camera to extrinsic-coupled laser range
finder readings [13] (correlate control points with laser
data to form a calibration wand, calculate intrinsic pa-
rameters)

• calibrate n−ocular cameras to disparity [5] (with rigid
coupled extrinsic parameters, exploit disparity in between
two or more cameras to gather n-view control points
of correspondence, then calculate or estimate intrinsic
parameters)

Our goal is determining how we can accomplish autocal-
ibration when conditions are not favorable for any of these
methods; a calibrated camera, calibration wand, a proximity
sensor, or a binocular/trinocular etc. optical setup is unavail-
able. In other words we assume each and every of those
methods is missing one or more degrees of freedom. Since
disparity/correspondence do not apply to monocular camera,
calibration-wand based approach makes a good starting point,
that is to say in the absence of a physical calibration wand
we should look for ways to mimic one as possible, without
modifications to the scenery. This is possible by estimating a
control volume depth from camera dynamics. Our algorithms
accomplished this in the following steps:

1) Expect random camera movement and integrate inertial
readings. Movement cannot be faster than shutter speed,
and there should be enough light for timely exposure.

2) Automatically pick a cloud of feature points.
3) Obtain perceived translation from optical flow of the

cloud.

4) Attempt to fit a calibration wand to flow field via Radon
transform and obtain an artificial control volume.

5) Estimate depth of the control volume.
6) Seek lines around the control volume and estimate radial

distortion via Hough transform.
7) Calibrate via MDLT.
Camera dynamic model is shown in equation 2 where

q((ωR + ΩR)∆t) is the orientation quaternion defined by the
angle-axis rotation, with constant velocity and constant angular
velocity.

fv =

 rWnew
qWR
new

vWnew
ωR
new

 =

 rW + (vW + VW )∆t
qWRxq((ωR + ΩR)∆t)

vW + VW

ωR + ΩR

 (2)

We assume a single force impulse is applied to the rigid
shape of the body carrying the camera, hence producing
correlated changes in velocity:

n =

(
VW

ΩR

)
=

(
aW ∆t
αR∆t

)
(3)

We start calibration definition with the camera matrix which
describes the perspective transformation:

~Xc = A ~Xw (4)

Where ~Xc is a three element column vector containing
of the camera space 3D coordinates xc, yc, and zc, A is a
3 × 4 camera matrix and ~Xw is a 4 element column vector
containing real world coordinates of a point xw, yw, zw. The
relation in between the world coordinate frame and the camera
coordinate frame can be described as sm′ = A[R|t]M ′,
elaborating it denotes the following:

s

[
u
v
1

]
=

[
fx 0 cx
0 fy cy
0 0 1

][
r11 r12 r13 t1
r21 r22 r21 t2
r31 r32 r33 t3

] X
Y
Z
1


(5)

...where u and v of m′ represent the pixel locations of a pro-
jected point, fx, fy , cx and cy of A are calibration parameters,
and [R|t] is the unified rotation and translation matrix. Camera
matrix has six degrees of freedom (if considered as a projective
element one degree of freedom related to scalar multiplication
must be subtracted leaving five degrees of freedom). Rotation
matrix and the translation vector have three degrees of freedom
each. If the camera translates on reasonably flat plane such that
Z ≈ 0 we express the pixel locations of real world features
in terms of focal length and the x and y world coordinates as
follows:

u = fx ∗ (x/z) + cx (6)

v = fy ∗ (y/z) + cy (7)

...where x′ = x/z and y′ = y/z, derived from the
transformation: [

x
y
z

]
= R

[
X
Y
Z

]
+ t (8)



Fig. 3. The device is an opportunistic calibrator and will constantly monitor
dominant planes.

The scaling factor s is a point of articulation that relates
a camera to the reality. This factor is missing in monocular
cameras, and without this degree of freedom (or equivalent
aid), accurate and repeatable autocalibration becomes impos-
sible. To determine s we use camera inertial measurements
and Scheimpflung principle.

We then include lens distortion in our model using the
Brown equations 9 and 10 [1]:

x
′′

= x
′
(1+k1r

2+k2r
4+k3r

6)+2p1x
′y′+p2(r2+2x

′2) (9)

y
′′

= y
′
(1+k1r

2+k2r
4+k3r

6)+p1(r2+2y
′2)+2p2x

′y′ (10)

where x” & y” represent the rectified coordinates, x
′

& y
′

are distorted coordinates, k and p ae coefficients for radial
and tangential distortion. The r2 = x2 + y2 for a radial lens
element. For a Tessar lens tangential distortion is zero, and
one can approximate the k series to the first two coefficients
of the Taylor’s series. Image plane pixel locations then with
lens distortions corrected become uradial = fxx

′′
+ cx and

vradial = fyy
′′

+ cx.

A. Algorithm Organization
Our algorithm is composed of multiple sub-algorithms

(boxes) written in C++ and designed to make use of hardware
acceleration. This is illustrated in fig. 4. Boxes 1, 2 and 3 are
responsible for detecting and correcting optically radial, pin-
cushion, and tangential distortions. Five coefficient adoption
of Brown model is used to represent distortion [1]. This part
of the algorithm needs two pieces of information to work,
a camera matrix and a distortion vector. It can obtain these
from two sources, (1) a calibration wand during pre-mission
calibration and (2), straight lines in the environment and box-
5. Radial lenses, even distorting ones, have a property which
we exploit; radial distortion cannot occur at the optic centers
of a camera. It proportionally increases with the distance
from optical centers on the image plane. Straight lines in real
world will still appear straight if they coincide with the optic
center; observe this in fig. 5. Therefore if we could capture a
straight line passing cx, cy using Radon transform or similar,

Fig. 4. Tactical Vest Algorithmic Boxes: (1) fits articulating lines on strong
image edges, (2) estimates lens distortions for (3) to correct them, (4) detects
scale invariant features, (5) measures optical flow, (6) fits planes into optical
flow, (7) estimates motion directions, (8, 9, 10) modify intrinsic camera
parameters to calibrate using n-dimensional virtual worlds.

in presence of distortion, we expect this line to curve up and
become undetectable to the transform when the camera is
moved sideways. Conversely, if there is no distortion the line
should travel along the image plane and exit from any edge
without flickering or disappearing before reaching the edge.

Linear Radon Transform is used to detect straight lines
occurring in the image (box-1). A line is of form y = mx+ b
is represented as image points (x1, y1), (x2, y2) on an image
plane, but when that is transformed into Radon plane a line
is now represented in terms of a point in polar coordinates
(r, θ). These appear as bright spots on the Radon plane, that
can be, with back-projection, converted into line equations and
drawn onto an image plane. Radon Transform is not limited
to lines; it can extract any shape which can be represented by
a set of parameters. For example, a circle can transform into a
set of two parameters (m, r), where each circle is voting for
a parallelogram in Radon Plane. A plane can transform into
a normal vector n (spherical coordinates) and distance from
the origin ρ where each point in the input data is voting for a
sinusoidal surface in Radon Space. We make opportunistic use
of this method at boxes 1 and 6; lines are searched until one
or more that are sufficiently long and coincide with the optic
centers are found. If found we break the line into many smaller
segments of equal size such that segments are small enough to
trick the Radon Transform into believing they are still lines.
Each segment is connected to the neighboring segment with
a virtual hinge, thus forming a Radon-Snake. Radon-Snake
can be defined as G = [V,E]; a line-graph of n vertices and
n − 1 connecting edges. It is an adaptive line that can bend
and linearly approximate curves. The snake looks like in Fig.
5. The vertices V that are viscera (V1...n−1 ⊂ V0...n) each
contain an angle parameter φn, which defines at what angle the
two edges coming out of it intersect. Iff, ∀φn = 0⇔ we have
a straight line. If not, the amount of curvature is determined
from the vertices and cross validated with the position on
image plane to estimate radial distortion parameters. A reverse
distortion is then created to re-map lens-distorted points onto
a flat image plane. For radial distortion, pincushion distortion
is the mathematical reverse, vice versa being also true.

Boxes 4, 5, 6 and 7 are responsible for interfacing with



Fig. 5. All these four images have been taken with the same distorting
Sonnar lens. Compare the ceiling line in A and C; the same line that appears
straight in A because it passes very close to optic centers is very distorted in
C because it is near the edge. Radon Transform on image A that detected this
line would lose track of it in C. However if such distorting lines are to be
broken into many segments such as shown in B, they can linearly approximate
curves. In D, we see the same image in C, but corrected for radial distortion
with the help of Radon Snake in B.

the accelerometer and measure extrinsic camera parameters.
They also receive rectified video from the box-3 and further
processes it to measure the perceived camera velocity [2],
[3]. Box-7 detects whether detected features are moving along
detected lines to estimate camera motion in structured envi-
ronments, and uses parasitic static acceleration from gravity
for tilt compensation. The inherent relationship in between
perceived velocity of a camera and that of its time variant
extrinsic parameters is the key factor in calibrating on-the-fly
and this information is exclusively used by boxes 8, 9 and 10.

Boxes 1, 2 and 3, versus boxes 4 through 10 make use
of parallel computing and execute on separate processors
simultaneously, while performing interprocess synchronization
in between video and body measurements. Therefore once
body rates are received the corresponding video frames are
searched for dominant planes. A dominant plane, as shown
on fig. 6, is a planar surface that is textured, cluttered, or
otherwise rough enough to attract the feature detector of box-
4. It can be populated with many points; the algorithm has
no control over how many points are available but it can
adaptively adjust its threshold to be more or less sensitive
for detecting them. Planes in real world behave in calculated
ways on an image plane. Box-6 exploits this to fit virtual
planes into video shown in fig. 9 using Radon Transform,
as well as techniques mentioned in [16]. When the camera is
moving linear to the side the points will move in the opposite
direction and have perceived velocity inversely proportional
to depth. When camera is rotating points will move in the
opposite direction and have perceived velocity proportional
to depth. When camera is moving along optic axis points
follow vanishing perspective lines. accelerometer data tells us
if the camera is sidestepping, rotating, or moving forwards
- something impossible to discern from video alone due to
deceptive nature of photometric effects.

Fig. 6. Dominant Plane detection, fitting, morphing, and render on live video.

Fig. 7. Unfavorable image conditions that prevent successful autocalibration.

Boxes 1 through 7 are opportunistic; they always run in
the background but only supply new calibration information
to boxes 8, 9 and 10 when such information is potentially
available. Despite the volume of information collected only
information that behaves properly will be considered (i.e.
planes) and finding them is often challenged by defects in
video (fig. 7). Chances of finding dominant planes increases
in urban environments and office-like indoors. It decreases
out in the country where environmental composition is not
geometric, but it works whenever flat ground is available.

Boxes 7, 8 and 9 comprise a powerful abstraction tool that is
capable of calculating the eventual real effects of alternative
conditions and courses of action taken with many different
monocular camera and lens combinations. It is a three step
procedure consisting of acquisition, mapping, and calibra-
tion. All camera and world parameters enter this section, and
time variant calibration is monitored. These parameters fall
into the following categories, (1) a Virtual Camera (an ideal
camera with an ideal lens), (2) a Virtual World (encapsulating
the Virtual Camera) and (3) a Real World (optical world as
seen through some real lens of a real camera).

B. Acquisition
Box-8 concept can best be described as likened to that of a

dynamic orthotope; an n-dimensional quadrilateral. (Fig. 8). It
is the mathematical generalization for 3D volumes into higher
dimensions in terms of Cartesian product of intervals (quadri-
lateral analogue of a Klein bottle). It can be imagined as a
zero-volume, one-sided, non-orientable, boundary-free convex
skeletal geometric shape. It consists of groups of opposite
parallel line segments aligned in each dimension of the n



spaces, perpendicular to each other. The first three dimensions
the system uses to represent the world. A virtual world with a
virtual camera of its own (i.e., the fourth dimension) is folded
onto the real counterpart based on the information available
to box-8, be that a model or real-world measurements.

This virtual dimension is also capable to project itself
onto an n-sphere; a compact, simply-connected, n-dimensional
manifold without boundaries (Fig. 8). What this means, loosely
speaking, is that any circular path on this dimension can
be continuously shrunk to a point without ever leaving the
surface; a property of lenses. This way box-8 can replicate
the surface of any lens and project the virtual world as such.
In the domain of boxes 8, 9 and 10 the world is projection of
the camera, not vice versa. Virtual camera is always ideal (i.e.,
the virtual image plane is representative); it is the virtual world
that has (simulated) anomalies in it, such as distortions. This is
analogous to shooting with color film in a monochrome world;
the film will develop monochrome and it is impossible to tell
the real world had the anomaly, not the film. Similarly, the
virtual world is a hyperplane of anomalies where for example,
lines can indeed be curved based on distortion parameters and
the virtual camera simply captures that as it is. A drawn on
this virtual world could have sum of internal angles different
than 180 (hypertriangle). Brought into the real would this
triangle would be geometrically correct again, but this time
the real camera would picture it like the way it appears in the
virtual world. Pieces of information required for proper setting
of this theme consist of a video of the real world (supplied
by vest camera), camera extrinsic matrix with at least one
dominant plane in it (supplied by box-6), and a distortion
vector (supplied by box-2).

C. Mapping
Box-8 will map the virtual world onto a video frame

provided externally from a real camera. Initially this mapping
can occur without the knowledge of real world. By default it
is going to map a virtual world onto the reality free of any
anomalies, and it will expect that assumption to be challenged
by external information. If the real camera indeed had a non-
distorting lens that initial assumption would be the 1 : 1
mapping but usually this is not the case. Some transformations
of the virtual world often take place during mapping in which
the virtual world is be distorted to conform to the real one.

Once mapping is complete, virtual calibration objects
(checker-boards) are generated and rendered directly on the
video stream. These objects stick to dominant planes as
reported by box-6 while they assume the exact same affine
transformations that the virtual world once underwent during
acquisition. They will thus appear as if they came through
the lens of the real camera assuming any distortions that lens
originally had - but in reality they will have happened after
the lens thus bypassing it. This is the crux of our proposal; we
simulate calibration objects by rendering them directly into the
video signal of a camera, leading the calibration algorithm to
believe it is really looking at one. Any conventional calibration
procedure can then be undertaken and the camera can be
calibrated on-the-fly.

The virtual calibration object is not visible to the end-user
of the camera, but we show it in fig. 9 for illustration of
how it operates. Our algorithm has precise control over the
calibration object. It can be one, two, or three dimensional.
(2D most common). It can have as many virtual 3D points as

Fig. 8. Abstract representation of the virtual-world concept. Left: Linear-
Scaled Virtual World. Right: Radial-Distorted Virtual World. Distortions of
several orders may be combined to replicate any possible lens distortion.
Virtual world is capable of simulating impossible lens distortions as well.

the dominant plane provided along with the extrinsic matrix.
It can be oriented with three positions and three rotations. It
can be distorted with five coefficients. There is no upper limit
how many calibration objects can be fitted into a single camera
view besides practical considerations.

D. Calibration

Box-10 calculates a floating-point intrinsic matrix from
several views of a virtual calibration object created by box-8
and measured by box-9. It accepts a vector of vectors of virtual
3D points (one vector per view of the virtual calibration object,
often one per dominant plane). It is possible to use single
vector and calibrate multiple times with it, however this is not
recommended due to the additive nature of camera noise. It is
better to try as many vectors as possible, even if some were
partially occluded patterns. Some or all of the intrinsic matrix
must be initialized before this step (pre-mission calibration
can be used). If not, the principal point (optic-centers) will
be calculated from aspect ratio and resolution. Based on
that the focal lengths will be estimated via least-squares.
Intrinsic camera parameters are then estimated for each virtual
calibration object based on the virtual 3D coordinates and
their corresponding 2D projections on the image plane. The
procedure is as follows:

(1) Guess initial intrinsic matrix (or from previous cali-
bration). (2) Estimate initial camera pose as if the intrinsic
matrix has already been known. (3) Using the current estimates
run a global Levenberg-Marquardt optimization algorithm to
minimize reprojection error (sum of squared distances be-
tween the observed and projected virtual points). (4) Return
the new intrinsic matrix and average reprojection error. (5)
Using multivariate regression, compare the estimated intrinsic
matrix to previously stored values. (Time variant calibration
history starting from the pre-mission calibration are stored).
(6) Monitor deviation patterns in calibration by comparing
current calibration to the history of calibrations. (7) If camera
parameters are deviating slowly and gradually in time and
reprojection errors are very small, this is indicative of miscali-
bration. Therefore update the camera calibration with the latest
calibration parameters, and push latest calibration parameters
into a time-series. (8) If the reprojection error is high or there
is otherwise a big contrast in between latest calibration and
the history, discard latest calibration.



Fig. 9. Various stages of transformations of virtual calibration objects; feature
fitting, and calibration - with virtual and optical world matching each other.
Notice how the calibration object (i.e., virtual world) accurately replicates
lens distortions.

Fig. 10. Autocalibration time-series convergence. Vertical values in pixels.
Ground truths are provided as flat lines.

IX. CONCLUSIONS
Monocular cameras do offer reliable n-view geometry like

their binocular, trinocular, or n-ocular counterparts. They have
to generate their own essential degree of freedom into the
world of depth in a best effort approach. The algorithmic
procedures we have developed in this study are opportunistic
approaches that accomplish this demanding task. Our results
are conclusive that on-the-fly autocalibration of a fixed lens
fixed focus monocular camera is feasible, despite compelling
environmental determinants, as long as camera structural
integrity is not compromised. Using a 2.4 GHz dual-core
computer and 320× 240 video we have been able to maintain
calibration at a rate up to 15Hz while exposing the camera
to random environmental hostilities in statistically controlled
experiments. The performance of our methodology is dramat-
ically coupled with the available clutter in the environment.
The more of this clutter has spatially related clusters in it,
the more opportunities will rise to find a dominant plane and
fit virtual calibration objects into it. We have discovered that,
while many environmental determinants affect the calibration
of a camera, most of them are transient in nature and the
device rapidly returns to normal values once the disturbances
are removed.
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Fig. 11. Autocalibration time-series for average reprojection error. Vertical
values in pixels. Second-order regressions are provided. The reprojection error
is an indication of mismatch in between the virtual world and the real one.
If it is behaving like in this graph, it is indicating a miscalibration trend of
some sort, for instance it could be due to increasing temperature.
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