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Abstract

Effective integration of vision and inertial sensing can be used to overcome the classical issue of inertial divergence in
inertial systems over time. However, for such integration, two types of calibration need to be performed, namely, (a) cal-
ibration to estimate the intrinsic properties of the vision cameras, such as the focal length and lens distortion parameters,
and (b) determination of the transformation between the camera and the inertial system. While there are a variety of
approaches to calibrate a camera optically, only a few accomplishments have been reported on calibration of cameras with
inertial systems. Even the latter ones have been developed under indoor conditions. Calibration of a two sensor system
under indoor conditions does not provide an appropriate and practical transformation for use in outdoor maneuvers
due to invariable differences between outdoor and indoor conditions. Also, use of custom calibration objects in outdoor
operational conditions is not feasible due to larger field of view that requires relatively large calibration object sizes. Hence
calibration becomes a critical issue particularly if the integrated system is used in Intelligent Transportation Systems appli-
cations. In such cases it is essential that the two sensor system be calibrated in an outdoor setting in the final configuration
of the vehicle. This paper introduces a calibration technique to determine the optimized transformation between the iner-
tial and vision sensor systems in an outdoor setting. The derived intrinsic properties and the transformation between indi-
vidual sensors are verified during two separate test runs on a section of an actual roadway. Finally, on a third roadway
section the inertial and converted vision data are successfully compared with data from a manual survey performed.
� 2007 Published by Elsevier Ltd.
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1. Introduction

Error growth in the measurements of inertial systems is a major issue that limits the accuracy of inertial
navigational systems. However, due to the high accuracy associated with inertial systems in short term appli-
cations, many techniques such as Differential Global Positioning Systems (DGPS), camera (vision) sensors etc.
have been experimented by researchers to be used in conjunction with inertial systems and overcome the error
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growth in long-term applications. A breakthrough in Intelligent Transportation Systems (ITS) and Mobile
Mapping Technology (Cramer, 2005) was made when the Global Positioning System (GPS) and the Inertial
Navigation System (INS) was successfully integrated using a Kalman filter. This integration has been achieved
in different integration architectures (Wei and Schwarz, 1990) and applied widely since it addresses the above
mentioned error accumulation in Inertial Measurement Unit (IMU). With the improved accuracies achieved
from the differential correction of GPS signal and elimination of the Selective Availability, a variety of prom-
ising research endeavors in INS/GPS integration technology have sprung up. Yet, a vulnerability of the INS/
GPS system lies in the fact that it solely relies on the GPS signal to correct the position and attitude estimation
of the vehicle in the longer run. Therefore, INS/GPS integration system fails to provide a sufficiently accurate
continuous output in the presence of GPS outages either in urban canyons or locations where communication
is hindered (Feng and Law, 2002).

To overcome this issue in real-time navigation, researchers have attempted various alternatives; develop-
ment of highway infrastructure and Automated Highway Systems (AHS) with embedded magnetic markers
(Farrell and Barth, 2002) and vehicles with devices that can locate these markers. Although the combination
of AHS with ITS would provide more reliable measurements, improvement of infrastructure is costly. Hence,
alternative means of position location with wireless or mobile phone networks (Zhao, 2000) that preclude the
need for upgrading the highway infrastructure, have also been explored. At the same time, use of mobile
phone networks or any signal-based locating systems have the disadvantage of possible signal outages and
blockages which cause system failure. Even when the signal is available the vehicle location estimation accu-
racy is limited since mobile network base stations have a 50–100 m error band. Therefore, the use of primary
vehicle-based, and external signal-independent systems are vital to reliable position and orientation estimation
in all types of terrain.

On the other hand, due to the advances in computer vision, potentially promising studies that involve vision
sensing are being carried out in the areas of Intelligent Transport Systems (ITS) and Automatic Highway Sys-
tems (AHS). The most common applications of vision systems include detection of obstacles such as pedestri-
ans crossing a roadway, sudden movement of other vehicles (Kumar et al., 2005; Sun et al., 2004; Franke and
Heinrich, 2002) and vehicle maneuvers such as lane changing (Dellaert and Thorpe, 1997; Sotelo et al., 2004;
Li and Leung, 2004) The objective of these applications is to first track the surrounding area for moving
objects or vehicles by processing images and using computer vision techniques. Once a moving object is
located, the movement of the object is tracked using an extended Kalman filter or Bayesian filter in order
to avoid collision. In addition, (Sotelo et al., 2004) used vision measurements to track the lane markings
and other vehicles traveling in the vicinity. For this purpose, they used image processing techniques such as
segmentation, with a second order polynomial function, to approximate the road geometry. This development
made it possible to identify the position of the vehicle with respect to the pavement boundaries. In addition,
researchers have experimented combining inertial sensors with vision sensors, in navigation. Most common
application of this type of combination has been in an indoor environment (Diel, 2005) where a vision sensor
is used to identify a landmark and perform the navigation task accordingly. Integration of measurements from
inertial sensors and vision sensors using an infra-red camera has been used in landing of an unmanned aerial
vehicle onto a ship using the smoke-stack of the ship as a landmark (Hespanha et al., 2004).

As more and more studies are being conducted in integrating inertial and vision sensors, one of the crucial
issues faced by researchers is the appropriate calibration of the inertial sensor with the vision sensor. Whether
the application that the integrated system is intended for use is indoors (e.g. indoor robot navigation) or out-
doors (e.g. vision aided inertial navigation of a vehicle) accurate calibration becomes critical. This is because,
for successful integration of vision and inertial data, the mathematical relationship (transformation) between
these two measurement systems must be determined accurately. In spite of its vitality in implementing the inte-
gration mechanism, only limited literature is available on reports of successful calibration. The initial ground-
work to estimate the relative position and orientation (pose) of two independent systems with separate
coordinate frames was laid, in the form of a mathematical formulation, in (Horn, 1987). Horn (Horn,
1987) used unit quaternions in obtaining a closed-form solution for the absolute orientation between two dif-
ferent coordinate frames by using three non-collinear points.

In extending this work to the calibration of inertial and vision sensor integrated systems, (Alves et al., 2003)
describe a procedure that can be used in indoor settings where both inertial and vision sensors are fixed to a
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pendulum. The approach used in (Alves et al., 2003) is applicable in determining the relative pose between the
two sensors when both of them sense vertical quantities, i.e. when the inertial sensor measures accelerations
due to gravity and the vision sensor captures images with predominantly vertical edges. This idea was further
extended in (Lang and Pinz, 2005) to incorporate measurements in any desired direction without constraining
the measurements to the vertical direction. The relevant calibration was also performed in an indoor setting in
a controlled environment and simulated using MATLAB. In addition, (Foxlin and Naimark, 2003) used a spe-
cially constructed calibration rig and a stand to estimate the relative pose between inertial and vision sensors.

All the work reported to-date on the calibration of relative pose of inertial and vision sensors have been
performed under indoor conditions which would be adequate for indoor uses of the integrated systems.
But in Intelligent Transportation System (ITS) applications, calibration must be performed outdoors due
to the widely varying and more rigorous geo-positioning demands of outdoor conditions. These include fluc-
tuating ambient lighting and temperature conditions, uncontrollable vibrations due to vehicle dynamics and
roadway roughness and humidity changes etc.. This paper outlines (a) a novel outdoor calibration procedure
for the relative pose between fixed inertial and vision sensors (b) modifying the pose estimation algorithm
which was used in Alves et al. (2003) and Lang and Pinz (2005) to incorporate the orientation measurements
and (c) the application of the derived transformation between the inertial and vision sensors to an ITS-related
validation study.
2. Multi-purpose survey vehicle (MPSV)

The sensor data for this exercise was collected using a survey vehicle owned by the Florida Department of
Transportation (FDOT) (Fig. 1) that is equipped with a navigational grade IMU and a DVC1030C monoc-
ular vision sensor. The original installation of sensors in this vehicle allows almost no freedom for adjustment
of the sensors, which underscores the need for an initial calibration.

The navigational grade IMU installed in the above vehicle (Fig. 1) was assembled by Applanix Corp., Tor-
onto, Canada and installed by International Cybernetics Cooperation (ICC) of Largo, FL. It contains three
solid state fiber-optic gyroscopes and three solid state silicon accelerometers that measure instantaneous accel-
erations and rates of rotation in three perpendicular directions. The IMU data is logged at any frequency in
the range of 1–200 Hz. FDOT survey vehicle is also equipped with an INS/DGPS integrated system designed
to overcome the issue of error growth and measure the vehicle’s spatial location and the orientation at any
given instant. The integration of the INS and the DGPS system is achieved using a Kalman filtering based
statistical optimization algorithm which minimizes the long term error involved in the position prediction
(Scherzinger, 2000). It also includes a computer that facilitates the navigation solution through its interaction
with the DGPS unit. The block configuration of the GPS/IMU system is shown in Fig. 2.

On the other hand, the FDOT survey vehicle also uses two high resolution (1300 · 1030) digital area-scan
cameras for front-view and side-view imaging at a rate up to 11 frames per second. This enables capturing of
digital images up to an operating speed of 60 mph. The front-view camera with a 16.5 mm nominal focal
length lens captures the panoramic view which includes pavement markings, number of lanes, roadway
Fig. 1. FDOT-multi purpose survey vehicle.



Fig. 2. Block diagram of the GPS/IMU system in the survey vehicle.

258 D.I.B. Randeniya et al. / Transportation Research Part C 16 (2008) 255–274
signing, work zones, traffic control and monitoring devices and other structures. Meanwhile, the side-view
camera which uses a 25 mm nominal focal length lens is used to record right-of-way signs, street signs, bridge
identification and miscellaneous safety features. The cameras also utilize a 2/3 in. progressive scan interline
Charge Coupled Device (CCD) sensor with a Bayer filter to minimize the resolution loss.

3. Estimation of pose from vision

Pose from the vision sensor is obtained by the structure from motion (SFM) algorithm introduced by (Tay-
lor and Kriegman, 1995) (Appendix A) which utilizes comparison of straight line features of a scene. The
straight line features of any given image can be extracted using the Canny edge detector (Canny, 1986) and
the correspondence of lines in a sequence of images is identified manually. Based on the literature review, this
appears to be one of the first experiments to be performed outdoors to calibrate a two sensor system. There-
fore, feature correspondence was performed in this work on a manual basis and efforts to automate this task
will be sought as the research progresses. This method can be implemented more conveniently on highway
travel because at highway speeds, the correspondence of line features in a sequence of images can be achieved
easily and more accurately than the correspondence of point features (Taylor and Kriegman, 1995). The
important mathematical concepts used in vision–inertial transformation will be discussed in Section 5.

4. Quaternion representation of rotation

A quaternion can be used to represent the rotation of an object using four parameters with three of them
associated with a regular position vector and the other representing the angle of rotation as follows:
q ¼ qw þ qxiþ qyjþ qzk; ð1Þ
where qw defines the angle of rotation, qx, qy and qz are the projections of the position vector along i, j, k direc-
tions, respectively. The conventional Directional Cosine Matrix (DCM) of a vector can be derived in the qua-
ternion space as follows (Titterton and Weston, 1997):
DCM ¼
ðq2

w þ q2
x � q2

y � q2
z Þ 2ðqxqy � qzqwÞ 2ðqxqz � qyqwÞ

2ðqxqy þ qzqwÞ ðq2
w þ q2

y � q2
x � q2

z Þ 2ðqyqz � qxqwÞ
2ðqxqz � qyqwÞ 2ðqyqz þ qxqwÞ ðq2

w þ q2
z � q2

x � q2
yÞ

2
64

3
75: ð2Þ
Formulation of the quaternion-based DCM (2) using known Euler angles and the inverse operation of obtain-
ing the respective Euler angles using a known quaternion DCM can both be performed conveniently (Titterton
and Weston, 1997; Shoemake, 1985). In this paper the quaternion representation is used to interpolate be-
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tween two rotations and estimate the orientation from a sequence of images (Taylor and Kriegman, 1995). The
main reasons for this choice are the complexities introduced by the Euler angles in interpolation and the ability
of the quaternion method to eliminate the Gimbal-lock a phenomenon, arising from the misalignment of
gimbals.
5. Calibration methodology

The following two types of calibrations are addressed in this paper, as a prelude to fusion of vision data to
inertial data.

• Calibration of the camera for intrinsic properties.
• Determine the unique mathematical transformation between the inertial and vision sensor measurements.

Fig. 3 illustrates the procedure to determine the optimized transformation between the inertial and vision
sensors. The procedure for obtaining the transformation is described below.

The calibration process involves estimating the pose of systems, inertial and vision, at designated locations.
These locations can be marked on the pavement (Fig. 4) by special reflective tapes placed at known distance
Fig. 3. Steps involved in estimating the transformation between the two sensor systems.



Fig. 4. Measurement points marked on the pavement by reflective tapes.
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intervals. The FDOT survey vehicle is equipped with a triggering system that is activated to record an event on
all the measurement systems when the latter encounters these tapes. Therefore, the pose measured by the IMU
at the exact tape location can be captured. Also, since the markings are identified on the pavement, it is pos-
sible to evaluate the pose from a manual survey at these locations which would be helpful in the verification of
the accuracy of the transformation.

However, capture of images cannot be triggered by the above events (reflective tapes) and hence invari-
ably there will be a time offset between the event positions and the image recording positions as illustrated
in Fig. 5. Although, the vision system is capable of capturing images at 11 frames per second the images
can only be saved at a maximum frequency of 6 frames per second due to the limitations in hardware. This
incompatibility produces a data mismatch within a few feet from any location where the two sets of readings
are matched. This problem can be addressed by interpolating the pose estimation obtained by the images.
Since it is more accurate to interpolate pose estimations in the quaternion space (Shoemake, 1985), spherical
linear interpolation (SLERP) is used to predict the pose of the marked locations with respect to the camera.
This is possible since the images also depict the location of tapes even though the camera cannot be trig-
gered by them. The quaternion at any intermediate point can be expressed by the following (SLERP equa-
tion) as
SLERPðq1; q2; tÞ ¼
sinðð1� tÞhÞ

sinðhÞ q1 þ
sinðthÞ
sinðhÞ q2;

cosðhÞ ¼ q1:q2;

ð3Þ
where q1 and q2 are the known quaternions at the extremes, h is the angle between the two quaternions and t is
any scalar parameter such as time that relates the extremes and intermediate points.
Fig. 5. Illustration of the coincidence of IMU and survey measurement points and the offset of image measurements.
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5.1. Theoretical aspects of the camera calibration for intrinsic properties

Estimation of the intrinsic properties of the camera is vital since they are used in determining the pose from
the vision system. Due to the restrictions imposed by field of view of the vision system, custom made calibra-
tion targets cannot be used in estimating intrinsic properties. Furthermore, estimation of the distortion param-
eters is vital in improving the image clarity and also in obtaining accurate estimates of feature points. Intrinsic
properties of the camera involve six parameters; focal length, scale factor, radial distortion coefficients (two
unknowns for a second order approximation), and tangential distortion coefficients (two unknowns). In this
work the algorithm introduced by (Heikkila, 2000) is used to estimate the intrinsic properties of the camera.
The basic models used for the camera and the distortion parameters (Heikkila, 2000) are summarized below.

The perspective camera model which is used in homogeneous coordinate systems can be expressed as
u

v

1

2
64
3
75 ¼ F

X

Y

Z

1

2
6664

3
7775 ¼ P �M �

X

Y

Z

1

2
6664

3
7775; ð4Þ
where the P matrix denotes the intrinsic properties, the M matrix denotes the extrinsic properties related to
rotation and transformation and F is the combination of P and M known as the perspective transformation
matrix. u and v are the measured pixel coordinates obtained from the image. P and M can be expressed as
P ¼
sf 0 u0 0

0 f v0 0

0 0 1 0

2
64

3
75;

M ¼
R T

0 1

� �
; ð5Þ
where s is the aspect ratio, f is the focal length and (u0,v0) are the coordinates of the principal point on the
image plane. R and T denote the rotational and translational matrices between the two frames, i.e. from
the camera frame to the global frame. The camera lens introduces non-linear distortions due to the fact that
the lens system is composed of several optical elements. Therefore, the perspective projection is insufficient for
accurate modeling without the incorporation of the magnitude of distortion. The distortion is divided into ra-
dial and tangential (de-centering) components. The second order radial distortion model used in this work can
be expressed as
Dr ¼
�udðk1r2

d þ k2r4
dÞ

�vdðk1r2
d þ k2r4

dÞ

" #
; ð6Þ
where k1, k2 are coefficients that express the radial distortion, �ud ¼ ud � u0, �vd ¼ vd � v0rd ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
�u2

d þ �v2
d

p
and

(ud,vd) are the distorted coordinates of any point of the image. Herein only the first two terms of the radial
distortion model (5) are considered due to their dominant role in describing the radial distortion and also
to avoid any numerical instability that would be caused by a more complicated model (Zhang, 2006).

Similarly the tangential distortion model is given as
Dt ¼
2p1�ud�vd þ p2ðr2

d þ 2�u2
dÞ

p1ðr2
d þ 2�v2

dÞ þ 2p2�ud�vd

" #
; ð7Þ
where p1, p2 are coefficients that express the tangential distortion. Therefore, the corrected coordinates of a
point (uc,vc) on the image can be expressed as
uc

vc

� �
¼

ud

vd

� �
þDr þDt: ð8Þ
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The process of estimating the intrinsic and extrinsic properties of the camera is initiated by forming the initial
P and F matrices from the nominal parameter values and the perspective model respectively. Using initial P, F

and the orthogonality constraint (RTR = I) of the rotation matrix, the initial M can be determined. Once the
initial estimates are available, the upgraded estimates of intrinsic parameters can be obtained by minimizing
the weighted sum of squares of error between the observations and the model.
5.2. Determination of the vision–inertial transformation

The unique transformation between the two sensor coordinate frames can be determined using a simple
optimization technique. In this work it is assumed that the two frames have the same origin but different ori-
entations. Hence the primary objective of this work is to estimate the unknown orientation difference between
two fixed sensor systems so that their orientation measurements could be transformed back and forth between
the two frames. on the other hand, the constant translation difference that exists between the two sensor sys-
tems due to their rigid fixity can be measured and incorporated easily in the transformation. First, the orien-
tation of the vehicle at a given position measured with respect to the inertial and vision systems are estimated.
Then an initial transformation can be obtained by combining these measurements. At the subsequent mea-
surement locations, this transformation is optimized by minimizing the total error between the transformed
vision data and the measured inertial data. The optimization produces the unique transformation between
the two sensors.

In extending the calibration procedures reported in (Alves et al., 2003; Lang and Pinz, 2005; Foxlin and
Naimark, 2003) modifications must be made to the calibration equations in (Alves et al., 2003; Lang and Pinz,
2005) to incorporate the orientation measurements, i.e. roll, pitch, and yaw, instead of 3D position coordi-
nates. The primary reason for this modification is that when performing the calibration under indoor condi-
tions, the coordinates of the feature points can be established easily. However under outdoor conditions,
verification of accurate coordinates will be a tedious task. The transformations between each pair of the
right-handed coordinate frames considered are illustrated in Fig. 6. In addition, the time-dependent transfor-
mations of each system relating the first and second time steps are also illustrated in Fig. 6. It is shown below
how the orientation transformation between the inertial and vision sensors (Rvi) can be determined by using
measurements which can easily be obtained at an outdoor setting.

In Fig. 6 OG, OI, and OV denote origins of global, inertial, and vision coordinate frames respectively. xk,
yk, and zk define the corresponding right handed 3D-axis system with k representing the respective coordinate
frames (i – inertial, v – vision, and g – global). Furthermore, the transformations from the global frame to the
inertial frame, global frame to the vision frame and inertial frame to the vision frame are defined respectively
as Rig, Rvg, and Rvi.

If Pg denotes the position vector measured in the global coordinate frame, the following equations can be
written considering the respective transformations between the global frame and both the inertial and the
vision frames:
Fig. 6. Three coordinate systems associated with the alignment procedure and the respective transformations.
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Pgðt1Þ ¼ Rigðt1ÞPiðt1Þ; ð9aÞ
Pgðt1Þ ¼ Rvgðt1ÞPvðt1Þ ð9bÞ
and considering the transformation between the inertial (OI) and vision systems (OV)
Piðt1Þ ¼ RviPvðt1Þ: ð10Þ
Substituting (9a) and (9b) into (10), the required transformation can be obtained as
Rvi ¼ R�1
igðt1ÞRvgðt1Þ: ð11Þ
Although the transformations between global–inertial and global–vision is time variant, the transformation
between the inertial system and the vision system (Rvi) is time invariant due to the fact that the vision and
inertial systems are rigidly fixed to the vehicle. Once the pose estimates for IMU and vision are obtained,
the corresponding rotation matrices (in the Euler form) can be formulated considering the rotation sequence
of ‘zyx’. Thus, (11) provides a simple method of determining the required transformation Rvi. Then the Euler
angles obtained from this step can be used in the optimization algorithm as initial angle estimates. These esti-
mates can then be optimized as illustrated in the ensuing section to obtain more accurate orientations between
x, y, and z axes of the two sensor coordinate frames.
5.3. Optimization of the vision–inertial transformation

If a, b, and c are the respective orientation differences between the axes of the inertial sensor frame and the
vision sensor frame, then the transformation Rvi can be explicitly represented in the Euler form by Rvi(a,b,c).
Using (11) the rotation matrix for the inertial system at anytime t 0 can be expressed as
R�igðt0Þ ¼ Rvgðt0ÞR
�1
vi ða; b; cÞ; ð12Þ
Rvg(t 0) can be determined from a sequence of images obtained using the algorithm provided in (Taylor and
Kriegman, 1995) and R�igðt0Þ can be estimated using (12) for any given set (a,b,c). on the other hand, Rig(t 0),
can also be determined directly from the IMU measurements. Then a non-linear error function (e) can be for-
mulated in the form
e2
pqða; b; cÞ ¼ ½ðRigðt0ÞÞpq � ðR

�
igðt0ÞÞpq�

2
; ð13Þ
where p (=1,2,3) and q (=1,2,3) are the row and column indices of the Rig matrix respectively. Therefore, the
sum of errors can be obtained as
E ¼
X

p

X
q

e2
pqða; b; cÞ: ð14Þ
Finally, the optimum a, b, and c can be estimated by minimizing (14)
min
a;b;c
fEg ¼ min

a;b;c

X
p

X
q

½ðRigÞpq � ðRigðt0ÞÞpq�
2

( )
: ð15Þ
Minimization can be achieved by gradient descent (16) as follows:
xi ¼ xi�1 � kE0ðxi�1Þ; ð16Þ
where xi and xi�1 are two consecutive set of orientations respectively while k is the step length and E 0(xi�1) is
the first derivative of E evaluated at xi�1;
E0ðxi�1Þ ¼
oEðxi�1Þ

oa
oEðxi�1Þ

ob
oEðxi�1Þ

oc

� �T

: ð17Þ
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Once the set of angles (a,b,c) corresponding to the minimum E in (15) is obtained, for time step t 0, the above
procedure can be repeated for a number of time steps t00, t000 etc. When it is verified that the set (a,b,c) is invari-
ant with time it can be used in building the unique transformation (Rvi) matrix between the two sensor
systems.

6. Experimental setup

The calibration data was collected on a test section on Eastbound State Road 26 in Florida. The total test
section was divided into three separate segments; one short run and two other relatively longer runs. on the
short segment, data from three measuring frames, i.e. survey, vision, and inertial, were collected. The two
longer sections were selected in such a way that they would include the typical geometric conditions encoun-
tered on a roadway, such as straight sections, horizontal curves and vertical curves. Data collected at the two
longer runs (1) Straight and (2) Horizontal curve on the State Road 26 was used for the validation purpose. A
typical road section used for data collection can be illustrated in Fig. 7. Since the manual survey is relatively
expensive and time and labor intensive, it was not performed in the longer segments. The longer segments were
demarcated so that there would be an adequate number of sample points in each of them.

6.1. Calibration for intrinsic properties

A 2D calibration target (Fig. 8) consisting of a pattern of circular control points was used to calibrate the
camera for its intrinsic properties discussed in Section 5.1. In order to evaluate the above six intrinsic prop-
erties an adequate number of circular data points was distributed on the target. These circles were setup to
Circular
curve

Lead-in

Transition curve 

Tangent

Straight

Fig. 7. Illustration of a typical test section, both straight and horizontal curve, used in data collection process.

Fig. 8. Calibration target with circular control points.
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have radii values of 1 cm and a suitable center to center spacing so that it is possible to use the algorithm in
Heikkila (2000) directly to determine the intrinsic parameters of the camera. Once the intrinsic parameters of
the camera are estimated they can be used to depict the distortion that occurs in the vision system by plotting
the distorted data against the original data.

The camera of the FDOT survey vehicle has a field of view of 55–65� and is mounted on the hood of the
vehicle, about 7.5 ft above the ground (Fig. 1). Therefore, it is impractical to position the target for the camera
to capture the target in its entirety. Thus, the images were captured in such a way that the target would occupy
the maximum practically possible area of the image.

6.2. Estimating the transformation between inertial sensor and vision sensor

Vision data was collected at all three test segments, one short segment and two relatively longer segments,
setting the image capturing distance interval to be 5 ft. This corresponds to the highest allowable data logging
frequency of the system under normal operating speeds. Meanwhile, the IMU frequency can be set as high as
200 Hz. Once the images are collected, the vision pose from these images can be estimated as discussed in Sec-
tion 3 and Appendix A. Pose from the inertial sensor is available in the desired format in the manufacturer’s
post-processing software, Applanix PosPAC. Due to the different data logging frequencies of the two sensor
systems and since the reflective tape cannot activate the vision system at the desired location, the pose esti-
mated from the vision system is interpolated to obtain the pose at the taped locations on the short segment,
(Fig. 4), using (3). The transformation illustrated in Section 5.2 was used to convert vision data, in terms of
roll, pitch and yaw, to the inertial frame, for comparison with actual inertial data. on the other hand, only the
measurements from vision and inertial systems were recorded on the longer segments. Since the data logging
frequency of the inertial sensor is much higher than that of the vision sensor, the data from the inertial sensor
was extracted at locations where vision data is available, for comparison with the converted vision data. Due
to the aforementioned reason image interpolation was not necessary on the longer segments and the high fre-
quency inertial measurements were extracted at every image capturing location.

The inertial and vision data collected on the longer test sections was used for the development and valida-
tion of the transformation described in Sections 5.2 and 5.3 while data from the short run, i.e. inertial, vision
and survey, was used to verify the transformation with the ground-truth.

In addition, the authors attempted to observe the effect of low-cost IMU measurements on the derived trans-
formation. This exercise was performed as a method of checking the robustness of the algorithm when the mea-
surements are corrupted significantly with noise. The low-cost IMU measurements are characteristically
different from those of the navigational grade IMU, which is installed in the FDOT MPSV, in that the noise
in the latter is less (Grewal et al., 2001; Shin, 2005; Kong, 2000). Also in a low-cost IMU, there is no precise
analog algorithm to integrate the measurements of gyroscopes and accelerometers (Shin, 2005; Randeniya
et al., 2007). This causes the low-cost IMU to have a higher rate of error accumulation and ultimately provide
erroneous position and orientation results even in short time intervals. on the other hand, the degradation of the
measurements of a low-cost IMU can be modeled using a first order model such that in Eq. (18) as
rlc
k ¼ rng

k þ wk; ð18Þ

where rng

k and rlc
k represent the navigational grade IMU measurement and low-cost IMU measurements respec-

tively at time k. And wk is a Gaussian random noise which represents the high noise associated with the low
cost IMU measurements.

6.3. Verification of the optimized vision–inertial transformation with survey measurements

Once the unique transformation between the two sensor systems is obtained, it can be verified by comparing
the predicted vehicle rotation maneuvers with those measured from a manual survey. Orientation of a series of
survey locations along the roadway can be estimated with respect to the first survey point. Since the orienta-
tions are measured with respect to the first point, a separate formulation is needed to estimate the transfor-
mation between the survey–inertial systems. This also can be done based on Fig. 6 by replacing the global
frame with the survey frame.
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If the transformation between two time steps in any of the frames (Fig. 6) is given as Rj(t1�t2) (j = i – inertial,
j = v – vision, and j = s – survey), then the position vector at the second step can be obtained as
Psðt1Þ ¼ Rsðt1�t2ÞPsðt2Þ: ð19aÞ
The transformations in the vision and inertial frames between the first and second time steps can be also ex-
pressed in a similar fashion as
Piðt1Þ ¼ Riðt1�t2ÞPiðt2Þ: ð19bÞ
By using (9a)
Psðt2Þ ¼ Risðt2ÞPiðt2Þ ð20Þ
(9a), (19a) and (20) can be combined to eliminate Pi(t1), Pi(t2), Ps(t1), and Ps(t2) to obtain the survey–inertial
frame for the second time step as
Risðt2Þ ¼ R�1
sðt1�t2ÞRisðt1ÞRiðt1�t2Þ: ð21Þ
Similarly, the vision–survey transformation can be deduced as
Rvsðt2Þ ¼ R�1
sðt1�t2ÞRisðt1ÞRiðt1�t2ÞRvðt1�t2ÞR

�1
vi ða; b; cÞ; ð22Þ
where Rvs(t2) is the transformed vision measurement to the survey frame at the time step t2. While Ri(t1�t2) and
Rv(t1�t2) can be obtained from vehicle kinematics, Rs(t1�t2) can be established based on surveying. Since the
vision measurements can be transformed to the inertial frame using (12) and then to the survey frame by using
(20), they can be compared with survey measurements to determine the accuracy of the estimated
transformation.
6.4. Verification with ground truth

Five intermediate points of the shorter segment spaced at 11.5 ft were demarcated and taped in such a way
that the vehicle would undergo translations in all three directions, and rotations about all three axes (roll,
pitch, and yaw) between each consecutive locations. The manual survey was performed using a total station
which could capture all the locations from one temporary benchmark. At each taped location, four separate
points in the cross section of the pavement, edge, center, and two points in between, were surveyed. Moreover,
at each of these points, total station measurements were repeated in order to eliminate any possible errors in
the line of collimation. By considering the first surveyed point as the reference, horizontal and vertical angles
between each pair of measurement points were estimated. From these measurements roll, pitch, and yaw of the
vehicle at all consequent measurement points could be estimated with respect to the first point. The above sur-
vey measurements were then compared with the transformed vision (22) and transformed inertial measure-
ments (21).
7. Results

7.1. Intrinsic properties of the camera

Table 1 summarizes the intrinsic properties for the vision system in the survey vehicle. Table 1 also shows
that there is in fact significant distortion occurring in the images in the radial and tangential forms. Also the
pixel coordinates of the principal point, scale factor, and focal length in Table 1 would be useful parameters in
the accurate estimation of pose from vision.

Fig. 9 shows the image of the calibration target shown in Fig. 8 in which the original input data points
(ud,vd) are darkened while the output from the distortion model, (Heikkila, 2000), (uc,vc) is shown as circles.
Fig. 9 clearly depicts the magnitude of the distortion in both the radial and tangential directions. Based on
Fig. 9 it can be concluded that the corrected data points match reasonably well with the corresponding loca-
tions on the target.



Table 1
Intrinsic parameters of the vision system

Intrinsic property Value

Focal length (mm) 24.53
Scale factor 0.79

Principal point X0 (pixels) 693.23
Y0 (pixels) 495.52

Radial distortion k1 (mm�2) �2.19 · 10�2

k2 (mm�4) 2.04 · 10�3

Tangential distortion T1 (mm�1) 1.16 · 10�2

T2 (mm�1) 2.38 · 10�3

Fig. 9. Comparison of original and the distorted data points from the model on the calibration target.

Table 2
Orientation difference between two sensor systems estimated at four locations

Initial angle Optimized angle

Point 1 Roll (rad) �0.00401 �0.03304
Pitch (rad) �0.00713 0.01108
Yaw (rad) 1.23723 �0.08258

Point 2 Roll (rad) �0.03101 �0.03304
Pitch (rad) �0.00541 0.01108
Yaw (rad) 1.34034 �0.08258

Point 3 Roll (rad) �0.01502 �0.03304
Pitch (rad) �0.00259 0.01108
Yaw (rad) 1.32766 �0.08258
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7.2. Transformation between inertial and vision sensors

Table 2 summarizes the optimized transformations obtained for the inertial–vision system. It shows the ini-
tial estimates used in the optimization algorithm (12) and the final optimized estimates obtained from the error
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minimization process at three separate test locations (corresponding to times t 0, t00 and t000). It is clear from
Table 2 that the optimization process converges to a unique (a,b,c) set irrespective of the initial estimates pro-
vided. Since the two sensor system is rigidly fixed to the vehicle, the inertial–vision transformation must be
unique. Therefore, the average of the optimized transformations can be considered as the unique transforma-
tion that exists between the two sensor systems.

7.3. Effects of IMU grade on transformation between inertial and vision sensors

In investigating the effect of a low-cost IMU, the authors used a range of variances for the added random
noise (Eq. (18)) to estimate the effects of that noise on the IMU measurements. The range of variances was
selected based on typical values published in the literature (Navsys, 2007). The corresponding results are given
in Table 3.

Table 3 shows that as the variance of the Gaussian noise increases the errors associated with a low-cost
IMU measurements also increase. The above results are represented graphically in Fig. 10a–c.

Table 3 and Fig. 10 illustrate that the variability involved in estimating the unique transformation between
vision sensor and inertial sensor system increases as the IMU measurements become noisier. The estimation
was performed on both test sections described in Section 4, i.e. the straight test section and the horizontal
curve test section. It can be seen from Table 3 and Fig. 10 that the error percentage estimated from the algo-
rithm introduced in this work lies within 0–10% for the variances between 0 and 1. Typically the noises in low-
cost IMUs installed in automotive applications are reported to have a standard deviation between 0 and 1
(Shin, 2005; Navsys, 2007). The above visualization of the magnitude of the maximum error would be immen-
sely useful in ITS applications.

7.4. Validation of results

7.4.1. Comparison of inertial and transformed vision-longer test sections

Once the poses from the inertial and vision systems were obtained as mentioned in Section 3, the transfor-
mation determined in Section 5.2 was applied to the vision data and the transformed vision data was com-
pared with the inertial sensor data. It must be noted that this transformed output occurs in its raw format
whereas the inertial sensor data have already been statistically filtered. Therefore, the inertial data tend to
be smoother compared to the transformed measurements of the vision pose. To address this disparity, a simple
moving median filter was used to smoothen out the transformed data of the vision pose as well.

The comparison of the transformed vision and inertial data are illustrated in Figs. 11 and 12 for the straight
run and horizontal curve respectively. It is clear that the original inertial data and the transformed vision mea-
surements have reasonably close agreement. The reasons for the observed minor deviation can be attributed to
measurement errors, noise problems (Alves et al., 2003), various outdoor factors like vibrations and above all,
the coarseness of the data computational interval which is as large as 5 ft.
Table 3
Low cost IMU measurements obtained for two test runs

Variance Error between the navigational and low cost IMU measurements

Straight run (%) Horizontal curve run (%)

Roll Pitch Yaw Roll Pitch Yaw

0.001 1.246232 0.433911 2.338879 2.914229 0.010165 0.98529
0.1 3.698513 7.971435 1.998303 4.791353 0.487176 2.224897
0.25 7.699195 6.098312 2.12425 7.387046 2.751105 2.660278
0.5 4.713731 1.504978 3.76792 9.984396 6.386491 2.066156
0.75 6.783336 6.022587 5.842825 11.5436 3.151695 6.240961
1 5.471352 7.641073 2.44788 9.418254 3.698508 7.340757
1.25 29.89975 9.904501 5.468902 32.26483 10.64452 10.78985
1.5 20.13353 7.282738 3.629057 31.27381 18.78282 9.702748
1.75 1.135093 10.35585 0.017665 7.54741 17.9709 10.81969
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Fig. 10. Error variation between low cost and navigational IMU measurements (a) roll, (b) pitch and (c) yaw.
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Fig. 11. Comparison of raw inertial data with transformed vision data for (a) roll, (b) pitch, and (c) yaw for the straight section
(longer run).

Fig. 12. Comparison of raw inertial data with transformed vision data for (a) roll, (b) pitch, and (c) yaw for the horizontal curve
(longer run).
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7.4.2. Comparison of transformed inertial and transformed vision with survey measurements – (shorter test

section)

Since the optimized transformation between inertial and vision systems is available (Rvi) the required trans-
formations from inertial–survey (21) and vision–survey (22) can be obtained as shown in Section 6.3. Com-
parisons of these two transformed measurements with survey measurement are illustrated in Fig. 13. From
Fig. 13 it is clear that the survey measurements and the two transformed measurements have a reasonably



Fig. 13. Comparison of transformed inertial and transformed vision data with survey data for (a) roll, (b) pitch, and (c) yaw on the short
section.
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good agreement. The discrepancies can again be attributed primarily to the coarseness of data measurement
interval, which cannot be lowered below 5 ft due to practical difficulties. This affects the accuracy of determin-
ing the vision pose in particular (Section 3).
8. Conclusion

Vision data collected from digital images captured by a survey vehicle have been transformed to inertial
data related to the rotation maneuvers of the vehicle. When GPS is unavailable the transformed vision data
can be used in lieu of GPS data to effectively address the classical inertial divergence. The work presented in
this paper primarily addresses two important issues involved in the process of fusing vision and inertial sen-
sors; (1) estimating the intrinsic properties of the vision sensor (camera) and (2) determining the optimized
transformation between the inertial sensor and the vision sensor, in an outdoor setting. In addition, a structure
from motion algorithm was used to determine the orientation of the vehicle using vision data. Moreover, exist-
ing distortion models were used to model the intrinsic radial and tangential distortions that occur in digital
imaging.

Two validations were performed to (1) compare transformed vision measurements with inertial/GPS data
and (2) match transformed vision measurements with global reference data (manual survey). The validation
results show that the transformed vision measurements match reasonably well in both cases. Therefore, the
two (vision and inertial) sensor system can successfully be used to estimate the orientation of the vehicle to
a considerable accuracy. However, slight discrepancies do occur between the actual measurements and the pre-
dicted data. The main reason for the discrepancies is the coarseness of the vision data acquisition and hence
the authors believe that statistical optimization of vision data would enhance the prediction. To obtain
improved predictions these issues are being addressed in the current research by (1) collecting the sequence
of images at significantly finer intervals and (2) using optimization techniques. Perfection of an outdoor
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calibration process would certainly be advantageous over indoor calibration during surveys where the envi-
ronmental conditions change frequently. This is because specific calibrations corresponding to varying ambi-
ent lighting and temperature conditions can be performed using a given survey vehicle and the respective
results can be stored in a database for use under relevant survey conditions. Hence it is expected that the
multi-sensor fusion effort described in this work would enhance the ITS and other artificial intelligence
technologies.
Appendix A. Structure from motion algorithm

Recovering the three dimensional structure of a scene with the aid of a moving camera is useful in estimat-
ing the translational and rotational vectors of the vehicle. (Taylor and Kriegman, 1995) introduced a meth-
odology to estimate the Structure from Motion (SFM) from a scene composed of straight line segments,
using the image data obtained by a camera attached to the system in motion. Extraction of the translational
and rotational components from the captured images is achieved by minimizing an objective function in the
form of
O ¼
Xm

j¼1

Xn

i¼1

Errorðf ðpi; qiÞ; ui;jÞ; ðA:1Þ
where f(pi,qj): function representing the image formation process; p: position of the three dimensional line; q:
position and orientation of the camera; ui,j: position and orientation measurement of the projection of feature i

in image j; Error(): positive real valued function that measures the difference between ui,j and f(pi,qj). The
Error function in (A.1) can be expressed as
Error ¼ mTðATBAÞm; ðA:2Þ
where m = (mx,my,mz) is the surface normal to the image plane and
A ¼
x1 y1 1

x2 y2 1

 !
;

B ¼ l
3ðm2

x þ m2
yÞ

 !
1 0:5

0:5 1

 !
(x1,y1) and (x2,y2) are the two end points (in terms of pixel coordinates) of any line correspondence in the
image.

The minimization process mentioned above is a two stages, hybrid, minimization process consisting of glo-
bal and local minimization components. To start the process, a random initial estimate for the camera orien-
tation is selected. Once the initial estimates for the camera orientation is available the second stage of the
minimization, local minimization, process starts. The latter is achieved in four stages.

If two coordinate frames are considered, i.e. the global coordinate frame denoted by w and the vision (cam-
era) coordinate frame denoted by c, the perpendicular distance to any vector (v) measured in the camera coor-
dinate frame (d c) can be expressed as
dc ¼ Rc
wðdw � tw

c þ ðtw
c :v

wÞvwÞ; ðA:3Þ
where Rc
w expresses the rotation between the two frames, tw

c is the translation between the two frames measured
in the global coordinate frame and dw is the perpendicular distance to any vector (vw) from the vision (camera)
frame origin measured in the global coordinate frame. The surface normal to the image plane can be obtained
as
mc ¼ vc � dc;

mc ¼ Rc
wfvw � ðdw � tw

c Þg: ðA:4Þ
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From (A.4) it is possible to deduce two constraints in the form of
mcT � ðRc
wvwÞ ¼ 0; ðA:5Þ

mcT � ðRc
wðdw � tc

wÞÞ ¼ 0: ðA:6Þ
From the constraint (A.5) it is possible to deduce the generalized optimization function
C1 ¼
Xm

j¼1

Xn

i¼1

ðmT
ijRjviÞ2; ðA:7Þ
where mij is the evaluated normal to the plane passing through the camera center and the observed edge, Rj is
the selected random camera orientation and vi are the projection line directions. Therefore, once the random
rotations are obtained at the global optimization step, (A.7) can be used to obtain the initial projection line
directions. This is the first stage of the local minimization process. In the second stage the initial values ob-
tained from the first stage are further optimized using (A.7).

In the third stage, the initial estimates for the camera translation and projection line positions are obtained.
For this task a different objective function is deduced from the constraint given by (A.8)
C2 ¼
Xm

j¼1

Xn

i¼1

ðmT
ijRjðdi � tiÞÞ2; ðA:8Þ
where di are the projection line positions and ti is the camera translation.
Once the values for Rj, vi, di and ti are obtained, the optimization function given in (A.1) is used to derive

the optimized solution for both the structure of the scene and the position of the camera.
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