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Abstract
When a camera rotates rapidly or shakes severely, a conventional KLT (Kanade–Lucas–Tomasi) feature tracker becomes
vulnerable to large inter-image appearance changes. Tracking fails in the KLT optimization step, mainly due to an inadequate initial condition equal to final image warping in the previous frame. In this paper, we present a gyro-aided feature
tracking method that remains robust under fast camera–ego rotation conditions. The knowledge of the camera’s interframe rotation, obtained from gyroscopes, provides an improved initial warping condition, which is more likely within
the convergence region of the original KLT. Moreover, the use of an eight-degree-of-freedom affine photometric warping
model enables the KLT to cope with camera rolling and illumination change in an outdoor setting. For automatic incorporation of sensor measurements, we also propose a novel camera/gyro auto-calibration method which can be applied
in an in-situ or on-the-fly fashion. Only a set of feature tracks of natural landmarks is needed in order to simultaneously
recover intrinsic and extrinsic parameters for both sensors. We provide a simulation evaluation for our auto-calibration
method and demonstrate enhanced tracking performance for real scenes with aid from low-cost microelectromechanical
system gyroscopes. To alleviate the heavy computational burden required for high-order warping, our publicly available
GPU implementation is discussed for tracker parallelization.
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1. Introduction
Feature tracking is a front-end process for many vision
applications from optical flow to object tracking to 3D
scene reconstruction. Therefore, higher-level computer
vision algorithms require robust tracking performance no
matter how a camera moves. The KLT (Kanade–Lucas–
Tomasi) feature tracker is one of the most prevalent tracking
methods that use template image alignment techniques. It
has been extensively studied in the seminal work of Lucas
and Kanade (1981), Shi and Tomasi (1994), and in the unifying framework of KLT variants by Baker and Matthews
(2004).
The basic assumption of KLT feature tracking is that
image appearance changes slowly over time. Hence, KLT
is naturally vulnerable to fast rotation or severe camera
shaking. Figure 1 shows two challenges of interest in feature tracking. The first occurs when a camera’s out-of-plane
rotation (pan or tilt) induces large optical flow, a frequent
occurrence with hand-held cameras. The translation amount
is located out of KLT’s convergence region. Even a multiresolution approach does not have the capability to account

for such a large motion. The second challenge occurs when
a camera’s in-plane rotation (roll) produces template rotation in addition to large translation during the banking turn
of an airplane. Rather than a simple two-degree-of-freedom
(2-DOF) translation model, a higher-order template motion
model (image warping function), such as a 6-DOF affine
model, is preferable for describing this template rotation.
Nonetheless, additional computational load resulting from
higher warping parameters should be handled properly if
realtime performance is needed.
This fragility of the KLT under large camera motion
inherently results from its local searching process. Mathematically, the KLT is a gradient search for warping
parameters in the nonlinear minimization of difference
between the template and a new image. Initial parameters
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Fig. 1. Two common challenges of KLT feature tracking during
severe camera ego-rotation. Top: large image translation caused by
rapid camera panning; bottom: rotational image warping caused
by camera rolling.

are usually set to the same values of the last iteration in
a previous time frame. If large camera motion causes this
initial condition to fall out of the convergence region of
the current frame, feature tracking will fail. In addition,
when the template uses a high-order motion model, the
initial condition becomes more important in order to avoid
parameter overfitting in a high-dimensional search space.
Therefore, adequate estimation of initial parameters is
critical for coping with severe image deformation.
We show that the knowledge of a camera’s inter-frame
rotation obtained from an IMU (inertial measurement unit)
can significantly improve the initial condition of the KLT.
When a camera rotates quickly, the gyro angle can propose a better local search region in which the parameters are
more likely to converge to a true solution. Even a low-cost
MEMS (microelectromechanical system) IMU is known
to provide acceptable instantaneous camera rotation once
its inertial sensor elements are calibrated properly. In this
paper, the two main issues we address are (i) how to enhance
the search region and tracking motion model when inertial
gyroscopes are available, and (ii) how to automatically calibrate a camera and gyroscopes for accurate sensor fusion.
For the first issue, we suppose that the image sequence
experiences a severe appearance change in a short time by
a full 3D camera rotation such as that shown in Figure 1. A
perspective transformation is the most general spatial deformation but it is prone to overfitting in the case of small template size. An affine model is sufficient for explaining local
deformation in most cases. To deal with template deformation as well as illumination change, we choose the 8-DOF
affine photometric model proposed by Jin et al. (2001),
which employs both affine transformation and scale-andoffset illumination variation. We explain how to integrate
IMU information in this high-order warping model and

demonstrate how much performance improvement can be
achieved.
For the second issue, each sensor’s intrinsic parameters
and their relative orientation need to be identified for gyroaided feature tracking. It would be most desirable to have insitu or on-the-fly calibration capability. Even when a sensor
setting requires occasional configuration changes or when
improvised sensor deployment occurs with no prior knowledge about the sensors, calibration can easily be run whenever needed. We will present an auto-calibration procedure
that depends only on feature tracking and raw gyro measurements. There is no need for a calibration device such as
a checkered board. Instead a set of homographies induced
by natural landmarks is sufficient for calibration input.
In this paper, we assume that rotation is a dominant camera motion apparent in hand-held devices or dynamic aerial
maneuvers, while translation could be also significant in
some ground-vehicle applications. Since the camera rotation induces more rapid and severe image deformation, we
do not include the accelerometer in the sensor fusion. This
is also based on the following considerations: the camera’s
translational component is not directly measurable from the
accelerometer as static gravity needs to be removed via
accurate IMU attitude estimation; optical flow by camera
translation is involved with feature depth, which demands
complicated 3D scene reconstruction. Our goal is to maximize incorporated performance with a low-grade IMU
while maintaining a concise and directly coupled fusion
structure for a low-level vision processing, such as feature
tracking.
The 8-DOF affine photometric model has not been popular in practice due to high computational complexity, while
its tracking performance would be more robust. We alleviate this problem through restrained Hessian update in KLT
as well as GPU (graphical processing unit) acceleration by
means of parallel computing, which allows for tracking of
up to 1,024 features at video rate.

2. Related work
Fusion between vision and inertial sensors has been an
active research area. Like human visual and vestibular
sensing (Corke et al. 2007), complementary characteristics
in accuracy, frequency, and interaction with the environment make these sensors a prevalent choice for designing
multi-sensor integration. For example, their cooperation in
robotic applications can be found in vision-aided inertial
navigation systems used for precise vehicle state estimation
(Davison et al. 2007; Hol et al. 2007), and, conversely, in
inertial-aided image understanding for non-textural scenes
(Lobo and Dias 2003). One of the most tightly coupled
systems of visual–inertial sensing is image stabilization,
which removes unwanted motion in a video sequence by
estimating image warping from registered key features.

Downloaded from ijr.sagepub.com at CARNEGIE MELLON UNIV LIBRARY on November 12, 2012

Hwangbo et al.

1757

Zhang et al. (2008) evaluated and compared several
whole-image stabilization techniques.
Feature tracking or feature matching in a visual–inertial
system is typically combined with predicted inter-image
camera motion through a high-rate inertial sensor. In the
fields of visual simultaneous localization and mapping
(SLAM) (Davison et al. 2007) and augmented reality (You
et al. 1999; Yokokohji et al. 2000; Bleser et al. 2006; Chandaria et al. 2007), the latest estimates of reconstructed 3D
landmark position and camera pose are used as a starting
point for their own designated feature matching process.
As low-level front-end process for other vision algorithms,
however, these Kalman filter-based schemes are too complex and computationally expensive in estimating feature
and camera states with their covariances. On the other hand,
IMU data has been more deeply and succinctly coupled
with a feature tracker. Makadia and Daniilidis (2005) used
a measured gravity direction to reduce the number of model
parameters and run the Hough transform to estimate camera motion without feature correspondence. Gray and Veth
(2009) compensated for a feature space of scale invariant feature transform (SIFT) descriptor using the IMU to
achieve robust correspondence matching with low computational overhead. Our proposed method also incorporates
gyroscopes but we proactively update KLT warping parameters using instantaneous gyro angles in order to deal with
larger deformation.
Camera/IMU calibration is essential in correctly fusing
raw measurements in a common frame of reference. In the
literature, most visual–inertial calibration methods demand
external calibration devices in order to explicitly provide
known 3D feature points for camera or motion references
of an IMU (Lang and Pinz 2005; Lobo and Dias 2007;
Mirzaei and Roumeliotis 2008; Kelly and Sukhatme 2008;
Hol et al. 2010). Lobo and Dias (2007) took a multi-step
approach for calibrating an IMU intrinsic shape using a pendulum, relative camera/accelerometer orientation using vertical features and the gravity, and relative translation using
a turntable and a planer target, sequentially. Although this
method is comprehensive enough to obtain both intrinsic
and extrinsic parameters, significant expertise and labor are
required with precision equipment. A Kalman filter (KF)based approach has also been explored to cast calibration
as a state estimation problem. Mirzaei and Roumeliotis
(2008) formulated a vision-aided inertial navigation system with augmented states for the relative pose and IMU
bias, and then estimate the state progressively from measurement updates of known 3D features using an extended
Kalman filter (EKF). Kelly and Sukhatme (2008) followed
a similar approach based on an unscented Kalman filter.
Taking the squared sum of prediction errors in EKF as a
cost function, Hol et al. (2010) employed a gray-box system identification technique that obtains parameters from
nonlinear optimization of the cost. The common limitation

of these KF-based methods is that a good initial parameter
is essential, known feature points from a checkered board
are required, and none of the intrinsic sensor parameters are
included in the estimation other than IMU bias.
Our proposed calibration procedure takes a different
approach since an online and natural feature-based solution
is targeted; a known feature object is no longer needed
and, furthermore, intrinsic parameters of the camera and
gyroscopes are estimated together with no requirement
for an initial guess. We use a set of image homographies
obtained during tracking of natural scene points at a
distance, not only for the camera calibration but also for
the gyroscope calibration. The rotating-camera calibration
(Hartley 1997) is still valid for the case where camera
translation is relatively small with respect to the average
distance to scene points. The rotation magnitudes veiled
in the homographies can provide sufficient constraints for
the IMU self-calibration method (Hwangbo and Kanade
2008) to recover the gyroscope scale and alignment. The
advantage is that all of the relevant parameters are linearly
solvable with no prior and guaranteed to be an optimal
solution for Gaussian noise.
Many KLT variants have been implemented on GPUs
(Hedborg et al. 2007; Sinha et al. 2007; Ohmer and Redding
2008; Zach et al. 2008) to accelerate realtime performance
in a parallel computing architecture since trackers are algorithmically independent of each other. The time complexity
of KLT is dominated by the Hessian update O( n3 ) where
n is the number of warping parameters. We deal with the
affine photometric model (n = 8) which requires at least
64 times more computation than the translational model
(n = 2), which many other GPU-KLTs have chosen.
In addition to our earlier publication (Hwangbo et al.
2009) and the details on realtime GPU implementation
(Kim et al. 2009), this paper introduces a new autocalibration method partially based on our IMU calibration
(Hwangbo and Kanade 2008), and presents more comprehensive analysis on the performance of our gyro-aided KLT
feature tracking.

3. Background: KLT
KLT feature tracking is a sequence of search operations
that locates an identical feature along incoming images.
Given small appearance changes between temporally adjacent images, KLT is formulated as a nonlinear optimization
problem (1) and searches for a change of warping parameters, δp, to minimize the intensity difference e between the
template T and a new image It+1 :


2
e=
s( x) T( x) −It+1 ( w( x; pt , δp))
(1)
x∈A

where x =( x, y) is a pixel coordinate, w( ·) is a tracking
motion model (image warping function), pt is a vector of
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decent image. The partial derivative of (3) with respect to
δp is
 

∂e
=2
J I( wx ( pt )) −T( x) −J( x) δp = 0.
∂δp
x∈A

(4)

Rearranging (4) yields a closed-form solution for δp at a
local minimum. It iterates until δp <  for a small  due
to a linearization error:
 

J I( wx ( pt )) −T( x)
(5)
δp = H−1
x∈A

Fig. 2. Image alignments in the inverse KLT method and comparison of template updates for different warping models: (a) a
low-order warping function (e.g. translation-only model: w( x) =
x + b) is subject to frequent template updates from T0 to T1 to
T2 ; (b) a high-order warping function (e.g. affine warping model:
w( x) = Ax + b) is able to maintain the same template T0 with
rotational and scale deformations.

warping parameters at time t, A is the area of a template
window, and s( x) is a weight function, and is simply a constant or a Gaussian-like function meant to emphasize the
central region of A (Shi and Tomasi 1994).
There exist two main iterative approaches for finding
the δp that align two image patches for template matching: forward and inverse methods (Baker and Matthews
2004). Both are equivalent up to a first-order approximation of the cost function (1). Key differences lie on which
image remains fixed and how to update a warping parameter during iterations. The original Lucas–Kanade algorithm
(Lucas and Kanade 1981) is the forward method that recomputes the Hessian at every iteration from the gradient of
the warped image of It+1 . In contrast, the inverse method
illustrated in Figure 2 uses a fixed Hessian from the gradient of the template T, and consequently has significant
computational efficiency over the forward method.

3.1. Inverse compositional image alignment
This alignment method begins with switching the roles of
the image It+1 ( = I) and the template T from (1) to (2). The
Gauss–Newton method to solve for δp involves two steps:
(i) linearize the cost e by the first-order Taylor expansion
and (ii) find a local minimum by taking the partial derivative with respect to δp. Linearizing at the current warping
parameter, i.e. δp = 0, yields

2
I( w( x; pt )) −T( w( x; δp))
(2)
e=
x∈A

≈



2
I( wx ( pt )) −T( wx ( 0)) −J( x) δp

(3)

x∈A

where w( x; ·) = wx ( ·) for brevity and s( x) = 1 here.

is referred to as the steepest
The Jacobian J = ∂T
∂p p=0

(6)
wx ( pt+1 ) ← wx ( pt ) ◦w−1
x ( δp)
 
where H =
J J is the Hessian (precisely a firstorder approximation to the Hessian). The J and H remain
unchanged until the template T is updated.

3.2. Affine photometric warping model
The choice of a tracking motion model determines the level
of allowable image deformation of a template window. We
employ the affine-photometric warping proposed by Jin et
al. (2001) for more robust tracking to camera rotation and
outdoor illumination conditions. This model has a total of
eight parameters, p =( a1 , . . . , a6 , α, β) in (7). The affine
warp ( A, b) deals with spatial deformation, including template translation and rotation. The scale-and-offset model
( α, β) treats contrast variations in the template due to illumination change. The scale α compensates for the change
of ambient light and the bias β does so for the change of
directed light:
T( x; p) =( α + 1) T( Ax + b) +β

 

a2
a
1 + a1
, b= 5 .
where A =
a3
1 + a4
a6

(7)

The Jacobian J with respect to the warping parameter p is
computed at p = 0 using the chain rule:


  
 
T 
T T
T 
∂T 
T
1
J=
=
=
a a=0 α β
a a=0
∂p p=0
(8)


∂T 
∂T ∂w 
∂T ∂w
∂w
=
=
= ∇T


∂a a=0
∂w ∂a a=0
∂x ∂a
∂a


x y
= ∇T
0 0


0 0 1 0
.
x y 0 1

The spatial template gradient ∇T = [Gx , Gy ] gives


J = xGx yGx xGy yGy Gx Gy T 1 .

(9)

(10)

In (5), δp requires
the inversion of the symmetric 8×8 Hes
sian (H = A J J) which has a computation complexity
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O( n3 ). Finally, the update rule (6) for the affine photometric
model at each iteration is given by
( A, b)t+1 ← ( At δA−1 , bt − At δb) ,
αt+1 ← ( αt + 1) /( δα + 1) ,
βt+1 ← βt −( αt + 1) δβ.

(11)
(12)
(13)

3.3. Template update and multi-resolution
pyramid
Once a template is registered at the feature selection step,
ideally no change of the template is preferred since a template update inevitably causes an accumulation of feature
localization errors. A template update is, however, often
necessary to reset severe template warping in order to maintain a long tracking period for updated features believed
to be identical. There exists a computational trade-off between template update frequency and warping model order.
Figure 2 shows two extreme cases which differ in terms of
whether the template T should be renewed for every frame
or can remain unchanged across images. For the higherorder warping model, no template update is necessary
under severe template deformation in an image sequence.
Nonetheless, a Hessian inversion in the template update is
far more expensive if it occurs.
We deliberately determine the moments expected for
template updating by monitoring how accurate the current
tracking is. Three quality measures we use to declare tracking success are (i) sum of squared error, (ii) normalized
cross correlation, and (iii) the degree of shearness of the
template window (implemented as the area ratio). If any
of the measures falls below a predetermined threshold, the
window around the last feature position is registered as a
new template, since we track a point feature rather than the
template itself.
Since the linearity in (3) is only valid for a small δp, a
multi-resolution KLT tracker is a de facto implementation
which is not only able to handle larger image motion, but
also increases its accuracy over multiple tracking iterations
at each image scale (Bouguet 2000). A multi-resolution
pyramid can be efficiently executed on the GPU and runs
on three to five levels depending on the template size.

4. Gyroscope fusion for robust tracking
One fundamental assumption of the KLT is that small
appearance changes occur between images. For example,
it is empirically observed that a ( 15 × 15) template window
for a corner feature may cover up to five-pixel translation.
The image-only KLT simply begins with the parameters at
the previous time step, i.e. p0t+1 = pt . Furthermore, the success of feature tracking critically depends on whether or
not an initial parameter p0t+1 is positioned in a convergence
region of the nonlinear optimization in (2).

Our goal in gyroscope fusion is to increase the chance of
convergence by relocating p0t+1 at a better initial point with
the aid of gyroscopes.

4.1. Gyroscope model
Suppose that gyroscopes are a sensor cluster consisting of m
single-axis MEMS inertial components (m ≥ 3). We model
each component as a scale-and-offset response (z = aω +v)
to an external angular rate ω aligned to its axis (Analog
Devices 2010). In a 3D space, the measurement zi of an ith
component can be expressed as the sum of projection of a
motion ω on a sensitivity axis si , a non-zero bias vi , and
a measurement noise ηi ; i.e. zi = s
i ω + vi + ηi for i =
1, . . . , m. The raw gyro measurement z ∈ Rm×1 is modeled
as
z = S ω + v + η

(14)

where a shape matrix S = [s1 , . . . , sm ] ∈ R3×m and a bias
vector v = [v1 , . . . , vm ] ∈ Rm×1 are intrinsic parameters
of the gyroscopes. Here, η is given as a Gaussian noise and
S represents the scale factor (ai = si ), and alignment
(si /si  in a frame of reference) per each component.
A tri-axial configuration (m = 3) is commonly used as a
minimal setup for sensing 3D motion. However, note that
we make no particular assumption regarding the internal
sensor configuration and each component can be arbitrarily
placed as shown in Figure 3. The auto-calibration method
for ( S, v) described in the next section is applicable for any
sensor configuration and a redundant configuration (m > 3)
is also allowed. See Hwangbo and Kanade (2008) for more
details on the gyro model.

4.2. Convergence region
A convergence region Ct is defined as a set of all the initial
p0t such that an iterative update δp can make these values
converge to a true p∗t . The region Ct is limited to a concave surface where the first-order approximation in (4) is
valid enough to provide a correct update direction of δp
in (5).
It is very hard to quantify this convergence region since
it is affected by numerous factors, for example, feature
saliency, template size, optimization details and more. In
Section 6, therefore, we empirically evaluate a distribution
of Ct as an average tracking success rate in a function of
p0t − p∗t .

4.3. Camera ego-motion compensation
Figure 3 illustrates the way that the IMU gyroscopes make
feature tracking more robust to large optical flows. Suppose
that two images It and It+1 are captured during a pure camera rotation Rt+1
t . Then, the motion of all of the image pixels
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Fig. 3. Gyroscope fusion in KLT: tracking for a new image It+1 starts at p0t+1 instead of pt at the previous frame as it may not be in the

convergence region Ct+1 . Here p0t+1 is revised using 2D homography H which is computed from an instantaneous gyro rotation Rt+1
t
and a camera calibration matrix K.

is described by a single 2D homography, H = K Rtt+1 K−1 ,
when a camera calibration matrix K is known (Hartley and
Zisserman 2004). This projective transformation taking It
to It+1 can be computed by integrating the angular rate ω in
(14) from the gyro output z when a gyro shape and bias
( S, v) and a relative orientation Ric between camera and
gyro frames of reference are also known:
H = K Ric Rgyro K−1
t+1

where Rgyro =

(15)
( S )# ( z( τ ) −v) dτ .

t

Here, ( S )# is a pseudo-inverse of S for m > 3 and equal
to S− for m = 3.
The homography H is a higher-order deformation than
the affine warp we use for the spatial warping model.
Hence, the predictive affine warp (Apred , bpred ) needs to be
extracted component-wise from H. At first, the homography is divided by H33 to make H33 = 1. In order to
obtain all affine components (rotation, scaling and shear)
except projectivity, an upper 2 × 2 matrix of H is set to
the linear transformation part Apred of the affine warp. The
translation part bpred is the same as the position change
by the 2D homography. The difference of x and xH is
set to bpred where xH is a transferred position of x by
H, [xH 1] ≡ H[x 1] . The photometric parameters
(αpred , βpred ) remain unaffected:
Apred = H 2×2 ,
bpred = xH − x,
αpred = βpred = 0.

(16)
(17)
(18)

Once Rtt+1 are obtained from the gyroscopes, the initial
parameter p0t+1 is computed from the forward composition

of the current warping parameter pt with the predictive
warping parameter ppred in the inverse compositional KLT
method:
w( x; p0t+1 ) = w( w( x; ppred ) , pt )

(19)

A0t+1 = At Apred ,
0
0
αt+1
= αt , βt+1

(20)

i.e.,

b0t+1

= At bpred + bt ,

= βt .

(21)

Basically the KLT is tolerant to an initial parameter
error as long as the parameter remains in Ct+1 . The gyroaided KLT starts at p0t+1 under the expectation that the
probability of p0t+1 ∈ Ct+1 would be greater than that of
pt ∈ Ct+1 . Algorithm 1 shows the procedure of the gyroaided KLT feature tracking with a multi-resolution pyramid. See Kim et al. (2009) for more details on the GPU
implementation.

4.4. Prediction error and gyro noise
The error in ppred is caused by the following three main factors: a modeling error, calibration error and gyro noise. The
modeling error means that camera translation is excluded
when ppred is established from H. We here focus on how
much IMU noise and error are allowable when other error
sources are negligible. The modeling error will be discussed
in more detail in Section 5.
Suppose that the camera is a pin-hole camera of a focal
length f and a pixel scale factor k, and rotates with a constant angular rate ω during an image sampling period t.


Let λ = kf and ω t = θx θy θz . When a small camera rotation is given around each axis (sin θ ≈ θ ), the
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homography H in (15) is approximated as follows:
⎡
⎡
⎤
⎤
1 0
0
1 0 λθy
Hx = ⎣0 1 −λθx ⎦ , Hy = ⎣ 0 1 0 ⎦ ,
0 λ−1 θx 1
λ−1 θy 0 1
⎡
⎤
1 −θz 0
(22)
Hz = ⎣θz 1 0⎦ .
0 0 1
Feature translation magnitudes from (17) are approximated
respectively as b = λθi for camera panning/tilting (i ∈
( x, y)) and b = rθz for rolling, where r is the distance
to a feature from a camera center in pixels. When the
gyroscopes are assumed to have the same noise σω for each
axis, the variances of b are given as

( kf )2 σω2 ts : pan/tilt,
2
σb =
(23)
: roll.
σω2 ts
For the effect of a gyro noise η in a practical case, let
the camera be a 1/4” CCD sensor with 640 × 480 resolution (k = 126.0 pixel mm−1 ), a 60◦ field-of-view lens
(f = 2 mm), and sampled at 30 Hz. A typical Allan deviation of the MEMS gyroscope is σω = 0.005 rad s−1 when
operating at 10 Hz (Analog Devices 2010; El-Sheimy et al.
2008). Thus, the translational variances of the prediction
are σb = 0.23 pixels for pan/tilt motion and σb = 0.12
pixels for roll motion when a feature is 120 pixels apart
from the center (r = 120). Therefore, the errors due to the
gyro noise are much smaller than the translation convergence region, which is typically a third of the template size
(e.g. 5 pixels for a 15 × 15 template).
A typical calibration error in a camera/gyro system can
be assumed to be 10% when manufacturing error is considered for given nominal parameters and a manual boresight
alignment is done. When a camera rotates at 2 rad s−1 with
10% error in focal length or gyro scale, it yields 1.6 and 0.8
pixel errors in b for pan and roll motions, respectively. So
we can conclude that the calibration error typically causes
a larger error on the prediction warp ppred .

5. Camera/gyroscope auto-calibration
In the sensor fusion of the gyro-aided KLT, homography computation (15) needs to know a camera intrinsic
parameter K, IMU shape and bias parameters (S, v) and
their relative orientation Ric . Instead of obtaining these
parameters using calibration devices such as a checkered
board, we present an auto-calibration method which only
uses KLT outputs, i.e. tracks of natural landmarks. Despite
unknown camera motion and unknown 3D landmark
positions, both the camera and gyroscopes can be directly
calibrated using the set of homographies obtained from
their tracks across images.

Algorithm 1: Gyro-aided KLT feature tracking on a
GPU.
Set nmin , pmax , niter , eSSE , eNCC , eshear .
while tracking do
Grab a new image It+1 and transfer it to GPU.
Compute the gradient ∇It+1
if ns < nmin then
Select new ( nmin − ns ) Harris corner points
from ∇It+1 .
Compute Hessian H and H−1 of new ( m × m)
templates.
Fill in empty slots of the feature table.
Integrate IMU gyro measurements to obtain
Rcam = Ric Rt+1
t ( gyro).
Compute image homography H = KRcam K−1 .
for i=1 to nmin do
Update initial warp w( x, p0i,t+1 ) from H using
(21).
for pyramid level = pmax to 0 do
Warp image It+1 ( w( x, pi,t+1 )).
Compute
 error
ei = T − It+1 ( w( x, pi,t+1 )).
Compute update direction δpi using (5).
for k = 1 to niter do
Search for the best line scale s∗ that
minimizes ei .
Update parameters with s∗ δpi using
(11)-(13).
Compute tracking quality measures.
Remove the feature if ( sse > eSSE ) ∨
( ncc < eNCC ) ∨ ( shear < eshear ).
ns = number of remaining features.

The first step is to prepare a set of homographies from
KLT feature tracks on the condition that camera rotation
is dominant. Camera translation t does not need to be
zero, but we assume that translation magnitude t is
relatively small when compared with distances to feature
points. The distance ratio ρ is defined as the distance d to
the majority of features divided by the degree of camera
translation t, i.e. ρ = d/t in Figure 4. A higher ρ
produces more accurate calibration results. After n pieces
of rotation-dominant camera motion ( ω1 , . . . , ωn ) are
applied, feature correspondences ( x1 , x1 ) , . . . , ( xn , xn ) are
collected using the KLT for each motion piece during ti .
For example, we randomly rotate a camera in roll, pitch
and yaw directions while their rotation axes and angles
are completely unknown. Still, each camera motion can be
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performance is progressively enhanced as more diverse
angular rates are provided.
Algorithm 2 shows the procedure of our camera/gyro
auto-calibration method. More details on each calibration
step are described in the following.

5.1. Camera calibration
Fig. 4. Simulation setup for camera/gyro auto-calibration: a camera rigidly attached to gyroscopes randomly rotates with a nonzero translation t, and the majority of landmarks are located at
distance d from the camera. The distance ratio ρ determines how
far the landmarks are located with respect to the camera translation
amount t.

abstracted by the 2D homography Hi estimated from the
feature set ( xi , xi ).
The second step is to calibrate the camera and gyroscopes from this homography set. For the camera, it is
well known that camera self-calibration is possible using
more than three homographies induced by pure camera
rotations (Hartley 1997). Although non-zero camera translation causes poor initial results, we observe that subsequent
nonlinear refinement yields a far more accurate K when
reprojection errors are taken into consideration. For the
gyroscopes, we use the factorization method (Hwangbo and
Kanade 2008) in which rotation magnitudes obtained from
the homographies are sufficient to reconstruct a gyro shape
matrix S. The gyroscope bias v can be estimated separately
in a static condition.
The last step is to obtain a relative orientation Ric
between both sensor frames of reference. Using the K, S
and v we find, two clouds of rotation axes can be recovered in their own frames of reference and then compared.
In addition, nonlinear refinement further polishes all of the
parameters simultaneously.
It is noteworthy that calibration accuracy can be
improved as the whole procedure is repeated with a greater
rotation speed ω. Because the gyro calibration assumes a
constant angular velocity during data collection time ti ,
the period ti should be small to have less deviation in
ωi ( t) if rotated manually. The gyro-aided KLT allows a
shorter ti as more accurate calibration is returned. At
the beginning of the calibration step, no parameters are
known, thus ( xi , xi ) are collected by the image-only KLT
(i.e. S = 0). Then, steady and slow rotational motion is
preferred to obtain a homography induced by large optical
flows, which makes the camera calibration more accurate.
Once initial calibration is performed, the entire calibration procedure is repeated with the gyro-aided KLT and
faster camera motions. Consequently, overall calibration

Suppose that n homographies ( H1 , . . . , Hn ) are estimated
from feature tracks of rotating cameras. From (15), the goal
is to find an upper triangular matrix K that produces a
proper rotation matrix Ri = K−1 Hi K for all i. As presented
already by Hartley (1997), the orthonormality of a rotation
−1
−1

matrix, Ri R
i = ( K Hi K) ( K Hi K) = I, generates a
set of linear constraints for the entries of a symmetric matrix
C = KK :
C = Hi C Hi

stacking

−−−−−−→
i=1,...,n

Lc = 0

(24)

where an unknown c ∈ R6×1 is a vector of upper triangular elements of C and L is a stack of a rank-four matrix
Li ( Hi ) ∈ R6×6 which is a set of linear constraints on c
given Hi . From at least two homographies (n ≥ 2), c is
solvable from a ( 6n × 6) homogeneous linear form L. The
 from
Cholesky decomposition then returns the estimate K
C. This method has been reported to be stable for high noisy
levels, e.g. a 5% focal length error in 2 pixel image noise
(Hartley 1997).
Practically it is hard to restrain a camera motion from
translation during in-situ or on-the-fly calibration. When a
camera is manually rotated, for example, the camera center is inevitably translated around. In the presence of camera translation t, a RANSAC-based homography estimation
tends to find a planar homography Hp = K( R+tn /d) K−1
induced by a 3D plane π on which a majority of features are
closely located, where n is a plane normal and d is a depth
to π in Figure 4. Non-zero t causes the input Hi to violate
the constraint (24) and leads to the system modeling error.
Hence, the accuracy of the linear solution in (24) becomes
the worse for the smaller ρ = d/t.
However, we observe that a subsequent nonlinear refinement step significantly improves initial camera parameters.
This improvement can be explained as follows: For a general camera motion ( R, t), the mapping of an image point is
x = KRi K−1 x+Kti /z, where z is a point depth. The refinement
the squared sum of reprojection errors,

 2 minimizes
( x − Hi x)2 , for all feature correspondences.
e =
The error e can be approximated by e = Kt/z when tracking noise is ignored. On the condition that ( t1 , . . . , tn ) have
diverse directions with a random magnitude, the distribution of e can be approximated to an unbiased Gaussian since
e does not depend on the image position x. The simulation
results are provided in Figure 7 to verify this argument.
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5.2. Gyroscope calibration

5.3. Relative orientation

First, a gyro bias v is separately estimated during the stationary condition (ω = 0). Then, the recovery of a gyro
shape S begins with the fact that a homography H and its
corresponding rotation matrix R are similar matrices for
the transformation K under the assumption R = K−1 HK.
One of the similar matrix properties provides that H and
R share the same eigenvalues, i.e. eig( H) = eig( R) =
( 1, ejθ , e−jθ ), although their eigenvectors are generally different (Golub and Loan 1996). Let θi be a phase angle
of the complex eigenvectors of Hi . Suppose that Hi is
obtained when the camera rotates at angular velocity ωicam
gyro
during ti . Then, the corresponding IMU angular rate ωi
should have a magnitude equal to an angular speed, i.e.
gyro
ωi  = ωicam  = θi / ti , although its rotation axis is
unknown. As a result, the goal is to recover the gyro shape
S using known angular speeds ( ω1H , . . . , ωnH ) , which
are derived from ( H1 , . . . , Hn ) using ωiH  = θi / ti .
When the bias v is compensated, a collection of n gyro
measurements D can be described as a product of motion
matrix W and shape matrix S:

It is straightforward to compute the relative orientation Ric
between both calibrated sensors. We compare two bundles
ωgyro } expressed in terms of their
of rotation axes {
ωcam , 
respective frames of reference. Here 
ωicam is extracted from
gyro
−1


Ri = K Hi K and 
ωi is obtained directly from the ith
 The best fit of Ric can be estimated from the
column of W.

gyro
gyro
ωi ( 
ωi
ωicam ) such that 
ωicam = Ric 
SVD of H = ni=1 
for all i. The least squares solution is found as 
Ric = UV

given H = UV (Arun et al. 1987).

D = WS

(25)

where W = [ω1 ; . . . ; ωn ] ∈ Rn×3 , S = [s1 , . . . , sm ] ∈
R3×m , and each entry of D ∈ Rn×m is a bias-compensated
raw gyro measurement, i.e. dij = zij − vj = ωi sj .
The factorization method (Hwangbo and Kanade 2008)
finds a unique decomposition into W and S that satisfies the
given τ . This method begins with D = UV by SVD (singular value decomposition) which yields W∗ = Up p1/2 and
S∗ = p1/2 V
p where p is the top left 3 × 3 block of , and
Up and Vp are the first three columns of U and V, respectively. This solution is only unique up to any invertible
ωi ,
A ∈ R3×3 , since D =( W∗ A) ( A−1 S∗ ). From ωi∗ = A
the known ωiH  provides a set of constraints to resolve the
ambiguity A as follows:
i  Q
ωi = ωiH 2
ω

stacking

−−−−−−→
i=1,...,n

Bq = τ 2

(26)

where Q = A A, q is a vector of upper triangular elements
of Q, τ =( ω1H , . . . , ωnH ) , and B ∈ Rn×6 . From at
least six camera motions (n ≥ 6), q is solvable. Once A is
found by the Cholesky decomposition, the linear solution
 = W∗ A and 
S = A-1 S∗ . Note that
is reconstructed as W

this solution is still up to a rotation matrix R from W
S=
 ( R-1
S,
( WR)
S). When ŝi is a normalized column vector of 
we can determine R = [ŝ1 , ( ŝ1 × ŝ2 ) ×ŝ1 , ŝ1 × ŝ2 ] such that
R-1
S becomes an upper triangular matrix.
Compared with 4n independent constraints for the camera calibration in (24), only n constraints exist for the gyroscope calibration in (26). Therefore, the reliable estimate 
S
requires greater numbers of homographies than the camera
calibration.

5.4. Nonlinear refinement
The calibration parameters from linear methods in (24) and
(26) can be improved by nonlinear refinements that minimize more meaningful error measures. In a per-sensor
refinement that finds best parameters for individual sensors,
the
minimizes the reprojection error,
 camera calibration
( x − KRi K−1 x)2 , with ( 5 + 3n) parameters including
K and each Ri . The gyroscope
 calibration minimizes the
squared sum of constraints, ( ωiH  − S− di )2 , with
six parameters of an upper triangular matrix S.
In a total refinement that simultaneously polishes all of
the parameters ( K, S, v, Ric ), the reprojection error involved
with Rgyro in (27) is minimized given raw measurements
( x, z). The gyro rotation Rigyro is numerically integrated
over a time period ti using corresponding gyro measurements zi :
Etotal =

ni
n 


( xij − KRic Rigyro K−1 xij )

(27)

i=1 j=1

where

Rigyro =

S− ( zi − v) dt.
ti

In the case of a tri-axial gyroscope and camera,
the Levenberg–Marquardt iterative nonlinear optimization
finds the total number of 17 ( = 5 + 6 + 3 + 3) parameters
in ( K, S, v, Ric ).

5.5. Camera/gyro time synchronization
In addition to spatial calibration, temporal synchronization
is also necessary for combining inertial and visual sensing.
High-precision time synchronization requires hardwarelevel external triggering based on a precise clock. When
commodity sensors which have no external sync inputs
are used, however, the exact times of sampling instances
become obscured. They are hidden by unknown delays
in the data bridge, such as communication or buffering
between low-level embedded systems.
Nonetheless, if delays from the sensors to a computer
are unknown but can be assumed constant, there is an easy
and simple way to identify a time lag between two measurement sequences, as shown in Figure 5. We make a
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Algorithm 2: Progressive auto-calibration method for
the IMU-aided KLT feature tracking.
Set K = I3×3 , S = 0 and Ric = I3×3
k = 0.
while Etotal > Eth and k < kmax do

Gyro

Optical Flow

After time synchronization

(Data Collection)
for i = 1 to n do
Rotate the camera around a new rotation axis with
steady angular velocity.
Run IMU-aided feature tracking using current
estimates of K, S and Ric
Collect feature correspondence ( xi , xi ) between I( t)
and I( t + ti ).
Collect gyro raw measurements
( zi ( t) , . . . , zi ( t + ti )) during ti ;
(Camera Calibration)
for i = 1 to n do
Estimate the Homography Hi from ( xi , xi ) using
RANSAC.
Stack the linear constraints into L in (24).
Find K from Cholesky decomposition of the linear
solution c of (24).
Refine
 K by minimizing the sum of reprojection errors
e = ( x − KRi K−1 x)2 .
(Gyroscope Calibration)
for i = 1 to n do
Compute ωiH  = θi / ti where
θi = phase( eig( Hi )).
Compute di = mean( zi − v).
Factorize D into W∗ = Up p and S∗ = p V
p by
SVD.
Stack all ωiH  constraints into B in (26).
Find A from Cholesky decomposition of the linear
solution q of (26).
S an upper
Recover 
S from A−1 S∗ and make S = R−1
triangular.
Refine S and
v by minimizing the sum of constraint
errors e = ( ωiH  − ( S )# ( zi − vi ) )2 .
1/2

(Relative Orientation)
for i = 1 to n do
Compute ωicam from Ri = K−1 Hi K and
gyro
= S− di .
ωi

gyro
Compute H = ni=1 ωi ( ωicam ) .
Find Ric = UV from the SVD of H = UV .
(Total Refinement)
Refine K, S, v and Ric simultaneously by minimizing
Etotal in (27)
Increase the camera rotation speed ω in the next
iteration.
k = k + 1.

Fig. 5. Time synchronization of a camera/gyro system. Top:
Given a sinusoidal panning motion, gyroscope angular speed is
asynchronous with an average magnitude of optical flows. Bottom: Time offset to = −0.02 s is identified from the phase lag
between two measurement sequences.
3

1.5
Error [deg]

Estimate the gyro bias v when stationary.
n ← the number of camera motions.

1/2

Before time synchronization

0

-1.5

-3

10

20

50

100

200

500

ratio ρ

Fig. 6. Systematic error in camera rotation angle θ obtained from
homography H ( θ = phase( eig( H)) when θtrue = 10◦ : this
error is induced by non-zero camera translation t but quickly
becomes unbiased as the distance ratio ρ = d/t increases. The
statistic of θerr is derived from 100 iterations when t is randomly
provided according to ρ.

small sinusoidal camera motion around a pan or tilt axis
and then compute average magnitudes of optical flows from
many feature tracks. Because the optical flow and gyroscope angle should have an identical phase, the phase lag
φo between the two sensor signals reveals the time offset
to of both sensors. Practically, we evaluate a cost function f ( to ) which is a normalized cross correlation between
OF( t − to ) and ωgyro ( t) . We then find a to that maximizes
the cost.

5.6. Simulation
A simulation was performed to evaluate the effect of nonzero camera translation on calibration accuracy. Figure 4
shows a simulation setup that allows camera translation t
when scene points are located at distance d from the camera. The camera was positioned in turns at each of the cube’s
corners. For each simulated data, the camera was translated
by the amount t and oriented in a new angle toward features. Figure 8 shows some examples of feature tracks generated by this kind of camera pose sequence with an average
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Fig. 7. Calibration accuracy according to the distance ratio ρ
(ρ = d/t in Figure 4): linear∗ means single-parameter
models (K∗ = diag( f , f , 1) and S∗ = diag( s, s, s)). refine
refers to per-sensor nonlinear refinement with an initial obtained
from linear. total refers to simultaneous total refinement of
camera/gyro parameters.

10◦ camera rotation angle. Each Hi was estimated using
RANSAC from an average of 150 feature tracks when a 0.5
pixel Gaussian noise was added onto 640 × 480 images.
The distance ratio ρ indicates how far the landmarks are
located with respect to the camera translation amount t,
i.e. ρ = d/t. The ratio ρ = 10 means that the camera
center moves up to 10 cm during rotations in which objects
are placed 1 m ahead.
For calibration analysis, we investigate a systematic error
of the angle θ obtained from a homography H when ρ is
finite. Only when ρ = ∞ is there no systematic error in θ ,
i.e. a camera performs a pure rotation (t = 0), or features
are located at infinity (d = ∞). In Figure 6, the estimate
of θ is biased and ωiH  in (26) would be more likely to
be smaller than a true angular speed. When ρ ≤ 100, θ
is expected to have more than a 4% root mean squared
error.
Also evaluated in the calibration are a single-parameter
camera matrix K∗ = diag( f , f , 1) and shape matrix
S∗ = diag( s, s, s). These are reasonable approximate
models for most cameras and tri-axial gyroscopes. When
plugged into (24) and (26), respectively, three times more

linear constraints are obtained for single unknown f but the
same number of constraints for s.
Figure 7 shows the calibration accuracy achieved when
the distance ratio ρ increases from 10 to 500. A total of 30
homographies were used (n = 30). The linear calibration
methods incur huge errors at a small ρ and only returns
acceptable results of lower than a 5% error when ρ ≥ 200.
Even at a small ρ, however, we observe that subsequent
per-sensor nonlinear refinements significantly improve calibration accuracy using initial values from the linear methods. For example, when ρ = 50, the factorization method
returns an 18% error in scale and refinement reduces it
to 8%. Owing to parameter overfitting, gyro alignments
(∠si sj ) have relatively large errors even when ρ ≥ 100.
Note that these simulated data were actually generated by
K∗ and S∗ with additional Gaussian noise. Hence, the best
calibration accuracy is obtained for single-parameter cases.
The parameter overfitting of K and S is observed from
the fact that calibration errors are critically reduced when
K∗ and S∗ are used. Because magnitude ωiH  is a relatively weak constraint for all parameters of S, the factorization method is more sensitive to measurement noises in D
and ωiH . Hence, a larger number of calibration measurements (n) is required to restrain overfitting especially in the
alignment in S.
Total refinement, which simultaneously minimizes
camera and gyro measurement errors, is compared with persensor refinement which independently minimizes respective measurement error. Although total refinement is far
worse than per-sensor refinement at ρ < 200, it yields a
better gyro alignment estimation at ρ ≥ 100 and relative
alignment at ρ ≥ 20 since additional constraints from camera measurements are imposed on these parameters. Since
the systematic error in θ decreases as ρ increases, total
refinement is expected to return the best result at ρ > 500.
Figure 8 shows the prediction residuals for the gyroaided KLT when the total refinement calibration results at
ρ = 50 are used. When gyro assistance is supported, the
average feature translation the KLT needs to track reduces
from 150 pixels to 10 pixels under pan or tilt camera
motions.

6. Experiments
We have tested our gyro-aided feature tracker on two different kinds of image sequences: an indoor desk scene
(640×480 at 30 Hz, see Extension 1) taken in front of a desk
while the camera undergoes motions, such as the shaking of
a hand-held device; an outdoor aerial scene (320 × 240 at
15 Hz, see Extension 2) captured during the flight of a small
fixed-wing airplane. Both datasets were acquired using the
same camera/IMU system in Figure 9, but their image resolutions and frame rates were adjusted according to the
processing power of their accompanying main computers.
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Fig. 10. Success rates of the image-only KLT according to initial warping parameter errors perr : 300 Harris corner features in
( 21 × 21) template are tested with different (a) translation, (b)
rotation and (c) scale errors. The zone corresponding to p-success
rate indicates a gross view of the convergence region C such that
Prob(perr ∈ C) = p.
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USB board camera and the IMU is an O-Navi Gyroscube
tri-axis MEMS inertial sensor. Their outputs are connected
to a main computer via USB and serial communications,
respectively. Three-tuple gyroscopic values in the range of
±200◦ s−1 are sampled at 100 Hz with a 11-bit resolution
A/D converter. The IMU is rigidly attached directly behind
the camera and carefully aligned with the camera to ensure
that the relative orientation is zero, Ric = I.
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Fig. 8. Comparison of initial conditions in the image-only and
gyro-aided KLTs. Top: Simulated feature tracks, equal to initial
errors in the image-only KLT, are generated by the sequence of
camera poses. Each rotation angle is around 10◦ . Middle: Prediction residuals, which are equal to initial errors in the IMUaided KLT, are computed by auto-calibration results when ρ = 50.
Bottom: Average initial errors in translation warping b.

Fig. 9. A camera/IMU experimental system for the IMU-aided
KLT feature tracking.

6.1. Camera/IMU system
Figure 9 shows the low-cost and lightweight camera/IMU
system used in the experiments. The camera is the Sentech

6.2. KLT convergence region
We empirically evaluate a distribution of the convergence
region C of affine warping parameters for our KLT implementation. Since every feature has a different C depending
on feature saliency and cost function concavity, we take
a gross view of C in reference to how many features are
successfully tracked given initial errors. Note that no gyro
fusion is involved here and the performance of ordinary
image-based tracking is examined.
A total of 300 Harris corner features in a 21 × 21 template was selected from one image in the desk scene and
then tracked by a multi-resolution KLT approach with three
pyramid levels. Various initial affine warping errors were
repeatedly imposed in order to test whether they converge
back to zero or diverge. Figure 10 shows the tracking success rates according to different translation, rotation and
scale initial errors, respectively. A 50% probability zone of
perr ∈ C is found as 20 pixel translation, 3.5◦ rotation and
0.05 scale errors.

6.3. Gyro-aided tracking performance
The performance improvement after incorporating camera–
ego motion compensation is compared with purely
image-based tracking, i.e. the image-only method. For the
desk scene shown in Figure 11, we shook the hand-held
camera 2 m ahead of the desk and sequentially conducted
three principal rotational motions (panning, tilting and
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Fig. 11. Robust tracking results of the gyro-aided KLT in the 640 × 480 desk scene: each row corresponds to various types of fast
camera motion (from the top, panning, tilting, and moving forward with rolling, respectively). The white tails are optical flows over the
last three frames. See Extension 1 for the video demonstration.

Fig. 12. Affine template warping occurred over a long period
of tracking as a camera moves forward with fast rolling. See
Extension 1 for the video demonstration.

rolling). Figure 13 compares the tracking performance
among the following three methods: (i) image-only affine
photometric model (IA = No gyro + Affine), (ii) gyro-aided
translational model (GT = Gyro + Translation) and (iii)
gyro-aided affine photometric model (GA = Gyro + Affine).
For the sake of comparison, if features were lost, the Harris
corner detector made each frame consistently start with a
total of 150 features.
For slow camera rotation, there is no difference in tracking performance between IA and GA, as shown in Figure
13(a). Instead, GT is significantly inferior to GA during camera rolling since GT has no warping model for template
rotation. For fast camera rotation, Figure 13(b) shows the
clear effect of gyro fusion in terms of the number of lost
features. Whenever pan or tilt rate is higher than 2 rad s−1
(corresponding to 20 pixels in translation), and roll rate is

higher than 2.5 rad s−1 (corresponding to 4◦ in rotation), the
number of lost features in IA becomes apparent. In contrast,
GA maintains a consistent tracking performance that only
loses 10–20% of features even at high angular rates. The
prediction obtained by the gyroscopes restrains initial warping errors within 10 pixels and 1◦ , corresponding to a 90%
probability region of the convergence area in Figure 10. The
flat peaks of gyro roll rates indicate that its maximum range
is exceeded.
Figure 14 shows the distribution of feature translations
rescued by GA in the desk scene. In other words, IA fails
to track these feature motions but GA is able to track them.
The empty hole at the center illustrates IA’s translational
convergence region of around a 15 pixel radius, while GA
can cover up to a 60 pixel translation. To evaluate longterm tracking capability, Figure 15 compares the tracking
length of IA and GA in terms of an accumulated histogram.
In this comparison, no new features are added once 300 features are registered at the first frame. GA always has a higher
percentile of tracked features at any tracking length. At a
50-frame length, half of the features still survive in GA but
only one quarter of the features are left in IA.
The performance of GT and GA is almost identical during
pan/tilt motions but GT becomes significantly worse when
roll motion is involved. This is because a translational warping model is not able to respond to out-of-plane camera
rotation. Figure 12 shows all of the degrees of freedom of
the affine model warping when the camera moves forward
with rolling. The templates translate, rotate and scale down
as the camera approaches the desk, and get sheared as the
angle to the desk plane becomes oblique.
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Fig. 13. Performance comparison in the desk scene between three KLT methods that use image-only affine photometric model (IA),
gyro-aided translational model (GT), and gyro-aided affine photometric model (GA), respectively. When features are lost, new features
are added so that every frame always starts with a total of 150 features. GA and IA has no noticeable difference in the slow rotation step,
but apparently GA has superior performance to IA whenever the gyro rates reach peaks during fast rotation. GT loses more features than
GA whenever camera rolling occurs.
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For the aerial outdoor scene, the tracking results of
IA and GA are presented in Figure 16. All of the scene
points were at least 30 m away from the camera. Although
feature tracking is not as accurate as that of the desk
scene due to its low image resolution, GA provides more
robust optical flows than IA in fast rotational motions. See
Extension 1 and 2 for video demonstrations of both experimental scenes.

0

Fig. 14. Inter-frame translations of features that the gyro-aided
KLT (GA) can track but the image-only KLT (IA) cannot. The
distribution of feature point translations (left) and its corresponding histogram (right) in the entire desk scene. The empty hole of
around 10-pixel radius at the center indicates the translational convergence region for IA. Gyro fusion enables GA to cover up to a
60 pixel feature translation.

6.4. Camera/gyro calibration
From the desk and aerial scenes, we selected 30 camera
motion pieces (n = 30) from each scene, either in a
steady rotation or at a local maxima of motion speed.
Feature correspondences were collected over two frames
for the desk scene and four frames for the aerial scene.
Some examples of feature tracks are shown in Figures 17
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Table 1. Auto-calibration results on the desk scene experiment: a total of 30 homographies were used (n = 30). The final parameter
estimates after the refinement had an 8.2% focal length error, 9.1% principle point error, 4.2 ± 8.2% error for three gyro scales (si ),
a 1.1 ± 10.6% error for three gyro alignment angles (∠si sj ).

Ground-truth

Linear

Linear∗

Refinement

K ( 640 × 480)
⎡
570.25
0.01
⎣ 0
569.32
0
0

⎤
−10.59
−22.00⎦
1.00

⎡
550.62
⎣ 0
0

294.88
677.27
0

⎤
−21.95
−15.57⎦
1.00

⎡

⎡
645.86
⎣ 0
0

0
645.86
0

⎡
615.79
⎣ 0
0

2.93
616.85
0

S
⎡

298.51
0
0

⎤

Euler (Ric ) (degrees)
⎡
⎤
0.00
⎣ 0.00⎦
0.00

0
298.51
0

0
0 ⎦
298.51

261.13
0
0

−11.93
326.14
0

⎤
65.89
42.73 ⎦
288.11

⎡

⎤
0
0 ⎦
1.00

⎡
292.03
⎣ 0
0

0
292.03
0

⎤
0
0 ⎦
292.03

⎡

⎤
−11.09
−0.01 ⎦
1.00

⎡

−30.04
300.82
0

⎤
27.23
4.94 ⎦
296.11

⎡

⎣

⎣

258.23
⎣ 0
0

⎤
−3.48
⎣ 6.75 ⎦
−13.78
⎤
0.09
⎣ 4.55 ⎦
−0.35
⎤
−0.25
⎣ 5.74 ⎦
2.12

Linear∗ refers to single-parameter models, K∗ = diag( f , f , 1) and S∗ = diag( s, s, s).
Percentile(%)
100
GA

NA

75

50

25

0
20

30

40

50

60

70

80

90

100

110

120

Tracking length (frame)

Fig. 15. Accumulated histogram of feature tracking length: 300
features are selected at the first frame and no new features are
added. The percentile of each tracking length indicates how many
more features are tracked compared to a given length. The gyroaided KLT (GA) has a higher percentile at any tracking length than
the image-only KLT (IA). For example, 50% of the features are
tracked in at least 50 frames by GA but only in 33 frames by IA.

and 18. The distance ratio ρ is roughly 20 for the desk
scene (t = 10 cm, d = 2 m) and 50 for the aerial scene
(t = 2 m, d = 100 m). The ground truth of K is obtained
using a planar checkered board by the DLR camera calibration toolbox (Sepp and Fuchs 2010), while that for S is
obtained from a product datasheet. The ground truth of Ric
is measured from a mechanical drawing of the sensor plate
in Figure 9 and corresponds to a zero angle.
Tables 1 and 2 show automatic calibration results of the
desk and aerial scene obtained from linear methods (24),
(26) and total refinement (27), respectively. As expected
from the simulation results in Section 5, the refinement

step significantly increases calibration accuracy compared
with initial linear solutions. Note that the bias v is excluded
in the total refinement, since n = 30 is not sufficient for
preventing the overfitting of increased parameters. In the
aerial scene, the linear camera calibration fails in Cholesky
decomposition due to the high noise present in the homographies which are derived from feature tracks in lowresolution images. The alignment in the gyro shape S is
relatively less accurate than other parameters because the
quality of calibration inputs is limited; rotation angles from
homographies are slightly biased and unsteady motions
during t cause the gyro measurements to become more
noisy than the feature tracks. Based on the ability of
single-parameter model S∗ to return a smaller calibration
error, we can deduce that the calibration dataset is not
informative enough to precisely recover the gyro’s internal
alignment.
It is noteworthy that camera motions in desk and aerial
scenes are not specifically intended for the purpose of calibration, but for typical use of a hand-held device and aerial
robot during normal operation. This fact clearly demonstrates that our method works for on-the-fly calibration
when it is necessary to run gyro-aided feature tracking with
no calibration priors in real scenarios. A calibration dataset
collected in a principled way as the simulation input would
contain more informative constraints and further improve
the calibration accuracy.
Nonetheless, prediction residuals, as shown in Figures
17 and 18, demonstrate that a sufficient level of calibration
accuracy is provided for gyro-aided tracking. After the
calibration results are plugged back into the camera–ego
motion compensation (16)–(17), translational prediction
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Table 2. Auto-calibration results on the aerial scene experiment: a total of 30 homographies were used (n = 30). The final parameter estimates after the refinement have a 5.3% focal length error, 36% principle point error, a 1.1 ± 10.9% error for three gyro
scales (si ), 7.4 ± 13.7% error for three gyro alignment angles (∠si sj ). The Cholesky decomposition failed due to high noise in the
homographies.

Ground-truth

K ( 320 × 240)
⎡
286.34
0.01
⎣ 0
286.53
0
0

⎤

5.02
−0.72⎦
1.00

S
⎡

298.51
0
0

⎣

⎡
Linear

Cholesky fails

⎡
Linear∗

208.69
⎣ 0
0
⎡

Refinement

265.10
⎣ 0
0

270.38
0
0

⎣

0
208.69
0

⎤
0
0 ⎦
1.00

⎡

3.58
272.28
0

⎤
−2.19
−44.48⎦
1.00

⎡

281.83
⎣ 0
0
259.23
0
0

⎣

⎤

0
298.51
0

0
0 ⎦
298.51

−108.67
239.63
0

⎤
−76.82
−35.81⎦
245.34

Euler (Ric ) (degrees)
⎡
⎤
0.00
⎣ 0.00 ⎦
0.00

-

0
281.83
0

⎤
0
0 ⎦
281.83

⎡

⎤
−3.45
⎣ 1.94 ⎦
−8.06

13.01
274.06
0

⎤
−78.94
−56.90⎦
285.88

⎡

⎤
2.50
⎣ 0.79 ⎦
−9.03

Linear∗ refers to single-parameter models, K∗ = diag( f , f , 1) and S∗ = diag( s, s, s).
frame = 17, 108/194 (55.7%)

frame = 55, 165/200 (82.5%)

frame = 92, 20/95 (21.1%)

frame = 133, 33/176 (18.8%)

frame = 148, 79/200 (39.5%)

frame = 133, 33/176 (18.8%)

frame = 148, 79/200 (39.5%)

(a) Image-only KLT (IA)
frame = 17, 108/194 (55.7%)

frame = 55, 165/200 (82.5%)

frame = 92, 20/95 (21.1%)

(b) Gyro-aided KLT (GA)

Fig. 16. Performance comparison between (a) image-only and (b) gyro-aided KLTs in the 320 × 240 aerial scene: the text in the images
shows the ratio between the tracked and total number of features, and the corresponding success rate. GA achieves more robust tracking
performance with higher success rates than IA. Tracked feature points are colored in red and lost features are in blue. White tails
represents optical flows over the last two frames. See Extension 2 for the video demonstration.

warp residuals are within 15 and 10 pixels for the desk
and aerial scene, respectively. These residuals are equal
to initial conditions for the gyro-aided KLT and belong to
a 75% probability zone of the convergence region of our
KLT implementation in Figure 10.

6.5. GPU implementation
We use a GPU to accelerate the KLT to cope with high
computational complexity of the affine-photometric warping model (7). A major bottleneck in the registration step

is the Hessian inverse (O( n3 ), where n is the number of
parameters) and that in the tracking step is the warping
parameter update (O( n2 )). The source code written in the
CUDA (Compute Unified Device Architecture) framework
and the datasets used in Extension 1 and 2 are available at
http://www.cs.cmu.edu/∼myung/IMU_KLT.
Figure 19 shows the computation time tested for the
desk scene. The test started with 512 features and inserted
new features whenever the number of tracked features
drops below 400. We use five levels of an image pyramid and a 21 × 21 template at every pyramid level. The
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t=545
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t=324

(b)

Fig. 17. Desk scene experiment (640 × 480): calibration inputs and gyro-aided prediction residuals (10 samples among 30 inputs). (a)
Correspondence inputs for the RANSAC-based homography estimation: features were tracked over two image frames ( t = 0.067 s).
(b) Translational prediction warp residuals of final calibration estimates. It is equal to the reprojection error of homography predicted
by gyro fusion, e = x − Hx = x − KRic Rgyro K−1 x.

t=19

t=35

t=86

t=271

t=284

t=331

t=144

t=189

t=388

t=422

t=144

t=189

t=388

t=422

(a)
e = x' - KRK-1x

r = 10 pixel
t=19

t=35

t=86

t=284

t=331

r = 10 pixel
t=271

(b)

Fig. 18. Aerial scene experiment (320 × 240): calibration inputs and gyro-aided prediction residuals (10 samples among 30 inputs). (a)
Correspondence inputs for the RANSAC-based homography estimation: features were tracked over four image frames ( t = 0.267 s).
(b) Translational prediction warp residuals of final calibration estimates. It is equal to the reprojection error of homography predicted
by gyro fusion, e = x − Hx = x − KRic Rgyro K−1 x.
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tracking step consistently takes 10 ms per frame. The
worst consumed time for the registration step takes about
40 ms. On average, our implementation processes 63.3,
50.3, and 53.9 FPS (frames per second) during panning/tilting, random shake, and forward moving with
rolling, respectively.
In Figure 20(c), tracking/registration times on the GPU
remain nearly flat regardless of how many features are
tracked while those on the CPU increase linearly as the
number of features increases up to 1,024. Figure 20(d)
shows that the computation time slightly increases linearly
with the template size while that on the CPU increases
quadratically. See Kim et al. (2009) for further discussion
on implementation issues and the performance comparison
between GPU and CPU implementations.

7. Conclusion
In this paper, we have demonstrated the effectiveness of
gyro fusion in feature tracking when camera–ego motion
is dominant. The knowledge of the camera’s inter-frame
motion can compensate for large hopping of true warping
parameters. Initial warping parameters revised by instantaneous gyro rotation greatly increase the convergence rate of
subsequent nonlinear optimization of KLT. Robust tracking performance has been clearly demonstrated in hostile
experimental situations, such as under the conditions of
heavy camera shaking or fast camera rolling.
Compared with previous work involved with sophisticated state estimation from inertial sensors, our fusion
structure is a concise but efficient form in which the parameter update is tightly coupled with raw gyro measurement in a short inter-frame interval. With this feature, the
structure can be easily plugged into existing image-only
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Fig. 19. Computation time of affine-photometric GPU-KLT
tracking 512 features in the desk scene (tested on an NVIDIA
GeForce 8800 GTX). The spikes correspond to the additional step
for new feature registration occurred when 20% of features are
lost. (a) Camera panning. (b) Camera tilting. (c) Camera rolling.
(d) Rolling with forward move.
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Fig. 20. Performance comparison between GPU and CPU implementations of the affine-photometric KLT in the registration and
tracking steps as the number of features and template size increase
(25 × 25 template and 512 features when they were fixed in the
comparison). More detailed results are shown in Kim et al. (2009).
(a) Registration versus number of features. (b) Registration versus
template size. (c) Tracking versus number of features. (d) Tracking
versus template size.

methods without any severe modification. In contrast with
other KLT implementations, we use the affine-photometric
model, which is able to deal with illumination change and
is also more suitable for integration with full 3D camera
motion in sensor fusion. Despite significantly higher computational burden than that of a translation-only warping
model, GPU-based parallel processing enables video-rate
tracking of up to 1,000 features.
We also presented an automatic online calibration of
a camera/gyroscope system. The benefit is that no prior
knowledge of sensor configuration is necessary and in-situ
or on-the-fly calibration capability is provided, since
tracks of natural landmarks are sufficient for a calibration
dataset. The assumption of a purely rotating camera is
apparently validated in the simulation in terms of the
distance ratio between landmark depth and inter-frame
camera translation. When the distance ratio is larger than
20, the calibration parameters from experimental data
show an error rate of less than 10% and maintain the
majority of prediction residuals in the KLT convergence
region.
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Appendix: Index to Multimedia Extensions
The multimedia extension page is found at http://www.
ijrr.org
Table of Multimedia Extensions
Extension

Type

Description

1

Video

2

Video

Indoor desk scene (640 × 480 at
30 FPS)experiment for gyro-aided
feature tracking as various types of
rapid and random camera rotation
are imposed.
Outdoor aerial scene (320 × 240
at 15 FPS) experiment for gyroaided feature tracking as a fixedwing model airplane maneuvers in
an urban area.
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