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Abstract—When a camera is affixed on a dynamic mobile
robot, image stabilization is the first step towards more corplex
analysis on the video feed. This paper presents a novel elemic
image stabilization (EIS) algorithm for highly dynamic mobile
robotic platforms. The algorithm combines optical flow motion
parameter estimation with angular rate data provided by a
strapdown inertial measurement unit (IMU). A discrete Kalman
filter in feedforward configuration is used for optimal fusion of
the two data sources. Performance evaluations are conducte
using a simulated video truth model (capturing the effects b
image translation, rotation, blurring, and moving objects), and
live test data. Live data was collected from a camera and IMU
affixed to the DAGSI Whegs mobile robotic platform as it nav-

igated through a hallway. Template matching, feature detetion,  y, he platform. Large image displacement frame to frame
optical flow, and inertial measurement techniques are compad !

and analyzed to determine the most suitable algorithm for tis IMmage blurring, and moving objects in the scene make reliabl
specific type of image stabilization. Pyramidal Lucas-Kande motion parameter estimates difficult to achieve. Thus asbbu
optical flow using Shi-Tomasi good features in combination wth  EIS algorithm is necessary to perform accurate navigation
inertial measurement is the EIS algorithm found to be superor.  estimation in the presence of these effects.

In the presence of moving objects, fusion of inertial measw@ment

Fig. 1. The DAGSI Whegs Robot and Camera/IMU Setup.

reduces optical flow root-mean-squared (RMS) error in motim This paper presents a novel EIS algorithm designed to

parameter estimates by40%. operate in the presence of large image displacement, image
blurring, and moving objects. Using the similarity motion

|. INTRODUCTION model, the algorithm fuses pyramidal Lucas-Kanade optical

Electronic Image Stabilization (EIS) is the process by whidlow using Sh"TQma_S' good features W'th inertial measure-
undesired motion is digitally removed from a video feed"€nt motion estimation by way of a discrete Kalman filter.
These are motion estimation, followed by motion compens&€rtial measurement motion estimation is performed by-sum
tion. In the motion estimation stage, the physical movemer'ng_ angular dlsplacemgnts between fra}me.s of a MIDG i
of the video image pixels between image frames are defin@§tial measurement unit (IMU) and multiplying the angula
within the parameters of a particular motion model. Onceta égsplace_ments by a co_nstant._ The two motmn est|mate§ are
of parameter estimates is found frame to frame, compemsatmen optimally fused using a nine-state discrete Kalmaerfilt
is applied to counteract the perceived motion. this creates A simulated video truth model and live test data are used
stable image feed. to compare the performance of several EIS algorithms. The

The motivation for this work is non-GPS navigation [1ffects of image translation, rotation, blurring, and nmayi
on biologically inspired robotic platforms. Platforms dik objects are captured. Using the novel optical flow with iiaért
the DAGSI Whegs [2], shown in Figure 1, are capable dfision algorithm results ir40% less RMS error than the
traversing stairs, large rocks, and other difficult terrdihis best alternative algorithm. A video showing unstabilized a
versatile mobility incurs costs upon imaging sensors affixestabilized performance is included.
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Il. BACKGROUND AND RELATED WORK 1 2 3 4 a

Images are described in raster coordinates,n), and !
normalized Cartesian coordinatés, y), as shown in Figure 2. m 2 z
Aspect ratio is described as 3 = !
4
H —
aspect ratio= — = — @ . a ) .
a W Fig. 2. Raster (left) and normalized Cartesian (right) coodinates.

where a is the inverse of the aspect ratio, H is the height of
the image, and W is the width [4]. . _ .
Given an image pixel coordinatén, n), the normalized iS stored. On the next image, the template is translated and

Cartesian coordinate pair is rotated until a suitable match is found. The template moveme
required for the match is the image displacement [3,5,6].
T = M and y = 2n —H (2) Feature detection techniques calculate frame displacemen
S S by tracking prominent and unique image features in sucoessi
where S= max(W,H) [4]. The (z,y) coordinate pair is frames [8,9,10,11]. In the previous frame, a feature pixéhp
referred to in matrix form ag, where is found, and a vector of directional gradients is formed as
T a descriptor. In the current frame, this descriptor vector i
c= { y } (3) compared against known features until a match is found. This

. ~ pair of matching features in two different images is called
The homogeneous representation for an untransformed imaggorrespondence. Once several correspondences have been

point (x, y) is €, where found, the transformation matrix can be computed usingst lea
2 squares approach or an algorithm such as random sample and
e=1| vy |. (4) consensus (RANSAQC) [7].
1 Optical flow techniques determine image displacement by

o . ] ) _ calculating the spatial derivatives of the image at cenpaxel
The similarity transform [4], which describes image motiof,cations and the image time derivative. both sparse angeden
involving translation, rotation and scale, is defined as forms can be used. Sparse optical flow, in the form of the

ct = [ AR T } & (5) Lucas-K_anade algorithm [12], is use(_JI in_ [13] and [14].
The final class of EIS methods is inertial measurement
where [15,16]. In this technique, an IMU is used to provide angular
T= { ? } (6) rate data, and these values are summed between image capture
Y times. A coefficient is then multiplied by the angular disga

is the pixel translation in the andy directions,\ is the scale ment output by the IMU in between frames, and this results
factor for the transform, and the rotation matiis defined in the motion parameter values.

as
B { cos(e) —sin(a) } I1l. OPTICAL FLOW WITH INERTIAL FUSION

(7) Template matching, feature detection, and optical flow

The « parameter is the rotation angle of the image. The sigﬁﬂethOdS "’?” generate motion estimates d_|rectly_from theaid
: L . .. Jeed. Inertial measurement does not require a video feedsan
of the anglea is positive in the counter-clockwise direction.

The — and+ superscripts refer to the pixel coordinates befoﬂgvzrrka;:f toclcr)nn?lgiii?\nomzlrlt?jl I'rzeeg;uurr”enrg;nr;detzv'gg (i)nt?z(ice
and after the transformation, respectively. P y 9 9

The coordinate frame for the system is shown in Figure ggsed estimate will thus result in a better estimate than one

. : method alone.

(LjJ_smg_ Euler angular representat|on, e, _an(_jzp angular In developing the novel optical flow with inertial fusion

irections follow the right hand rule and coincide with the . . . .
o . : ., _algorithm, representative algorithms of the four main s#gsof

y, and z directions, respectively. Observe that in the video
feed, positive¢ displacement generates negatiweimage
rotation, positived displacement generates negativepixel
movement, and positiveéy displacement generates positive %
pixel movement.

Far field scenes are assumed, which means that perceived x CAMERA
scene movement is attributed to camera rotation only, aatd th
camera translation is of negligible significance.

EIS algorithms can be categorized into four main tech- IMU
nigues: template matching, feature detection, optical, faovd
inertial measurement. In template matching techniquesadl s z
template image is copied out of the image, and this location Fig. 3. Platform Coordinate Frame.

sin(a)  cos(a)




EIS are created. Template matching, feature detectionppnd
tical flow are compared in order to determine the most swétabl
image based estimate for use with inertial measuremenserhe
three algorithms are tested against a truth model to identif
the technique that performs the best prior to inertial adin
The optical flow algorithm is shown to perform best, and is
then used in combination with inertial measurement in the fin
algorithm.

A. Evaluation of Non-Inertial Algorithms

In order to select the best non-inertial algorithm for usthwi
inertial fusion, the non-inertial algorithms are preseénsad

evaluated according to a video truth model. and blur length¢. The function then generates random values
1) Non-Inertial Algorithm Descriptions: for these parameters according to a uniform distributiomfr
Template Matching Algorithm. Following the process in the negative maximum to the positive maximum. The function
[3], the current image and the previous image are takeskes a large imagen24 x 1280, and rotates it by a randoth
from the video feed. Six templates evenly Spaced within thfhe rotated image is Cropped to match the Origmx 1280
image, each of siz&4 x 64 pixels, are copied out of the size. A window of size512 x 640 is then taken from the center
previous image. These templates are then decimated, angf e rotated image, plus the random horizontal and vertica
four level template image pyramid is created. Similarlye thtranslation values T. This allows for a simulationsaf », and
current image is decimated, and a four level image pyramidfor the duration of the video.
is created for the current image. Template searches are thefne effects of blur are captured by parameterand¢. The
performed across the levels of the pyramids. At the highagflues ofy and¢ are input into a point spread function (PSF)
level, the search is constrained to 16 pixels, which amouri{#ich is applied to the image. When blurring is activatedhea
to a 128 pixel displacement for the original image. EaGhage is given &0% probability of experiencing a blur.
subsequent level then performs a more localized search, untThe determination of error between the EIS parameter
the final match is achieved. The search is for theandn estimate and the true parameter value is accomplished by
pixel displacements which bring the correlation value @sel gptracting the estimated frame to frame displacemenbwect
to unity as possible. from the true frame to frame displacement vector. The resgidu
Feature Detection Algorithm. Scale-invariant feature yector is the estimation error for the duration of the test.
transform (SIFT) [18] is performed on both the previous ima@Using the root-mean-squared (RMS) value of this error vecto
and the current image. Each feature has a particular pixgleffective to compare the overall performance of an EIS
location and a directional gradient descriptor vector.téiea algorithm for a particular run.
matching is performed by finding the descriptors which have Non-Inertial Results. Using the truth model, translation
the smallest inverse cosine of the dot product between theﬂ&ting is performed upon each of the three non-inertial al-
RANSAC is then performed on these sets of corresponden%ithms_ The truth model is given a uniformly sampled 100
and the output is the most probable transformation matrifixe| maximum movement in the: andn directions, which
From the transformation matrix, the andn pixel displace- approximates the actual maximum pixel movement for the live
ments and the image angteare found. data set. The length of the video is 100 frames. The results
Optical Flow Algorithm . Shi-Tomasi good features [19]of the test are shown in Table I. Note that template matching
are found in the previous image, and then Lucas-Kanade opfisriorms the worst, and both feature detection and optical fl

cal flow is performed on the current image. This provides S&{gform near perfectly. Because template matching pegorm
of feature correspondences between images, and RANSACGSpoorly it is excluded from further analysis.

performed. Them, n, and a displacements are then found Next, the image undergoes a rotation of maximefm

from the transformation matrix, _ in addition to translation. Table Il shows that both feature
2) Performance of Non-Inertial Algorithms: detection and optical flow perform well. In the next test, an
A video truth model is developed in order to rate thgqgitional blur function is added to the video. The maximum
anticipated performance of the image-based EIS algorihms |, |ength is set to 100 pixels, and the maximum blur angle

DAGSI Whegs. The truth model allows for the observation Qf set t0180°. Table 11l shows that performance significantly
the exact motion parameters between frames. Knowing these

values, errors associated with a given EIS algorithm can be

Fig. 4. Base Image for Truth Model

described. TABLE I. Translation Test Error.

The base image used for the truth model is a hallway M RMS N RMS « RMS
image from the live test data, shown in Figure 4. The input Template Matching 27.67 63.84 N/A
parameters of the truth model generator function are the Feature Detection 0.0 0.0 0.01°
maximum values for rotatiord), translation, T, blur angley, Optical Flow 0.67 0.67 0.01°




TABLE II. Trans. and Rot. Test Error. S . Cuwrrent Perform Lucas-Kanade
1 Unstable Image Optical Flow

M RMS N RMS « RMS Jnstatie ' Feature L
Feature Detection 4.88 4.67 0.01° S Previous FTGood| | Points b
Optical Flow 176 1.69 o.orc . " Unstable Image ™" ’
Matched Matched || ek
Feature Feature ! !
TABLE IlIl. Trans., Rot., and Blur Test Error. C Points  homs
m RMS n RMS a RMS RAN‘SA“(:,,OMOW Raster to Cartesian o § §
Feature Detection 34.97 36.98 1.47° 3’;””“.""”” T Data Stream P
Optical Flow 1.99 5.19 0.21° S aotion 3 Co
Parameter y Detector ! !
Convert From Estimates Perform Value Caleulate
Cart(c)sian to Roa‘stcr 777777777777 77777777777777
. . . Optimal Angular \Optimal Angular
degrades for the feature detection algorithm, whereasalpti Displacements Between | Displacements
flow maintains good accuracy. Finally, a moving object igy" 2" k- frames B
injected into the video scene in the form of380 x 300 L Optimal Motion

black box moving at constant speed from left to right. both 7= === |

| i Local
Stable
Video Feed

hallway scene with moving object are shown in Figure 5. Motion
Both optical flow and feature detection are effective foi-est  Fig. 6. Optical Flow with Inertial Fusion Block Diagram.

mating large image displacements in translation and mtati

However, the optical flow algorithm is more robust against

image blurring and is therefore selected for use in the fingbtween frames. The equation used to generate the detector

EIS algorithm. value is

C
- ﬁ)) (8)

here T is the average track error for the frame, and C is the

T
B. Inertial Image Stabilization Algorithm D(T.C) = (50
The optical flow method is now combined with the inertia\IN

measurement method. The algorithm follows the block di%’umber of correspondences. The track error raﬁg and
. 0!

gram shown in Figure 6. Motion estimation at the curre%e correspondence ratid, — 5—%0), are multiplied to calculate

time requires both the current image frame and the Ia} te detector value. The number 1000 is used in the track error
captured image frame. The good features are found usi

. ) . : _ratio because the maximum track error value during testing
the Shi-Tomasi technique. Pyramidal Lucas-Kanade opt|caas approximately 1000. The value of 500 was selected for

flow is then performed. The a_lgorlthm uses the fm.d goot\ﬁe correspondence ratio because the maximum number of
features function and the pyramidal Lucas-Kanade optioal fl correspondences allowed in the OpenCV pyramidal Lucas-

function provided by the OpenCV library [21]. : : : L
. : Kanade optical flow algorithm is 500. Multiplying the two
The track error vector is used with the number of featurr%tios, the final detector value gives insight into the teligy

correspondepces o generat_e a detector value. T_he detg& e motion parameter estimates found by optical flow.
value approximates the error in the EIS method and is reduire Note that even though the detector value is correlated to

for the Ka_lman filter to fuse the I.EIS and IMU resu!ts'.Th%ctual performance of the stabilizer, a high detector vehes
detector yields values close to unity when there is sigmifica

disturbance and differences between the current frametand not necessarily mean features could not be accurately exhtch

. . .. |t states only that there is significant pixel intensity eiince
previous frame, and close to zero when there is great sityilar y 9 P ty @
between the image.

The vectors of matched points in the image, output by the
TABLE IV. Trans., Rot., Blur, and Moving Object Test Error. Lucas-Kanade algorithm in raster coordinates, are coesert

M RMS N RMS « RMS into Cartesian coordinates in order for RANSAC determorati
Feature Detection 38.20 26.01 3.330 of the transformation matrix. The motion parameter values a
Optical Flow 28.93 38.44 4.21° then extracted from the transformation matrix. They, and

« displacements are then fused with gyro sensor data from the
inertial device to generate the optimal motion estimates Th
fusion is accomplished by way of Kalman filtering.

Kalman Filter Development. The nine state discrete
Kalman filter uses a perturbation model to estimate the IMU
output errors. The IMU output errors are characterized and
modeled as a first-order Gauss-Markov process.

The state vector for the system is shown in Equation (9).
There are three angular displacement state8, and), three
angular rate states, p, g, and r, and three drift bias states b
Fig. 5. Hallway With Moving Object Injection. by, and k. The translational states have negligible significance




Angular Rate Drifts

TABLE V. Autocorrelation Parameter Values.

40 ‘ Run 1 Run 2 Run 3 Average
—— ¢ Runs
R 0.08 0.12 0.17 0.123 Do
"g|m — 60 Runs 4.0 x 103 3.0 x 103 3.0 x 103 3.33x 1073 B,
= ¢ Runs 0.025 0.025 0.035 0.0283 o
£ ol | 25x 1073 1.5x1073 1.5x1073 | 1.83x1073 g
~ 0.15 0.045 0.035 0.04 D
E o\_‘_’_,:‘ = 1 25x107%  13x107% 1.0x 1073 | 1.115x 1073 B,
= — TN ——
°0 -10r 4
< -20r
Autocorrelations of the unsummed angular rate vector are

|
w
o

800 1000 1200 1400 1600 1800
Time [s]

200400 600 calculated, andp and g values determined by exponential
curve fitting. An example plot with its curve fit is shown in
Figure 8. The complete collection of Gauss-Markov paramete
values is found in Table V. IMU sensor noise is characterized

by using the averages of these values.

Dynamic Model Development The general form for the
dynamic perturbation model of the platform is

Fig. 7. Angular Rate Drift.

Autocorrelation for ¢, Run 1

—— IMU Data
Curve Fit_|{

0.15 ps = 0.08

0X = Fox; + Bu, + Gwy, (13)

whered x;, is the perturbed state vectar; is the deterministic
input vector, andwy, is a vector of zero-mean additive white
Gaussian noiseF is the system dynamics matriB is the
control matrix, andG is the noise matrix. There is no control
mechanism for the system, B = 0. The G matrix is the
identity matrix. TheF matrix is

600 800 1000

Time [s]

400

0 200

1200

Fig. 8. Example Autocorrelation and Parameter Determinaton.

(00001 00 1 0 0
because of the far field assumption and are ignored. 00 0010 o0 1 0
T 0000O0OT1 O 0 1
x=[¢ 6 ¥ p d r b by by ] ©) 000000 O 0 0
Characterization of IMU Error . The IMU errors affecting  F= (0 0 0 0 0 0 0 0 0 (14)
the angular outputs are approximated as a first-order Gauss- 000000 O 0 0
Markov process. This is described as a noise source whose 000000 =5 0 0
autocorrelation function is of the form 0000000 0 —f 0
000000 O 0 —By]
R(r) = p, 1"l (10)
and of differential form The state uncertainty matrixQ;, is comprised of the
_ _ variances of the different states. The variances of thethias
n(t) = —n(t) + wa(t) (11) states, b, by, and kb, are found from using Equation (15) for

g each run and averaging the results. The units for the varianc

where n(t) is the current value of the noise, is the time ¢ ihe pias states are degrees squared. The three angelar rat
constant for the noise process, ang(1) is zero-mean additive giate variances, p, g, and r, are found from the variance of
white Gaussian noise of streng#fi. The time constant and e output of the motionless IMU and averaging the results
f value are related by from the three runs. The units for the variance of the angular
T== (12) rates are degrees squared per second squared. The varfance o
p the angular displacement states,f, and, are determined
To determine the values gf and 8 in Equation (10) for the by integrating the angular rates and averaging the varg&ance
IMU used, the device was left motionless on a table and thregthe results from the three runs. The units of the angular
sets of data were collected, each of duration of at least 8&placement variances are degrees squared. The finakvalue
minutes. Each angular rate was affected by a random driftifiy Q. are found in Equation (16).
bias. These drifts are shown in Figure 7, which were arrived
at by cumulative summing of the angular rate vector provided
by the IMU.

o?=28p (15)



Kalman Gain:

- —1

0 0 0 0 0 _ _
04.3E-9 0 0 0 0 0 0 0 K=P.H |HP.H + R;
0 09.2E—9 0 0 0 0 0 0
0 0 01.6E-5 0 0 0 0 0
Qk: 8 8 8 8 1.6E(]_53 6E85 8 8 8 Time Projection: Measurement Update:
0 0 0 0 0 0 8.2E—4 0 0 ot ,
0 0 0 0 0 0 01.0E-4 0 Kt = Xk K =%+ K zrmk}
L o 0 0 0 0 0 0  092E-5] |PuizoPisT+q

(16)
Measurement Model Development The measurement Covariance Update:
model is defined as

. = |[I-KH|P,
0z, = HOXp, + Vi, 17)

Py =

where H is the observation matrixz, is the measurement
vector, andv, is the measurement noise. The observation
matrix H defined as

-55 0 0 000000
H-= 0 1898 0 000 00 0].(18) m Value 1
0 0 —1898 0 0 0 0 0 0 n Value /|

< a Value -
These values were found by performing parametric sweeps §104 //
and visually matching the output plots to a section of vidéo o .
known displacement. Note that for a perturbation measunéme fi
model, theH matrix is the negative of the true observation !
matrix. 107, 0.2 0.4 0.6 0.8 1

The z;, vector in the measurement model is comprised of the Normalized Error

frame to frame displacement estimates provided by EIS. EIS
is a particularly unique kind of measurement, because é@rsff
relative measurements and not absolute. The displacement i

given from thex at the last time of frame capture, which is

estimated byx in the Kalman filter. The perturbation modelM!NIMuM error it all .Of the EIS estimate IS fuIIylln_corpordte
) ; and maximum error if none of the EIS estimate is incorporated
must account for this. The nedz; is found to be

RMS errors were collected for values of R ranging from
. 1 x 107° to 1 x 10'5. Maximum RMS error occurs when
0Zky = Zky — Hlxkcf - kaf]' (19 o EIS information is incorporated into the measurement,
_ ) ) ) and minimum RMS error when EIS is incorporated into the
where k is the current frame time anéys is the previous measurement. Figure 10 shows the normalized error to R value
frame time. The full perturbation measurement model is theg|ation. These complex curves are difficult to match with a
521y = HOXpy — HRpyy + Vi (20) s_imple eql_Jation. However if the view is_co_nstr_ained to the
linear portions of the curves, as shown in in Figure 10, the
To make the appropriate changes to the Kalman filter equatiurves resemble exponential form. Thus th@DR equations
in Figure 9, replace every occurrence ®f with 5%, and should be of some exponential form
every occurrence of;, with 6z, and proceed as normal.
Measurement Variance Determination The R, matrix ne’®. (21)

values define how much of EIS measurement is incorporat%e final values for the; and~ coefficients are determined

or how little. When the detector value is near zero, all of the . .
. . ) using parametric sweeps. These sweeps were conducted
EIS measurement is desired. When the detector value is clgse. . . .
. . ; uring the moving object hallway test. The coefficients are
to unity, all of the IMU measurement is desired.

The data from one of the three stationary test sets chosen so as to minimize the total RMS error for the run.

. ; : . ese values are thus optimized for the specific environment
used to determine the precise relationship between R and - : ;

. uilding hallways. Depending on the scene environment of
amount of EIS measurement to incorporate. The IMU was |

. e platform, these values may be altered to provide better
motionless on a table, thus the true values of the angules ra P ' may P
. ; results. The final D) equations are
are zero for all time. EIS measurements are simulated by a

Fig. 9. Kalman Filter Equations [20].

Error to R Value Determination

Fig. 10. R Value Error Plot.

zero vector. The state estimatg of the filter should then be Rm = (1x1073) x €8P
close to zero if EIS is fully incorporated, and deviate from R, = 0.1 x %P (22)
zero if none of the EIS measurement is incorporated. This Ro = (1 x 1073) x 8P,

corresponds to the total error. The state estimate will have



TABLE VII. Hallway with Moving Object Test Error.

Error to R Value Determination

150 —m‘Value M RMS N RMS « RMS
n Value Feature Detection 18.01 31.03 2.02°
2 1000 p Optical Flow 16.16 21.08 2.20°
= /| Inertial Measurement 23.76 23.43 1.00°
> S Optical Flow with Inertial Fusion 11.82 14.47 0.78°
~ 500 ’,/
0 ,,_7.”/ ‘ results in a 27% reduction in RMS error in the direction,
0 0.2 04 06 0.8 1 a 31% reduction in RMS error in the direction, and a 63%
Normalized Error . . . .
reduction in rotation RMS error, compared to the optical flow
Fig. 11. Zoom of R Value Error Plot. algorithm. Averaging these values, optical flow with ingirti
fusion is capable of 40% lower RMS error than the best
TABLE VI. Hallway Test Error. alternative in the presence of moving objects.
M RMS N RMS « RMS Algorithm Speeds Algorithm speeds were also compared.
Feature Detection 12.52 9.03 0.71° The mean required time for optical flow is 1.1 seconds for
Optical Flow 3.04 2.91 0.48° each estimation loop. Feature detection requires 4.6 siscon
Inertial Measurement 23.76 23.43 1.00° Template matching requires 2.5 seconds per loop. Inertial
Optical Flow with Inertial Fusion 2.58 5.62 0.79° " measurement required 0.6 seconds. The simulations were

conducted on a personal laptop running a 2.1 MHz processor.

) o ] With faster hardware and speed optimized code the algosithm
Camera to IMU Bias Determination. A bias that separates,yj| run much faster, however these loop time values provide
the image frame capture time from the IMU capture time exisfgsight into relative time requirements between the meshod
between the camera clock and the IMU clock. The bias musty_gjgnificance Testing To obtain further insight into the
be known in order to correctly fuse the data. This bias Wagsion of inertial data, a T-significance test is conducted
determined to be).13 seconds by matching up the knowmetween the error plots of the optical flow algorithm and the
displacement of the video feed to the calculated displacémgptical flow with inertial fusion algorithm. The resulting p
output by the IMU. values are
Referring to the block diagram in Figure 6, fusion of the op-
tical flow estimates and inertial data is achieved by the Kam
filter. To determine the optimal frame to frame displacersgnt n: p—value= 0.762 (23)
sum the angular displacements in between frame times and «a: p—value= 0.303
multiply the result by the appropriate coefficient specified o the 1, and n directions, there is not much statistical
the H matrix. _ o difference between the performance of the optical flow al-
The motion parameter estimates of the video is then 104y ithm and the optical flow with inertial fusion algorithm.
pass filtered, and the local motion extracted. Compensatipflis can be directly interpreted from the plots in Figure 12.
on the image is then accomplished by transforming the imagg,ye spikes occur at the same frame transitions for both
by the negative values of the local motion estimate. Thelresyyorithms. This occurs because both optical flow and iakerti
is a stabilized video feed that maintains gross motion. measurement incur large estimation errors for these specifi
1) Inertial Algorithm Results: frame transitions. The substitution of a bad IMU measurémen
The first test uses the video from the DAGSI Whegs asi¥ made for a bad optical flow measurement. Use of a higher
navigated through the hallway. Because of the lack of a trufiage IMU will improve the IMU measurements, resulting in
model for the IMU values, a manual determination of framgreater statistical difference between the optical flovogtgm
movement is accomplished. After this process is conductgfly the optical flow with inertial fusion algorithm. Howeyer
on the video sequence, the resulting motion estimates @i@n though both algorithms experience peak errors at the

used to create a new stabilized video. The parameters gkgne frame transitions, these errors are significantlyceiu
then fine tuned visually, correcting for any movement the

video appeared to undergo. After several iterations of this IV. CONCLUSIONS

process, a stable video is achieved, and the true frame td-or robust image stabilization, it is necessary to combine

frame motion parameter values well approximated. The tesuhe effectiveness of optical flow and inertial measurement.

comparing the algorithm to this manual truth model are shov@ptical flow provides accurate estimation using the videsulfe

in Table VI. Optical flow, and optical flow with inertial fusip even in the presence of large image translation and image

are comparable in performance. blurring. Inertial measurement provides invariance asfain
The second test involves a simulated moving object in tlmoving objects. The novel algorithm presented in this paper

hallway video. A300 x 300 pixel black box is sent left to right optical flow with inertial fusion, combines these two methpd

across the scene. The results from the different algoritaas and is capable of0% reduction in RMS error compared to

shown in Table VII. Using optical flow with inertial fusion optical flow alone in the presence of moving objects.

m : p— value= 0.801
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Fig. 12. Hallway with Moving Object Test Error.

The main contribution of this paper is the novel EIS
algorithm, optical flow with inertial fusion. It uses Shiihasi
good features and pyramidal Lucas-Kanade optical flow fused
with inertial data by way of a nine state discrete Kalman
filter. The second contribution of this work is an EIS algo-
rithm capable of effective stabilization on the DAGSI Whegs
robotic platform, for which an image stabilizer has not been
developed. The third contribution of this work is a numerica
analysis performed on the four main classes of EIS.
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