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VISION SYSTEM FOR RELATIVE MOTION ESTIMATION
FROM OPTICAL FLOW

This paper talks about the vision systems that allow the receipt of information on relative object motion in real
time. It is shown, that the algorithms solving a wide range of practical problems by definition of relative move-
ment can be generated on the basis of the known algorithms of an optical flow calculation. Works in the field of
an optical flow calculation have been conducted for more than 30 years. Last decade these methods were used in
a wide range of applied problems due to increase of computers computing capacity and the occurrence of spe-
cialized graphic processors. There are many articles that have been written on the subject of optical flow meth-
ods. There are also widely available libraries with an open code, in which the ready applications of the most
popular optical flow methods could be found (for example, OpenCV, LTI-Lib, VXL). Methods of an optical flow
appear to be useful for segmentation of images, and also for detection of obstacles from moving objects.
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Introduction

Despite the growing efficiency of computers, it is
prudent to see how the optical flow method can be
widely used in different applications but with minimal
computing expenses and sustained data accuracy and
calculating stability. In order to reduce computing ex-
penses restrictions to the way optical flow calculated
and processed may be imposed.

Important questions to be answered are:

— accuracy of calculations at a low image resolu-
tion;

— selection of an optical flow method for specific
targets regarding the optimal parameters values;

— algorithms’ construction where parameters can
be adjusted depending on changing conditions.

The work paper set out to address the following
tasks:

— calculation and interpretation of an optical flow
using Lucas-Kanade method on pyramids of images
given plain -parallel camera movement as well as
movement under an angle;

— determination of how calculation accuracy de-
pended on resulting values of algorithm parameters in
various applications;

— identification of how all algorithms functioned
together when a single task was performed in real time.

Results of researches

During VS creation the following two basic meth-
ods were used in order to determine relative movement
on an optical flow:

— COTS technology in configuration of hardware
and software parts of the system;

— the VS system was also formed as a component
of information system of mobile devices, inside of
which there was programmed an ability to integrate with
local and global navigation.

A sparsed optical flow method has been used to
achieve maximum efficiency and to decrease computing
expenses. The optical flow is not applied throughout the
picture, but only at feature points.

Any algorithm based on a sparsed optical flow
method entails three stages:

— identification of feature points of the image;

— definition of the vectors where feature points
are displaced;

— segmentation of the resulting vector field and its
interpretation.

These stages would be called processing levels of
initial visual data. Besides these traditional operations,
the following algorithms were added: algorithms that
allow selecting areas of interest in a video camera’s
view, algorithms that can statistically calculate statisti-
cal vectors’ displacement and finally, algorithms that
can automatically change the parameters of visual data
inputs.

These stages would be called processing levels of
initial visual data. Besides these traditional operations,
the following algorithms were added: algorithms that
allow selecting areas of interest in a video camera’s
view, algorithms that can statistically calculate statisti-
cal vectors’ displacement and finally, algorithms that
can automatically change the parameters of visual data
inputs.
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The functions from OpenCV library were used
to completely implement the low level of video data
processing. An approach identifying feature points
was selected in order to keep the system working in
real time and also to be able to address any new is-
sues at a low level from the known optical flow
methods. There is a possibility of effective process-
ing of image points by regions of interest. These
regions are set by special masks (based on priority of
information or as a result of analyzing images from
previous video sequence) which are formed by algo-
rithms of top level.

Let each point of the image be characterized by the
function of intensity I (x, y). For the further combina-
tion angular points are then selected as feature points.
Harris's [6] modified algorithm which reacts to angles is
applied to their allocation. Angle in this case is a local
distinctive area (location) of the image where the
change of intensity function I is maximized simultane-
ously in both directions x and y. An equation for Har-
ris’s detector:

R} (x.y) = det(G(x,y)) ~k(tr(G(x, ) =
2
=hhy =K +25)".
Where G — covariance matrix of derivatives func-
tion I(x,y) (Hessian’s functions I of second order):
a) aa
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A;— Hessian own values, and k - empirical
value is usually taken out from the interval [0.04,
0.06]. — R, is called an angle sensitivity function. If

its value is negative, then the found location is an
edge; if its value is higher than the positively set
threshold, then the location is an angle. Locations
with positive values lower than the threshold are
considered monotonous. Parameter k sets operator’s
sensitivity in that higher the parameter value, the
fewer number of angles will be found. Derivatives
(according to numerical methods) are in a vicinity of
points; therefore high-frequency filtration has already
been embedded in the algorithm. Local function
maxima are picked out because several neighboring
angle points yield maximum values for the angle
sensitivity function R;.

From now the definition of Gauss pyramid of im-
ages will be used. Gauss pyramid of images is a num-
ber of images with resolution consistently decreasing
by 2. The initial image lays in the pyramid basis. The
operation of images’ combination calculates vectors

fields that translate feature points of the first image
into those of the second image. When optical flow is
calculated in a traditional way, it would be ideal to
compare all points of the image. However, not all
points are unique, not all of them are feature points
that could be exactly applied to the points from the
second image, for example, points found in monoto-
nous areas where brightness of image is the same. This
is the reason why optical flow algorithm to such points
is not applicable. For image combination, i.e. dis-
placement vector identification, Lucas-Kanade method
is used, where minimization condition states that vec-
tor displacement:

Vop G 7' 3)

The formula (3), the basic formula of Lucas-
Kanade optical flow, states that the vector which fully
correlates a point of the first image to that of the second
could be found with a margin error. To reduce the error
the given method is applied iteratively, i.e. the found
vector becomes an input parameter into the algorithm to
produce a new more exact vector.

The process is repeated until the desired accuracy
lever or number of iterations is achieved. Optical flow
methods have an essential weakness: they can be ap-
plied at small (1-3 pixels) displacement of objects. In
order for the algorithm to work with larger displace-
ments, it is applied to the Gauss pyramid of the initial
image. First, the vectors at the top level of the pyramid
are calculated; the process is repeated until the margin
of error sufficient for the application at lower level is
reached.

These steps are performed for all levels. A vector
of an optical flow is resulted at the final stage. This
algorithm even given all its advantages has an essential
drawback: small errors in calculations at top levels of
the pyramid tend to accumulate and increase.

In the OpenCV implementation depending on
flags, the pyramid of images can be constructed in ad-
vance, or the function of finding an optical flow would
call it before the calculation begins. The size of a pyra-
mid is chosen based on a rough estimate of visible
plain-parallel displacement of an image (or from the
prior information, or from a previously calculated vec-
tor). Two times as many displacements are found with
every new level of a pyramid.

If the feature point of the first image appears
closed on the second or falls out of the image area,
there are two approaches to address this situation:
either such point is marked as the one for which a
conformity is not found or the algorithm would substi-
tute the point with another with similar features to
yield a false vector i.e. an optic flow vector that does
not correspond to the true objects’ movement on the
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scene. False vectors would be filtered at the next stage
of the algorithm.

Depending on the application, vectors’ filtration
may be more challenging than the actual determination
of optical flow. Undoubtedly, accuracy and stability of
the solution for a specific task is depended on optical
flow vectors’ segmentation. Also at that stage an im-
age comparisons in a camera objective (the so-called
visible image) to the real movement of the camera
(objects relevant to the camera) is made; and the re-
sulting data would serve for subsequent calibration of
algorithms.

At a described stage of research, the relative
movements, in which the visible movement was either
plain-parallel or the movement of camera’s sensor plain
under a constant angle to the surface’s plain, were con-
sidered. Finding an average vector for an optical flow of
such camera movement is not that difficult. It is the
vector whose coordinates equal to the sum of corre-
sponding coordinates of all vectors divided by the num-
ber of vectors (given corrections of camera movements
under an angle).

The filtration of false vectors of optical flow is
better conducted based on direction or length, keeping
those, whose directions or lengths lay within the ac-
ceptable for the average vector’s margin of error. The
resulting filtration data could be used iteratively: first,
find an average vector, then, reject vectors considera-
bly deviating from the average vector’s directions or
lengths, finally, find a new average vector, reject, and
reduce the error. Thus, the accuracy of average vec-
tor’s calculation as it relates to the plain-parallel
movement rises. Since restrictions to the camera
movement are imposed a priory, comparing an average
vector to the real world metric, movement parameters
could be obtained.

Top-level algorithms set out the functionality for
the system itself beginning from the visual data collec-
tion and ending with the results about a certain relative
movement.

Conclusion

The initial a priori data for the algorithms are:

—  location and characteristics of attainable vis-
ual fields (resolution, zoom, responsiveness of the vis-
ual data channels);

—  location specifics and images’ contours of
the observed objects (in order to form masks and neces-
sary resolution for the level of Gauss pyramid;

—  possibility to obtain additional data about ob-
served objects.

In this work paper it has been shown through a
number of experiments that the rational use of well-
known low-level optical flow algorithms could solve a
wide range of tasks where an estimate of parameters of
relative objects movement is needed .Thus, the follow-
ing issues with the optical flow analysis have been ad-
dressed:

— big volume of processed data;

— texture variability (structure of a underlying
surface);

— the errors in feature points correspondences.
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CUCTEMA TEXHUYECKOTI'O 3PEHUSI OTHOCHUTEJIBbHOM OIIEHKH! JIBUKEHUSI
B OIITHYECKOM IIOTOKE

JI.A. bopxoeckasa, A.B. bopxoexuii, A.A. Hnvnumckas, /[.A. Trona

OTa CTaThs pacCKa3bIBACT O CUCTEMAX TEXHUYCCKOI'O 3pCHHA, KOTOPBIC MMO3BOJIAIOT MTOJIYYaTh I/IH(l)OpMaHI/IIO
00 OTHOCHUTEIHLHOM JBUXKXCHUU o0beKTa B pPEXKUME pCaJIbHOI'0O BPEMEHHU. HOKaSaHO, 4YTO aJITOPHUTMBI, HEO6XOI[I/I-
MBIC UId pCHICHUA HIMPOKOTO Kpyra MpakKTHYCCKHUX 3aAdad IO OIMPEACICHUIO OTHOCHUTCILHOI'O ABMKCHUSA MOI'YyT
OBITH MOJIYy4YCHbI Ha OCHOBC M3BCCTHLIX aJITOPUTMOB pacye€Ta OINTUYCCKHUX IMOTOKOB. PaGoTel B 00J1aCTH ONTHYE-
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CKOro pacyera IIOTOKa OBLIM NMPOBEICHHI Ha MPOTsHKeHUH mnocienHux 30 ner. B mocienHue necatunetust 3Ta
METO/bI ObLTU HMCIIOIb30BAHBI B IIUPOKOM KPYTY NPUKIATHBIX 331a4d B CBSI3U C YBEIHMYCHHEM BBIYHCIHTEIBHOMN
MOIITHOCTH KOMITBIOTEPOB W IOSIBJICHHE CIIEUATN3UPOBAHHBIX rpaduueckux npoueccopoB. CymiecTByeT 00ib-
1I0€ KOJIMYECTBO ITyONMKaluii, KOTOpble OBUIM HAalHMCaHBl Ha JaHHYIO TeMy. CyYIIECTBYIOT TakXe HIMPOKO JOC-
TyIHbIE OMOJIMOTEKN C OTKPHITBIM KomoM, Takue kak OpenCV, LTI-Lib, VXL. Meroasl OoNnTHYECKOro MOTOKA
OKa3bIBAIOTCS MOJIE3HBIMU ISl CETMEHTAIIMN M300paKeHHH, a TaKkoKe JUIsi OOHAPYKEHHUS TPETATCTBUI OT BUXY-
IHXCSA 00BEKTOB.

KnroueBble ciioBa: poOOTOTEXHHYECKOE 3PEHHE, TIPOrPAMMHBIH MaKeT, CErMEHTAIUs H300paKEHHI, ONTHYECKUI
TIOTOK.

CUCTEMA TEXHIYHOI'O 30PY BITHOCHOI OIIIHKH PYXY
B OIITUYHOMY ITOTOLI

JI.O. bopkoscovka, O.B. bopkoescvkuit, O.A. Inbnumcoka, /1.0. Tiona

s cTaTTst po3kazye Mpo CUCTEMH TEXHIYHOTO 30pY, sSIKi JO3BOJSIOTH OJIEPKyBaTH iH(OpMAaIliio Mpo Bif-
HOCHHUH pyX 00'€KTY B peKuMi peanbHOro yacy. [lokasaHo, 110 anropuTMu HEOOXiqHI AJIs1 BUPIIIEHHS IIUPOKO-
ro Kpyra IpakTHYHUX 3aJad 3a BH3HAUEHHSIM BiJIHOCHOTO PyXy MOXYTh OyTH OJep>KaHi Ha OCHOBi BiIOMHX
aJTOPUTMIB PO3PaxXyHKY ONTHYHHUX MOTOKiB. PoOOTH B 00JaCTi ONTHYHOTO pO3paxyHKy HOTOKY OyJiH MpoBene-
Hi Ha mpoTs3i octaHHiX 30 pokiB. B octaHHi mecAaTupivds 1i MeTOAU OyJIM BUKOPHUCTaHI B IMMPOKOMY KpPY3i
MPUKJIAHUX 3a/1a4 y 3B'SA3KY 13 301IbLIIEHHSAM OOYHMCIIIOBAJIBHOI MOTY)KHOCTI KOMI'IOTEPIB 1 MOSBOIO CIieriai-
30BaHMX rpadivyHuX npouecopiB. [cHye Beduka KinbKicTh MyOiikamiil, siki Oynu HamucaHi Ha J1aHy Temy. I[cHy-
I0Th TAKOXX LIMPOKO JOCTYIHI 0i0JIiOoTeKH 3 BiZKpUTHM KojaoMm, Taki sik OpenCV, LTI-Lib, VXL. Metoau on-
TUYHOTO IMTOTOKY BHSIBIISIFOTHCS KOPHCHUMU JUIsI CETMEHTAIlil 300pakeHb, a TaKOX Uil BUSBJICHHS IEPEIIKOJ
BiJl 00'€KTiB, 10 PyXalOThCS.

Kunrouosi cioBa: poOoTOTEXHIYHMH 3ip, POrpaMHUIA TAKET, CErMEHTAIlisl 300payKeHb, ONTUYHUIT TTOTIK.
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