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Abstract—In this paper we propose a novel method for applications. Sections Il and Il explain the basic concepts of
the determination of illumination-invariant features in images. Dynamic Programming and the quantitative symmetry extrac-
Quantitative bilateral symmetry of a given scene is qomputed tion referred to as Dynamic Programming Symmetry (DPS).
using Dynamic Programming. In contrast to problems with other | tion IV. the feat tract] lgorith d the i
methods, the results of the Dynamic Programming algorithm n section 1V, _e eature ex.rac |9n ago_” m a_n € Image
describe symmetry in terms of an absolute region instead of Signature creation are explained in detail. Section V presents
a relative degree. Vertical symmetry images are generated and the results of a preliminary experiment using symmetry image
symmetry axes are extracted using non-maxima suppression signatures for motion tracking. In the last section, the results of
and hysteresis thresholding. For each symmetry image a unique e hresented algorithm for feature extraction and an outlook

feature vector is obtained as the sum of the gray-values of each . - L .
column of the image. The usefulness of the proposed feature O different possible applications for symmetry signatures are

detection algorithm is shown by a preliminary experiment. In the ~ discussed.
experiment, the feature vector is used to robustly track motion

in an image sequence. Il. DYNAMIC PROGRAMMING
Dynamic Programming serves as the foundation of the
newly developed operator and will therefore be brie y intro-
Symmetry is a widespread feature in nature as well as diiced.
human perception. Animals and humans are using symmetryn stereo vision, Dynamic Programming is a popular ap-
as a signi cant landmark for visual exploration. Besides dgroach to solving the stereo matching problem: Using knowl-
mains like biology [1] and psychology [2], [3] symmetry wasedge about the exact arrangement of the cameras and the
investigated in computer vision, for example as an attentioriaformation about where a feature poit seen from different
feature for the extraction of regions of interest or for obje@ngles is projected onto the image planes, conclusions can be
description by symmetry properties [4], [5], [6], [7]. Motivateddrawn about the distance ™M to the camera positions. The
by psychophysical experiments, e.g. [8] proposed a fast asehrch for corresponding feature points can be simpli ed by
compact operator to detect horizontal and vertical re ectivlne use of the epipolar lines. The most common case is the
symmetry features. In most cases only re ective symmetriésteral stereo model where two cameras have parallel optical
are used, but approaches to rotational or translational symrages and only horizontal shift between them and the epipolar
tries can also be found in literature [9], [10]. lines thus correspond to the image rows. This means that the
Most operators from the literature have the signi cant digsrojections of an arbitrary scene poidt can be found in the
advantages of using large and complex operators and of besagne image row in both images.
dependent on am-priori operator size. In each technique, Following this, stereo matching is used to nd the pairs
a symmetry value shall be detected by a static operator afi corresponding projections belonging to the same feature.
relation to the considered region. Each of the mention€le to the simpli cation by the epipolar lines, this problem
operators returns a relative, commonly normalized value if solved ef ciently in many applications by Dynamic Pro-
symmetry. This value describes the qualitative symmetry geamming techniques [11], [12], [13], [14]. The mapping of
low or high inside the considered region. Since it is mongoints is the optimization problem to determine the best match
interesting and relevant to get quantitative information abogiven by an error measure. As a basic property of Dynamic
the size of symmetry instead of its degree, we proposePaogramming, the order of feature points has to be preserved.
novel approach to quantitative symmetry extraction based ®he optimal solution is sought by local compression and
Dynamic Programming. stretching of the data rows to achieve minimal deviation in-
In this paper, our symmetry detection algorithm is used agtween. As described in the literature, this can be visualized
the base of a novel algorithm to determine robust illuminatioms a path nding problem in a 2-dimensional search space
invariant features that can be used as image signatures in mgpgnned by two patterrls andR. The length of the patterns

I. INTRODUCTION
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Fig. 2. 2D search space including costs and mappin h=(1).
Fig. 1. 2D search space including valid paths and exemplary indexing for 9 P 9 pping pash=(1)

an ef cient calculation.

total error.
will be equal in the following examples, whereby a square
search space is built in each case (see Fig. 1). [1l. DYNAMIC PROGRAMMING SYMMETRY

Each path ranging from(Ro;Lo) 10 (Rrpe ;Line ) . The ideas of Dynamic Programming are picked up to

throughout the search space describes a posglble maprﬂﬂglement a new approach to symmetry detection referred to
of feature_ points as the order of the elements is kgpt. T@g Dynamic Programming SymmetrpRS algorithn). The
property Is only.ensured by path elements reaphmg f_ror[ﬁ'easure of correspondence between two patterns is found
one cell .t_o the right, the top-right or the top. nelghbourlngsing Dynamic Programming and transferred successfully to
cell. Additionally, the lateral stereo model physically prevents application of symmetry detection. In comparison to the

mapplngll_| $ R V\.”th | < r because of the camera o 4 of stereo vision, some modi cations are made.
constellation. The optimal path can then be found ef ciently In the case of symmetry detection, patterns derive from

by Dynamic Programming starting from poiRo; Lo), using one and the same image. Thereby, the result of the Dynamic

the following error measures [11] for each of the cells on . . .
. ; rogramming technique is seen as a result of one currently
above the search space diagohal r: - : . . e
treated image point and its surrounding patterns. Additionally,

C(l;r) = min(Cy(l;r); Co(l;r); Cs(l;1)) (1) therestriction to mapping; $ R, withl r thatwas helpful
for the case of stereo vision is no longer valid for symmetry
Cu(lir) =C( L)+ WiT(r) (2) application. The whole search space has to be considered and
Co(lir) = C(;r 1)+ W,T(l;r) (3) the costs and the optimal path of the given example change
Cs(lir) =C( Lr 1)+ WsT(r) (4) ascan be seen in Fig. 3.
TOr) =il Rej ® e
2|7 |10 86 7|7 0 0
It is a basic necessity to determine the three predecess [ 71,515 é Lb@ Lo$ R:
C(l L;r),C(ir 1)andC(l L;r 1) beforeC(l;r). e ls s st il A Los R,
The computation of an iteratively growing subsquare of tk L1$ Rs
search space (e.g. see the indexing in Fig. 1) is an efcie A°%[*|7 |8 * |8 DT L2 S Re
strategy to calculate this. As discussed, the lower half of tl 412348 8 - Ls$ Rs
search space is masked because of mapping restrictions. 2|5(|3|0]|4]| R RQA Ls$ Rs
choice of the path direction of each cell is made and stor ~_— N

according to the particular costs of the predecessors plus uie
transition cost. Just after the whole search space has begnz  complete search space including costs and corresponding mapping
visited, the optimal path can be found by backtracking theth @v; =1).
stored path elements starting @, ;L. ). The weight
parameterdV;, W, and W3, as factors of the absolute value Note that an optimal path can always be found, while only
error T(l;r), affect the optimal path signi cantly. In Fig. 2, the shape and the resulting cost of the path inform about
the resulting costs and the optimal path are presented for the quality of correspondence respectively symmetry. In this
given example patterns using weight parametWrs= 1. example, it can be seen that by compression of the patterns a
Besides the optimal mapping of the elements, the seasymmetrical similarity can indeed be found, but only through
space returns the information about the minimal failure coa substantial mutation of both structures. The cost for this
responding to this mapping. Dynamic Programming therelmyodi cation can be observed by means of the error measures
determines the solution of the mapping problem as a patin the optimal path. An exact mappiy : L; $ R; results
The effort for the transition of the two patterns into a statafter invertingR (see Fig. 4) as an unanimous overlay with
of optimal correlation can be evaluated by path structure asthall error.



unintended property, the search space is masked. By restricting
the search space to a band or a sector (see Fig. 5), the set of
valid paths is additionally narrowed.

The shape of a band mask is known from the eld of stereo
vision, where its width corresponds to a measure of maximum
disparity. This measure can be derived if the minimal distance
between the camera and the scene is known. Applied to the
symmetry aspect, the band width describes the maximum
mapping deviation that is allowed between two elements of the
patterns. The shape of a sector is useful if we consider that
Ri¥¥fnmetry has to be more precise near the currently treated
image element, while this precision weakens with growing
distance.

Up to this point, the Dynamic Programming method is based The search space mask, which can be stored as a static
on a xed search space square over the complete patterns. PHEY mask for implementation, understandably accelerates
indexing for computing the cells as presented in Fig. 1 notlhe calculation process becau_se only the unmasked part of the
proves not only to be useful but also ef cient to iterativelyp€arch space has to be considered.
give evidence about symmetry in a certain subsquare. Path and
failure resulting from a subsquare of side lengthdescribe
the symmetric properties of the patterns in a subregion of size
m. To return a symmetric value or size as a result, heuristics
are required to continue or to break this iteration.

An acceptable course of action for that purpose is the choice
of a failure threshold on the optimal path. Before the threshold
application is described in detail, two further optimizations of
the method will be presented. Fig. 5. Masking of the search space by a band (left) or a sector (right).

8i:Li$ R

Fig. 4. Complete search space including costs and corresponding map
path W; =1).

A. Mapping Border Smoothing Using mapping border smoothing and search space
Regarding the previous samples, the optimal path wasasking, changes in the presented calculation of the search

restricted to ending in the upper right corr@; ., ;Li.. ) space are nonessential. Beginning at the coriys;Lo),

of the search space before it could be backtracked to tie cells of a square with the side length can be lled

lower left corner(Ro;Lo). This constraint corresponds to aas follows. The structure of this algorithm ensures that the

“forced” mapping of the rst and the last elements onto eadkequired costs of the three predecessors (see Eq. 1) have been
other, which does not make sense in many ca&ganec et determined in advance:

al. [11] proposed smoothing those mapping borders in the way

that paths can also start at the left respectively lower edges | =0
of the search space and end at the right respectively upper while (I m 1) do
edges. Remembering the example of Fig. 3, the advantage \'N;f”e();(ml ) do
of this more intuitive restriction is a partial mappifg.o $ " if IsValid(l;r; mask ) then
R2;L1$ R3;L2$ Rag. CalcFailurdl; r);
For the application of symmetry measurement, we only CalcFailurgr;1);
permit the optimal path to end at the right or upper edge. Fi=r+1
Especially with respect to the symmetry semantic, it is reason- od
able to keep the starting point of the optimal patiiRé; L o), ga'f':ﬁ‘/'l'.““{'?')? _ _
. . . . e = MinFailureErroll; mask );
because this corresponds to the image point that is currently if (Pe T) then
under consideration. Pr = MinFailureRigh(l; mask );
PL = MinFailureLeft(l; mask );
B. Search Space Masking exit;
As discussed above, the optimal path corresponds to an = 1+1;
optimal mapping of two patterns. However, nothing is stated od

about the quality of correlation or symmetry. Even if we As discussed, the masking is realized by a binary eld
consider two totally different patterns, an optimal path wilinask that is accessed bysValid(l;r; mask). To smooth
be found. In the worst case, this path leads through the seatith mapping border, a functioMinFailureErroi(l; mask) is
space to one of the cornefRo;L,,, ) or (Rr,. :Lo). Both introduced to determine the minimum failuPg on the border
of these particular paths correspond to completely disregardioigthe current search space subsquare with side lelnghs
or compressing one of the two patterns. To counteract tlsmeasure of symmetric quality and as a criterion for the



iteration stop, we consider the failure thresh@ldwhich has

to be seta-priori. When the minimum erroMinFailureEr-
ror(l; mask) exceedsT in an iteration step, the calculation

is aborted and the path end is returned using the indiges
and Pr. This procedure and the successive iteration steps
including the determination of the symmetry valugs and

Pr are presented in Fig. 6 for the known example patterns.

Band of width 2
Absolute threshold® = 5
Wi =1

Iteration stop at = 2
PL =2
Pr =1

Fig. 7. Mobile service robot of the groufechnical Aspects of Multimodal
Fig. 6. Masked search space including costs and corresponding mapgiygtemsit the University of Hamburg. An omnidirectional vision system with
path @V; = 1) according to the presented algorithm. a hyperboloidal mirror is mounted above the stereo camera head.

The acquired indice®, andPr now serve as a measure
of symmetry. Taking into account the threshdld the en- symmetry image represent symmetry axes since the
vironment composed oP_ and Pg around the considered gray-value is a measure for the size of the symmetric
image point is seen as a symmetric region. A gray-scale area around a pixel. On a symmetry axis the symmetric
visualization is easily achieved by addition of the two values  area around the pixel is larger than around pixels beside
S = P_ + PR, for instance. Examples of gray-value symmetry the axis.
images generated by the DPS algorithm will be presented in3. A hysteresis threshold can be used to eliminate pixels

the next section. that represent small symmetric areas. Depending on the
application, it may be useful to generate a binary image
IV. SYMMETRY IMAGE SIGNATURES indicating the symmetry axes. For the remainder of this

Image signatures are used in many applications reaching Paper, the axes are furthermore represented by gray-
from image retrieval to mobile robot localization. An image  Vvalues since these carry information about the size of
signature is a vector that describes an image unique. In this the symmetry area.
section, we propose a method to compute an image signaturd- A symmetry signature is created by summing up all
using gray-va'ue Symmetry images generated by the DPS gray'VaIUeS Of eaCh individual C0|umn Of the image. Th|S
algorithm. can be visualized in a diagram showing the sum of gray-

Since our work focuses on robotic applications, the exam- ~ Values against the number of the column.
ples presented are panoramic images taken from an omnidiThe intermediate results of this algorithm applied to a
rectional vision system mounted on a mobile robot systemanoramic image are illustrated in Fig. 9. The algorithm takes
The system is presented in detail in [15] and shown dvantage of the fact that panoramas are cylindrical images
Fig. 7. The omnidirectional vision system uses a hyperboloidahere the vertical borders can be extended by a copy of the
mirror to project the environment onto the image sensor ohage itself. Because of this, correct quantitative symmetry
the camera [16]. Before the omnidirectional images from thalues are detected near these image borders.
camera system are transformed into panoramic representation§ince symmetry is robust against illumination changes, the
the images are pre-processed with a median Iter and a grajgnatures of images of the same place taken under different
value histogram equalization to improve the contrast. Tlidumination conditions vary only very little.
transformation to panoramic images is done by hyperboloidal
projection as proposed by [17]. The pre-processing steps are V. EXPERIMENTS
shown in Fig. 8(a)—(c). To demonstrate the usability of symmetry image signatures,

After the pre-procession of an image, the symmetry signgome preliminary experiments have been accomplished. The
ture is computed with a four-step algorithm: underlying idea is to nd a region of interest for the service

1. The DPS algorithm of section Il is used to create a graysbot of Fig. 7. Imagine the service robot to be waiting for

value image indicating vertical re ective symmetry. a human to start some interactive communication. Using the

2. A non-maxima suppression is used for each row tmnidirectional vision system, the robot is able to perceive

extract vertical symmetry axes. Local maxima of thés complete surrounding. Detecting motion in a panoramic



(a) Omnidirectional image. (b) Pre-processed image. (c) Panoramic image.

Fig. 8. The mirror region is extracted from the omnidirectional image (a) and after that ltered with a mean lter. The contrast is increased using histogram
equilization in (b). The pre-processed image is transformed into the panorama image (c).

its surroundings and computes the symmetry image signature
as presented in section IV. We will refer to this vector as the
reference signaturg.; . If the images are noisy, i.e. due to
poor illumination conditions, more than one image may be
taken and the reference signature is the mean vector of all
signatures. After the reference signature has been determined,

(a) Panoramic image. images from the omnidirectional vision system are taken
and their symmetry signatureis compared to the reference
signature. Therefore, the components of an error veetme
computed using the following equation:

ei = (Si'ef Si)z

If the environment of the robot changes, i.e. a human enters
the room where the robot waits, the symmetry will accordingly

(b) Vertical symmetry image. change in the area of the image where the motion takes place.
The components of the error vector for the respective columns
now carry high error values.

Fig. 10 shows some images from an image sequence where
the error vector is visualized by bars at the bottom of each
image. Around the image column with the highest error value
a region of interest has been marked by a transparent green
rectangle. The region of interest may now be used for more

(c) Vertical symmetry image after non-maxima suppression. elaborate tracking methods or otherwise to turn the robot into
the direction of motion, since each column of the panorama
image corresponds to an orientation betwedi80 and180 .

Very large vertical symmetry axes may produce high error
values because of noise, e.g. see Fig. 10 at the center column
of the blackboard. This leads to error values exceeding those
for columns where motion takes place. In this case, the
region of interest sometimes skips for singular frames to these

(d) Visualization of the symmetry image signature. highly symmetric columns. In future work, this problem will
be approached using tracking methods like Kalman Iter or
Fig. 9.  Intermediate results of the algoritim for the calculation of thﬁrobabilistic algorithms, e.g. the particle lter, to estimate the
symmetry image signature. . L . . .
most likely position for the succeeding region of interest.

VI. DISCUSSION ANDFUTURE WORK

image taken from the omnidirectional vision system will help | this paper, we presented a novel method to generate
the robot to determine where it may nd people, turn itself tgopyst illumination-invariant signatures of images. The ap-
this direction and offer help, i.e. to accomplish some tasksproach is based on the DPS algorithm that computes bilateral

While the robot is waiting, it takes a panoramic image ajuantitative symmetry images using Dynamic Programming.



the reliability of the proposed image signatures for robust
vision-based localization of mobile robots. New algorithms
will be developed, evaluated and compared to well-known

approaches in vision-based localization.

[10]

[11]

[12]

Fig. 10. Examples from an image sequence (please use color presentation):

The region of interest is marked by the green rectangle, the error for each
image column between the reference symmetry signature and the symmg§tg)
signature of the image is visualized by red bars at the bottom of each image.

[14]

Dynamic Programming is well-known in the eld of stereo
vision to solve the correspondence problem and was shortl
introduced in section Il. Dynamic Programming was adopt
to determine the size of the symmetric region around an
image pixel. The proposed symmetry operator is referred to
as Dynamic Programming Symmetry. In contrast to symmet%?]
operators from literature, one single operator is applied that)
avoids the disadvantage of the static operators a&ibriori

size. In addition, a quantitative description of the symmetry is
returned and not a relative that describes the symmetry only
as high or low. The image signatures are calculated with the
four-step algorithm proposed in section IV. The signatures are
robust against changes in illumination since the symmetry does
not change signi cantly.

The usability of the novel image signatures has been shown
by rst experiments. The signatures were used for motion
tracking to extract a region of interest. The region of interest
marks the image area where motion takes place. In future
work, the reliability of the tracking algorithm will be improved
using estimation techniques that estimate the approximate
direction and velocity of the motion. Other research will show
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