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Camou age is frequently used by animals and humans (usually for mil-
itary purposes)in order to conceal objects from visual surveillance or in-
spection. Most camou age methods are basedon superpositioning multiple
edgeson the object that is supposedto be hidden, such that its familiar
contours and texture are masked. In this work, we presert an operator,
(Darg), that is applied directly to the intensity image in order to detect 3D
smooth convex (or equivalently: concave) objects. The operator maximally
responds to a local intensity con guration that corresponds to curved 3D
objects, and thus, is usedto detect curved objects on a relatively at back-
ground, regardless of image edges, contours and texture. In that regard,
we show that a typical camou age found in someanimal species,seemsto
be a "counter measure" taken against detection that might be basedon our
method. Detection by D4 ¢ is shown to be very robust, from both theo-
retic considerations and practical examplesof real-life images. As a part of
the camou age breaking demonstration, D 4 ¢, Which is non-edge-based,is
compared with a represertativ e edge-basedoperator. Better performance
is maintained by D4 ¢ for both animal and military camou age breaking.

Key Words: corvexity detection, regionsof interest, camou age breaking, counter shad-
ing.
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1. INTR ODUCTION

\Camou age is an attempt to obscurethe signature of a target and alsoto match
its background” [1].

The goal of this paper is to detect 3D corvex or concase objects under strong
camou age. We suggestan operator (\ D4 ¢"), which is applied directly to the
intensity function. D, g maximally respondsto the typical intensity signatures of
smooth 3D cornvex or concave patchesin the objects. The operator is not limited
to any particular light sourceor re ectance function, as a large range of examples
demonstrate. D, g implicitly takes advantage of the 3D structure of objects, but
doesnot attempt to restorethe three dimensional scene.Although prior knowledge
or experiencemay aid onein breaking camou age (e.g.[2]), our operator is context-
free; its only a priori assumption about the target is its being three dimensional
and corvex (or concave). The purposeof D4 g4 is detection of corvex or concave
subjects under harsh camou age conditions or in highly cluttered scenes.

Darg is robust to changesin illumination, scle, and orientation. The invariance
theorem underlying the theoretic explanation for this phenomenon(proof supplied)
is accompaniedby real-life images. The theorem statesthat D 4 ¢ is invariant under
any derivable and strongly monotonically increasingtransformation of the intensity
function. The robustnessand invariance characterizing D 5r ¢ make it suitable for
camou age breaking, even for camou agesthat might mislead a human viewer (an
example of this kind of camou age is Fig. 1(a)).

The application of the operator to real-life images demandsa relatively short
running time, and its robustnessleadsto reliable results. The reliability of D4 g
in detection of camou aged targets is displayed in a comparisonbetweenD 4 4 and
a represenativ e edge-baseddetection method: radial symmetry (see[3]). Radial
symmetry is a represetativ e edge-basedmethod, as it was proved to generalize
seweral other methods of interest point detection. The dicult y of camou age
breaking by edge-basednethods is demonstratedin Fig. 1, where edgedistribution
of a military camou age resenbles the texture of the surroundings. The large
number of strong edgesin the sceneand the camou age clothesdistract edge-based
operators from the main subject.

After ashort survey of related work (section 2), we de ne the suggestedconvexity-
based operator: D4 ¢ (section 3). Subsection3.2 is of particular importance for
understanding the behavior of D4 4, as it describesthe goal of the operator and
the way to accomplish this goal in an intuitiv e manner. Section 4 is a rigorous
mathematical characterization of the behavior of D4 4. Section 5 demonstrates
the robustnessof D4 ¢ to illumination, scaleand orientation changesin real-life
images; the robustnessis based on the theoretic claims of section 4. Section 6
intro duces biological evidencefor camou age breaking using corvexity detection,
basedon Thayer's principle of counter-shading. Section7 comparesthe performance
of the suggestedcornvexity-basedoperator with that of a represenativ e edge-based
method in camou age breaking. Se\weral types of camou age are examined in the
comparison. Conclusionsappear in section 8.

2. RELA TED WORK
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a. Original image.

c. Radial symmetry (r=30). d. Detection by the peaks of Radial
Symmetry.
FIG. 1. Failure of edge-based methods. A highly textured background and camou age

clothes (a) leads to a total failure of edge-basedmethods. The edge map (b) is densely covered
with edges, so an algorithm receiving the edge map as its input (c) fails to discriminate the 3D
object from the background (d).
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The work related to visual camou age could be roughly divided into two: cam-
ou age assessmenand design,and camou age breaking.

In the camou age assessmenliterature, onemay nd [1], which assessethe dis-
tinctness of camou aged patterns in a set of images. The set of imagesis paired,
and the obsener is asked to choosewhich of the two imagespossessea target pat-
tern that is more distinct from the badkground. The results of these comparative
obsenations shaw high correlation with a secondorder metric of pattern distinct-
ness,which is basedon a model of image texture. [4] also assesghe strength of
a camou aged target signature based on human perception. They combine the
results of human quanti cation of di erences in camou age e ectiv enessin a semi-
automatic (i.e, a human-in-the-loop) camou age assessmensystem. [5] describesa
systemfor designingcamou age patterns basedon natural terrain re ectance data.
[6] desighscamou age patterns basedon Fourier techniquesand biologically based
techniques. [7] describesaircraft camou age designreseart during World War 11.

Despitethe ongoingreseard, only little hasbeensaidin the computer vision liter-
ature on visual camou age breaking: [8] considersthe issueof camou age breaking
for moving targets by stereopsis,and reachesthe conclusionthat stereodoes not
greatly enhancemotion detection in camou age. [9] measuresmotion by interpret-
ing object edgesasdi eren tial mapping singularities. This allows motion detection
even in the presenceof sudden changesof target direction and use of camou age.
[10] proposesa computational model of visual moving image Itering. [11] suggests
a 3D model-basedaircraft recognition scheme,basedon low level matching of image
segmens and segmers of the projection of the 3D model, extracted from one or
more views. The recognition system copesalso with aircraft camou age. [12] take
the spectral feature as the basis for target recognition, attempting to distinguish
color camou age from green vegetation badkground. Breaking camou age using
light polarization has been suggestedin [13]; biological evidencefor polarization-
basedcamou age breaking in the cuttle sh wasintroducedin [14].

3. Yag: AN OPERA TOR FOR DETECTION OF CONVEX
PATCHES

We next de ne the operator we proposefor detection of three dimensionalobjects
having smooth corvex and/or concave patches.

3.1. Dening the Argumen t of Gradien t
Let us estimate the gradient map of image | (x; y) by:

ricy) (D ()G WM 1xy)s[G (x)D (] 1(xy))

where G (t) is the one dimensional Gaussian with zero mean and standard de-
viation , and D (t) is the derivative of this Gaussian. We turn the Cartesian
represenation of the intensity gradiert into a polar represeration. In contrast
with edge-basedmethods, which are usually concernedwith the gradient magni-
tude, we are more interested in the gradient argument. The argumert (usually
marked by (x;y)), is de ned by:

(x;y) = arg(r 1(x;y)) = arctan &1 (x;y) | &1(xy)
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where the two dimensional arc tangent is de ned by:

8
5 arctan(¥); ifx O

arctan(y; x) = arctan(¥) + ; fx<0;y O

arctan(¥) ; ifx<0;y<O

and the onedimensionalarctan(t) is the inversefunction of tan(t) sothat: arctan(t) :
[1 ;217! 5.3 . The proposedcorvexity detector, which we mark by: Yg g,
is the y-derivativ e of the argument map:

Yarg:@@ xy) 6 (D W] (xy)

3.2. Intuition for Ya g
In the next chapter we provide a mathematical description of the operator and
prove its attributes. It might be useful, however, to rst examine the intuition
behind it.

What Do es Ya g Detect?

Yarg detects the zero-crossingsof the gradient argumert. This stems from the

last step of the gradient argumert calculation: the two-dimensional arc-tangert

function. The arc-tangert function is discortinuous at the negative part of the

x-axis; therefore its y-derivative approadhesin nit y there. In other words, Yar g

approadhesin nit y at the negative part of the x-axis of the arctan, when this axis

is being crossed. This limit revealsthe zero-crossingsf the gradient argument.
Why Detect Zero-Crossings of the Gradien t Argumen t?

Yar g detectszero-crossing®f the gradient argumert of the intensity function | (x; y).
The existenceof zero-crossingsof the gradient argumert enforcesa certain range
of values on the gradient argumert (trivially , values near zero). Considering the
intensity function 1 (x;y) as a surfacein R3, the gradient argumert is the azimuth
of a normal to the surface. Therefore, a range of values of the gradient argumert
means a certain range of azimuths of the normal to the intensity surface. This
enforcesa certain structure on the intensity surfaceitself.

The next section(Sect. 3.3) would characterizethe structure of the intensity surface
aseither a paraboloidal structure or any derivable strongly monotonically increasing
transformation of a paraboloidal structure (Fig. 2). Sinceparaboloidsare arbitrarily

curved surfaces,they can be usedasa local approximation of 3D convex or concave
surfaces(Recall, that our input is discrete, and the continuous functions are only
an approximation!). The detected intensity surface patches are therefore those
exhibiting 3D cornvex or concave structure. The convexity is three dimensional,
becausethis is the convexity of the intensity surfacel (x;y) (= 2D surfacein R3;
Fig. 3(b)), and not corvexity of contours (= 1D surfacein R?; Fig. 3(a)). This 3D
convexity of the intensity surfaceis characteristic of intensity surfacesemanating
from smooth 3D corvex bodies. For example: the image of a smooth 3D convex
Lambertian surfaceunder a point light sourceis a corvex intensity function.
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(@) (b) (€)

(d) (e) (f)
FIG. 2. (a) Paraboloidal intensity function: |(x;y) = 100x2+ 300y2. (b) Gradient argument
of (a). Discontinuity ray at the negative x-axis. (¢) Yarg of (a) (= g of (b)). (d) Rotation of

(@) (90 c.c.w.), calculation of gradient argument, and inverse rotation. (e) Rotation of (a) (90
c.c.w.), calculation of Yar g, and inverse rotation. (f) Response of Dar g, the isotropic operator.

(@) (b)
FIG. 3. 3D vs. 2D convexity. (a) 2D convexity: A contour is a 1D surface in R2. (b) 3D
convexity: A paraboloid is a 2D surface in R3.
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Summary

We detect the zero-crossingsof the gradient argumert by detecting the in nite
responseof Yy ¢ at the negative x-axis (of the arctan). These zero-crossingsoccur
wherethe intensity surfaceis 3D convexor concave. Convexsmooth 3D objects (e.qg,
Lambertian surfacesunder point light source)usually produce 3D convex intensity
surfaces. Thus, detection of the in nite responsesof Yy 4 results in detection of
domains of the intensity surfacewhich characterize 3D smooth cornvex or concave
subjects.

3.3.  Ya 4 Response to Parab oloids
The projection of concave and corvex objects can be estimated by paraboloids
(Fig. 2(a)), since paraboloids are arbitrarily curved surfaces(see[15]). Our math-
ematical formulation refersto a generalparaboloid of the form:

fooy)=ax )2+Hy )

where a > 0;b > 0 are constarts, and (; ) is the certer of the paraboloid
(Fig. 2(a)). The rst order derivativesof the paraboloid are: @@f (x;y) =2a(x )
and @@f (x;y) = 2b(y ). The gradient argumert is therefore:

(x;y) = arctan(b(y  );a(x )

(seeFig. 2(b)). Deriving it with respect to y yields:

@ ab(x )
@ "V E vy .
Howewer, this derivative exists in the whole plane except for the ray:
f(xy)jy= and x g (@)

Pay attention, that the derivative of the 2D arctan function along this ray is in-
nite, even though the derivative at the rest of the plane (as expressedin (1)) is
cortinuous. At a rst glance, Computer Vision applications tend to \smooth out"
such an in nite derivative by employing the algebraic expressionof (1) (which is
cortinuous at the whole plane except for the origin) instead of the correct math-
ematical derivative. In contrast with this approad, we would follow the rigorous
de nition of derivative, and seethat the in nite derivative of the discortinuity
ray could be highly advantageous. In fact, this discortinuity ray and its in nite
derivativ e are the basisfor the suggestedapproach.

At the ray (2), (x;y) hasa rst order discortinuity (in the y-direction), so its
derivativ e there approachesin nit y. The fact that for a paraboloid, -2 (x;y)! 1
at the negative ray of the x-axis, while corntinuous at the rest of the plane can be
clearly seenin Fig. 2(c) (we de ne our coordinate system at the horizontal and
vertical axesof the paraboloid).

The reader should note, that the argumert of the gradient is being usedin Com-
puter Vision for along time. Hough transform [16], for example,usesthe argumert
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of the gradient to reduce the spaceof parameters when searding straight lines
or circles in the image. Image improvemert by argumert-based methods is also
known, and can be found in [17]. Recognition of local symmetriesin graylevel im-
agesemploys the argumert of a convolution kernel which is complex valued [18].
Nonetheless,the novel idea in the suggestedoperator is not the argument of the
intensity gradient, but rather the usageof the discontinuity ray formed by the
argumert of the intensity gradient. The key idea for the detection scheme we de-
scribe lies in this discortinuity ray, which is detected by derivation of the gradient
argumert, to receiwe a strong responseto that ray. Looking for zero-crossingsn
the argument of the intensity gradiert is very stable.

3.4. Dag: The Isotropic Variant

The strong response of Y g4 at the negative part of the x-axis appears when

(x; y) changessharply from high values (approx. ) to low values (approx. ).
This need not happen only on paraboloidal intensity functions: cropping a strip
around the negative part of the x-axis from the parabolic intensity function would
still produce high values,since@@ (x;y) ! 1 there. The intensity function of the
cropped image exhibit strong convexity in the y-direction, and therefore leadsto
the strong Yy ¢ reaction. Similarly, a horizontal cylinder would causea strong Ya g
reaction. A vertical cylinder, on the other hand, would causea very weak reaction,
asits horizontal axisis at. Figures4(a),(b) demonstratethis dependenceof Yz g on
the convexity orientation: Y ¢ doesnot detect the vertical cylinder. The reaction
to the oblique cylinder is weaker than to the horizontal cylinder.

In order to avoid Yy g dependenceon corvexity orientation, we de ne an isotropic
operator; i.e., an operator that would strongly responseto all corvexity orientations.
A generalway of doing sowould be to rotate the original image by degrees
counterclockwise, calculate Y g for the rotated image, and rotate the result back
to the original angle (by degreescourterclockwise). We refer to this process
as calculating the 4 4 of the image. Figures 2(d),(e) describe such a rotation of
the argumert of the gradient and the Y4 4 of the paraboloidal intensity function,
respectively. Fig. 2(e) can be referredto asthe 44 for = 90. The 44 of the

cylinders image appearsin Fig. 4(b)-(e). We approximate the isotropic operator:
3R P _
(‘arg)d by: Darg = .o .00 .10 270 arg- Figure 2(f) shows the Dy g of

=0

the paraboloidal intensity function. As expected, a strong responseappearsin all
axes. The Dy, g of the cylinders image strongly responds to all cylinders in all
orientations (Fig. 4(f)).

4. PROPERTIES OF Dy g
We next consider several properties of Y 4. By de nition, the sameproperties
characterize D 4 ¢ t0O.
Planar objects of constart albedoform linear intensity functions, and are usually
of little interest (e.g., walls). It can be easily shown, that:

Yar g has zeroresponseto planar objects.



10 ARIEL TANKUS AND YEHEZKEL YESHUR UN

a. Cylinders. b. =180.

/ \

d =0 e. =270 f. 2.

FIG. 4. (a) Four cylinders (ray-tracing of a three dimensional model). (b) Y2 g 0f (@). Can

be also referred to as %4 for = 180 . (c)-(¢) The % 4 of the cylinders image in (a). Below
each image appears the appropriate . The dependence on the cylinder orientation is obvious.

(f) D% g of (@). Darg strongly reacts to all cylinders, independent of their orientation.
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Theoretically, having a cortinuous image, edgesof planar objects produce a
nite response,while paraboloids, an in nite response. Practically, the responseto
edgesof planar objects is smaller than the responseto paraboloids.

Linear dependenceon scale.
DL (x:y) = s DY) (sx;sy)

The D44 of the scaledimage (I(sx; sy)) at point (x;y) is the scaledD 4 ¢4 of the
original image multiplied by the scalefactor: s.

The linear dependenceon scaleholds when one dealseither with cortin uousimages
(in theory), or when the subsampling is denseenoughto faithfully represen the
original image following scaling. The choice of a particular standard deviation
() for the calculation of derivatives a ects the working scalein similar manner.
However, when one examinesimage locations whereD 4 ¢ ! 1, a changeof  will
only a ect the size of the domain where the theoretically-in nite responseshould
occur, but not the relative strength of the response. Theoretically, this response
would be in nite, regardlessof the value of . In practice, this responsewould be
higher than those of theoretically- nite  domains, no matter what the value of is.
Thus, the in nite responsereducesthe e ect of changein standard deviation or
scale,and allows the usageof a constart value of for a large range of object sizes
(as later demonstrations will show).

It follows from these properties, that the responseof Yur ¢ to 2D-corvexity that is,
convexity of contours in the plane, is relatively weak. The stronger responseof Yy g
is to 3D-convexity (convexity of surfacesin the 3D space),for example, paraboloids.

We now presert an important invariance property of Yy ¢, followed by a practical
discussionand a demonstration from real-life scenes.

Theorem 4.1.

Let f (x;y) [the original intensity function] be a derivable function at each pixel
(Xo0; Yo) with respect to x and y.
Let T(z) [the transform] be a function derivable at point zg = f (Xo;Yo0), Whose
derivative there is positive in the strong sense. De ne the composite function by:
a(x;y) = T(f (x;y)) [the transformed intensity function].
In this case, the y-derivatives of the gradient argumentsof f (x;y) and g(x;y) at
point (Xo;Yo) are identical:

@q(X0;Yo) _ @1 (Xo;Yo)
@ @

Proof. By the chain rule, the composite function: g(x;y) = T(f (x;y)) is deriv-
able with respect to both x and y at point (Xo;Yo), and its derivativesare:

TYf (Xo; Yo)) fx (Xo; Yo)
TAf (xo; Yo))fy (Xo; o)

Ox (Xo; Yo)
9y (Xo; Yo)
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Let £ = f (xo;yo0), f? = fx(Xo;¥o0), fy = fy(Xo;Yo). The argumert of the gradient
at point (Xo;Yo) can be written as:

o(X0;Yo) = arctan Tf O)f 2; TYf O)f )

Since we have required that TYf°) > 0, the point TYfO)f? TYfO)f? liesin
the samequarter of the plane as point (f?; f;’). It follows that:

o(XoiYo) = arctan TYFO)f 2, TAFO)f? = arctan ;£ = ¢ (Xo;Yo)
The last equation states that the argumert of the intensity gradient is invariant
under the transformation T. Deriving the gradient argumernt with respect to y
presenesthis invariance:

@gy(x0;Y0) _ @t (X0:Y0)
@ @

Let us rephrasetheorem 4.1 in the following manner:

Yar g iS invariant under any derivable strongly monotonically increasing transfor-
mation of the intensity function.

The practical meaningof the theoremis that Yy 4 isinvariant, for example,under
linear transformations, positive powers (where f (x;y) > 0), logarithm, and expo-
nernt. Ya g is alsoinvariant under compositions and linear combinations (with pos-
itiv e coe cien ts) of thesefunctions, sincesuc combinations are also derivable and
strongly monotonically increasing. The functions merntioned above and their com-
binations are common in image processingfor lighting improvemert. This implies
that Yar g is robust to a large variety of lighting conditions. Figure 5 demonstrates
Yar g invariance to log(log(l)) and exp(exp(l)) in a real-life scene.

Taking Yar g invariants into accourt, the suggestednodel is not only a paraboloidal
intensity function detector, but also a detector of any derivable strongly monoton-
ically increasing transformation of paraboloids. This stability makes Yy g partic-
ularly attractiv e for usagein various sceneswhere the ervironment is unknown
before hand.

5. Da g ROBUSTNESS DEMONSTRA TION
Darg is robust to the following three factors: illumination, scale,and orienta-
tion. The robustnessto the last two factors is gained mainly due to the fact that
g (x;y)! 1 atthe negative x-axis of paraboloids, which is a very stable feature.
Scaleand orientation variations presene this approadc to in nit y. Robustnessto
illumination changeshas been proved in detail in Sect. 4. Further demonstration
of the robustnessof the operator can be found in [19].

Robustnesdo Il lumination. We have provedin Sect.4, that D 4 ¢ is invariant to
any transformation of the intensity function which is derivable and strongly mono-
tonically increasing. As discussedthere, the practical meaning of this invariance
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exp(exp(!))

Original imagel

.

FIG. 5. Invariance to derivable strongly monotonically increasing transformation of the
intensity function. Top row: The original image I(x;y) is compared to log(log(I( x; y))) and
exp(exp(I( x; ¥))). Darg is invariant under log and exp. Bottom row: Darg. The similarit y
betweenthe D g of the original image and the D4 ¢'s of the transformed images is obvious.

is robustnessto illumination variations. Let us examine di erent directions of il-
luminations in a real-life scene. In Fig. 6, a single point light sourceilluminates
the scene.The light sourceis placedin sewen positions which are equidistant from
the subject, to form horizontal anglesof 90, 60, 30,0,30,60, 90, with
respect to the line connecting the subject and the camera. In eat of the images,
the regionsof the highest D 5 4 valuesare those of the inverted funnel.

Robustnessto Scale. Figure 7 (left) demonstratesD 4 g robustnessto scale. It
should be noted that throughout this article the samedimensionsfor the corvo-
lution windows were used: 2 2 pixels window for the rst-order derivation, and
14 14 pixels window for the derivation of (x;y). No a-priori knowledge of the
scale of the detected objects is used. In Fig. 7 (left), a vaseis photographed in
6 dierent scales. Each image is accompaniedby its Dgrg. The vaseis detected
by Darg in ead of the scales. The smallest appearanceof the vasetakes approxi-
mately: 24 30 pixels, while the largest, approximately: 60 76 pixels. This means
that the image of the vaseis zoomed approximately by factor 2.5 (in ead axis).

Robustnessto Orientation. The D4 4 operator is isotropic by de nition: it has
beengeneratedto answer the problem of Y, 4 preferenceof objects with maximal
convexity in certain orientations (seeSect. 3.4). Figure 7 (right) shows the robust-
nessof Dy g to the orientation of the maximal corvexity of the object. In this
gure, we have taken a threshold of 70% of the maximal squaredreaction of D 4 g.
The biggestblob (in terms of number of pixels) in the thresholded image is usedas
our detection. In all orientations the ashlight has beencorrectly and consisterily
detected.

Threshold Sensitivity Analysis. In order to show that a detection scheme is
robust, it is not enoughto show that the basic operator itself is robust, but one
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. 2 .
Image: Darg:

FIG. 6. Robustness to illumination. Dar g Strongly reacts to the funnel, and is robust to
changesin lighting direction. Each row corresponds to an illumination direction with an azimuth
of 90, 60, 30,0, 30, 60, or 90 , respectively. The detection is performed by 70%
thresholding on D3 4.



CONVEXITY-BASED VISUAL CAMOUFLA GE BREAKING 15

Image: DZ g Image: Dz g

L L
FIG. 7. Left: Robustnessto scalechanges|a vasein 6 dieren t scales. The largest appear-
ance of the vaseis 2.5 times larger than its smallest appearance (in eac axis). Righ t: Robustness
to orientation variations. The ashligh t changesits orientation from vertical to horizontal. D ar g
strongly reacts to the cylindric ashligh t. The detection of the ashligh t is independent of orien-
tation. The detected region is the biggest blob in the 70% thresholded D2 g
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has to consider the thresholding mecdhanism, too. To show that the method is
indeed robust against noisy badkground, we conduct a sensitivity analysis of the
threshold. Figure 8! shaws that if the threshold changesslightly, the number of
detected objects does not increaseor decreasedramatically. Thresholds of 67%
to 80% results in two subjects (the parrot and the branch). One of the subjects
(the branch) disappearswhen the threshold risesto 81%. The parrot is detected
at the samelocation for all thresholds from 67% to 100% (i.e., thresholds range
of 33%). The branch is detected consisterlly from 67% to 80% (i.e., thresholds
range of 13%). Pay attention to the gradual change of the thresholded responses
of Dgrg in Fig. 8 (which appearsasa gradual thinning of the blobs). The theoretic
explanation of this robustnessis again the fact that Yy ¢ approachesin nit y at the
negative x-axis of paraboloids; the in nite responsethere is by far larger than the
responseobtained by non-corvex (or non-concase) image domains.

6. CAMOUFLA GE BREAKING

The previous section described the robustnessof the operator under various con-
ditions (illumination, scale,orientation, texture). As a result, the smoothnesscon-
dition of the detected 3D cornvex objects can be relaxed. We further increasethe
robustnessdemandsfrom the operator by intro ducing very strong camou age.

6.1. Biological Evidence for Camouage Breaking by Convexity
Detection

In this section, we exhibit indirect evidence of biological camou age breaking
based on detection of the convexity of the intensity function. This matches our
idea of camou age breaking by direct convexity estimation (using D4 g) [20]. We
preser further evidence,that not only can intensity convexity be usedto break
camou age, but also there are animals whose coloring is suited to prevert this
speci ¢ kind of camou age breaking.

It is well known that under directional light, a smooth three dimensional convex
object producesa convex intensity function. The biological meaningis that when
the trunk of an animal (the corvex subject) is exposedto top lighting (sun), a
viewer seesshades(convex intensity function). As we shall see,these shadesmay
reveal the animal, especially in surroundings which break up shadows (e.g., woods)
(see[21]). This biological evidencesupports D 5 g approac of camou age breaking
by detecting the convexity of the intensity function.

The ability to trace an animal basedon shadow e ects hasled, during thousands
of yearsof ewvolution, to coloration of animalsthat dissolvesthe shadaw e ects. This
counter-shading coloration wasobsened at the beginning of the certury [22], and is
known as Thayer's principle of counter-shading [21] describes Thayer's principle:

\If we paint a cylinder or spherein graded tints of gray, the darkest part facing
toward the sourcelight, and the lightest away from it, the body's own shade so
balancesthis color schemethat the outlines becomesdissolved. Such graded tints
are typical of vertebrates and of many other animals."

Limage from: www.freeimages.co.uk
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Original image. Dz

70% 80% 90% 95%
FIG. 8. Threshold sensitivity analysis. Top Row: Original image and its Dgrg map.

Middle Row: Thresholded Dgrg maps. Bottom Row: Thresholded Dgrg marked on original
images (respective to middle row). Below each image is its threshold value. The complete analysis
included threshold values from 67% to 100%; only four of them are displayed.
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(a) Constant albedo, top lighting. (b) Counter-shading albedo, ambient lighting.

(c) Counter-shading albedo, top lighting.

FIG. 9. Thayer's principle of counter-shading. (a) A cylinder of constant albedo under top
lighting. (b) A counter-shaded cylinder under ambient lighting. Counter-shading is produced by
mapping a convex texture to the cylinder. The texture used here is the convex intensity function:
I(x;y) = (y 50)2, and original texture image is 200 100 pixels. (c) Thayer's principle:
the combined e ect of counter-shading albedo and top lighting breaks up the shadow e ect. In
other words, it breaks up the convexity of the intensity function. Animals use this principle to
camou age themselves against convexity based detection.

Figure 9 usesray tracing to demonstrate Thayer's principle of counter-shading
when applied to cylinders. Figure 10 shovs someof the animals who use Thayer's
principle of counter-shading. The sketchesin Fig. 10 demonstrate how animal
coloration changesgradually from dark (the upper part) to bright (the lower part).
When the animal is under top lighting (sunlight), the gradual change of albedo
neutralizes the corvexity of the intensity function. Had no courter-shading been
used, the intensity function would have beencorvex (asin Fig. 9(a)), exposing the
animal to convexity baseddetectors (such asD 4 ¢). Using courter-shading protects
the animal from cornvexity-baseddetection.

The existenceof counter-measuresto convexity baseddetectorsimplies that there
might exist predators who can use corvexity baseddetectors similar to D 4 g.

6.2. Thayer's Counter-Shading Against D 4 4-based Detection
Let us demonstrate how Thayer's principle of counter-shading can be used to
camou age against D 4 g-based detectors. In Fig. 11 we once again consider a
synthetic cylinder; this time we operate D 5 ¢ on ead of the imagesof that cylinder.
As canbe seen,the counter-shadedcylinder under top lighting (Fig. 11, Column C)
attains much lower D4 ¢ valuesthan the smooth cylinder under the samelighting



CONVEXITY-BASED VISUAL CAMOUFLA GE BREAKING 19

FIG. 10. Examples of counter-shaded animals (adopted from [21]). The upper part (towards
the sun) of the animal is the darker one; transition from the dark part to the bright part is gradual.
Here, the animals are under ambient lighting; when the animals come under top lighting (sunlight,
in nature), the gradual change of albedo neutralizes the convexity of the intensity function.

(Fig. 11, Column A). This is becausecounter-shading turns the intensity function
from corvexto (approximately) planar.

To seethe transition from a convex intensity function to a planar onedueto cam-
ou age, we draw (Fig. 12-left) the vertical cross-sectionf the intensity functions
of Fig. 11. The smooth cylinder under top lighting (Column A) producesa corvex
cross-section. The albedo, or the counter-shaded cylinder under ambient lighting
(Column B), consistsof gradedtints of gray, soits intensity function is also cornvex.
Finally, the counter-shadedcylinder under top lighting (Column C) producesa at
intensity function, which meansa reduceddetection probability by D 4 g.

Let us verify that the at intensity function is indeed harder to detect using
Dar g than the corvex intensity function. In other words, we would like to seethat
under top lighting, D4 ¢'s responseto the counter-shadedcylinder is weaker than its
responseto the smooth cylinder. This can be seenfrom the vertical cross-sections
of the responsesof D 4 ¢ to the various imagesof the cylinder (Fig. 12-right).

The above demonstratesthat Thayer's principle of counter-shading is an e ec-
tiv e biological camou age technique against convexity-based camou age breakers,
and more speci cally, against D4 4. One can thus speculate that cornvexity-based
camou age breaking might alsoexist in nature (or else,camou age againstit would
be renderedunnecessary).

The issueof whether or not convexity-baseddetectors are in fact in usein bio-
logical vision systemsneedsfurther exploration; this paper presers only indirect
evidencefor such a usage.
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Column: | A B C

Texture: Smooth. Convex. Convex.
Lighting: Top. Ambient. Top.

Ray
Tracing:

D2

arg:

FIG. 11. Operation of D2 g On a counter-shaded cylinder. Column A: A smooth cylinder
under top lighting. Column B: The counter-shaded cylinder under ambient lighting. Column
C: The counter-shaded cylinder under top lighting. The counter-shaded cylinder can barely be
noticed under top lighting, due to the camou age. Under top lighting, the response of D g is
much stronger when the cylinder is smooth than when it is counter-shaded, showing this type of
camou age is e ectiv e against D g.
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FIG. 12. Cross-sections (parallel to the y-axis, at the center of the image) of: Left:

The intensity functions of Fig. 11. Thayer's counter-shading yields a at intensity function for
a cylinder. Righ t: Dg,g of Fig. 11. Under top lighting, the attened intensity function of the
counter-shaded cylinder has a lower D 5 g response than that of the convex intensity function of
the smooth cylinder.
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7. CAMOUFLA GE BREAKING DEMONSTRA TION

The previous sections have shovn both a biological motivation for camou age
breaking by convexity detection, and the high robustnessmaintained by D o g under
harsh conditions (illumination, scale,orientation, texture). The combination of the
two makesD 4 4 suitable for usageas a camou age breaker.

In order to evaluate the performance of the operator in camou age breaking,
we juxtap ose corvexity based and edge based detection. We choseto compare
convexity baseddetection with edgebaseddetection, becausecamou age by edge
enhancemen is evident in the animal kingdom: [23] (for example) describescamou-
age of frogs (Limnodynastestasmaniensis) which superexcitesthe edgedetectors
of the vision system of the grater snake (Thamnophis sirtalis). This implies that
edgesare biologically usedfor camou age breaking.

In our comparison, D4 ¢ is the represenativ e corvexity based detector while
radial symmetry is the represenativ e edge-basedmethod. The radial symmetry
operator seartesgeneralizedradial symmetry in the edgemap of an image (see[3]
for more details). Radial symmetry hasbeenshown to generalizemost of the exist-
ing methods for interest points detection, including detection of maximal curvature
points, corner detection, and edgedensity measures.

The comparisonof D 4 g with radial symmetry in the task of camou age breaking
dealswith seweral typesof camou age. Each camou age type is accompaniedwith
a real-life demonstration.

A Technical Note. The radial symmetry operator is scale-degndert, while the
peaksof D4 ¢ are not. Therefore, we have compared D 5 4 with radial symmetry
of radii: 10 and 30 pixels (i.e, 2 radial symmetry transformations performed for
ead original image). In the paper, only one radius is intro duced per original, but
similar results were obtained for the other radius as well.

7.1. Indo or Scenes

One of the most basic techniques of camou age is hiding a single-color object
on a badkground of the samecolor. Figure 13 shows a white bottle camou aged
on a badckground of white walls. Someother objects are presen in the scene(a
computer, a book pile, paperson a desk, etc.). The bottle is coveredwith a cap, to
make it easierfor the readerto locate the bottle in the image (the bottle standson
the book pile). The edge-basedadial symmetry operator detectsother objects (the
book pile and the papers), becausetheir edgesare much stronger than those of the
camou aged bottle. The edgesof the camou aged bottle are weak and can barely
be seenin the edgemap. The inherent problem of edgemaps of smooth objects is
their responseto the outlines of the smooth 3D object, rather than to the interior
of the object (being smooth). Consequetly, the surroundings of the object play an
important role in determining the strength of the edge. The closerthe colors of the
subject and the surroundings, the weaker the outline edge. The responseof D 4 g,
on the other hand, is to the intensity surface formed by the interior of the image
of the subject (the bottle, in this case),regardlessof the vicinity of the subject in
the scene. The distinction that D, g performs betweenthe subject (white bottle)
and the badkground (white wall) is based on an internal feature of the subject:
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Original image. Edge map.

DZg- Detection by D g.

Radial symmetry (r=10). Detection by Radial Sym.

FIG. 13. A camou aged white bottle. The white bottle is photographed against a white

background. Some other objects are also presernt in the scene. Edge-based detection schemes
disregard the bottle asits edgesare very weak (and can hardly be noted in the edgemap). Darg,
on the other hand, responds strongly to the smooth 3D convex bottle, despite its camou age.
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@) (b)

(€) (d)

FIG. 14. Attempt to conceal a convex object among other convex objects leads to multiple
subject detection. The response of Dar g to each convex object is not aected by the presence
of other convex objects in the scene. Objects at various scales have been chosen to further
demonstrate the robustness. (a) A scene containing six smooth 3D convex objects at various
scales: ladle, funnel, tennis ball, cola can, mug, and canteen. (b) The Darg of (a). (c) 70%
binary threshold of Dar g. (d) Detection by 70% threshold of D ar g is marked over (a). All convex

objects are detected by Dar g concurrently.

corvexity. Thus, D4 ¢ has a strong responseto the smooth 3D convex bottle (see
DZ ¢ Map in Fig. 13).

In the above example, the subject assimilatesto the environment by mimicking
the environment color, which misleadsedge-basedietection. However, what would
happen if one attempts to mislead D 5 g by mimicking the feature to which D g
responds (convexity)? To test this, we let a convex subject assimilate to a corvex
ervironment. As can be seenin Fig. 14, when the sceneconsistsof seweral corvex
objects, D4 ¢ is able to detect them all. In this example, D 4 ¢ is not distracted by
the presenceof other convex objects, asits responseis to the internal intensity sur-
face formed by ead object. The processingof the local intensity function induced
by the object and referredto asa 3D surfacealong with the use of a robust opera-
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a. Rocky Mountain Sheep.

b. D 4. c. Detection by Dy g.
d. Edge map. e. Edge-baseddetection.
FIG. 15. Rocky mountain sheepin a rocky environment. Apatetic coloration does not

distract Darg. (0),(c): Darg detects the sheep, since they are 3D, smooth, and convex. (d),(e):
Failure of edge-based methods to detect the sheep: edge-based methods fail, since the edges
intro duced by the sheep, being convex and using apatetic coloring, are weaker than the edges of

the rocky mountain.

tor reducesthe ervironmental e ect on the located points, and enablescamou age
breaking by D g.

7.2. Animal Camou age
Animals use various types of camou age to hide themseles. One type of cam-
ou age is apatetic coloration. Figure 15 shows two Rocky Mountain sheep(Ovis
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Canadensi§ in their natural rocky ervironment. The coloration of the Rocky
Mountain sheep ts their habitat (pay attention in particular to the upper sheep
in Fig. 15(a)). D4 ¢ detectsthe sheepasthe main subject (using 70% threshold on
Dgrg), sincethey appear smooth (from the photographic distance), they are three
dimensional and corvex. Due to the apatetic coloring, the edgesof the sheepare
weaker than these of the rocky badckground (Fig. 15(d)), so edge-basedmethods
are doomedto fail on this image. Even the radial symmetry transform | a more
sophisticated edge-basedransform searding generalizedsymmetry | fails due to
the weaknessf the edgesof the sheep. As can be seenin Fig. 15(e), radial symme-
try detects many background locations. Radial symmetry speci es no single target
in the image: 7 di erent locations were detected by 90% (!) thresholding, spread
on a large area of the image.

The habitat of a squirrel demandsa more complex camou age. The squirrel
livesin a bushy ervironment, where colorsare not uniform. Leaves,bushesand the
ground form a texture which hasto be mimicked by the fur of the squirrel. Fig. 16
exhibits a natural camou age of a squirrel in a leafy ervironment under the shades
of a nearby tree. There are many edgesof the squirrel and the environment mixing
together, and preverting the radial symmetry operator from isolating any speci c
target. D4 g, however, producesa single strong peak, exactly on the squirrel. The
convexity of the squirrel (and in particular, its belly) is the reasonfor its detection
by Darg. The only smooth 3D corvex domain in the image is the belly of the
squirrel. Though someof the shadesmight look similar to the belly of the squirrel
(even to a human viewer), they do not possesghe property of being a projection
of a 3D corvex object, and thus their intensity function intro duce no 3D cornvexity.

7.3. Military Camou age
7.3.1. Personnel Camou age

Spotted uniforms, usually usedby military forces,attempt to imitate the distri-
bution of edgesand colors in the visual ervironment of trees, grass, rocks etc. of
the arena. This kind of camou age is exactly the one which deceives edge-based
detection. For these cases,edge-basedietection is not enough, becausethe input
to the detector is almost identical for background and subject domains.

Although camou age interferes with the smooth convex intensity function that
would otherwise be generatedby the subject, in many casesD 4 ¢ is robust enough
to relax the smoothnessconstraint.

In Fig. 17, a camou aged hunter is detectable by D4 4. The usageof stripesin
the uniform doesnot concealthe convexity of the hunter. Note, that the hunter in
Fig. 17 is wearing a very sophisticated disguisewhich easily misleadshuman beings
(this is the image from the introduction, Fig. 1). Human beings nd it dicult to
locate the hunter in that image, and nevertheless,D 4 4 detects the hunter (all but
a single detection are on the image of the hunter).

In Fig. 18, edge-basednethods are able to detect neither the buck nor the hunter.
The buck is not detected by thesemethods, asit is a smooth cornvex 3D object, and
its edgesare very weak. The hunter is not detected by edgebasedmethods due to
a dierent reason: he is wearing a camou age whosecolors and edgedistribution
mimic the colors and edgedistribution of the forest. D4 4 is able to answer both
problems simultaneously: The buck is a smooth convex three dimensional object,
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Radial symmetry (r=30). Edge-baseddetection.
DZg- Detection by Darg.

FIG. 16. A hidden squirrel. The squirrel is on a leafy ground shaded by a tree. The shades
and leaves form many edges\deluding" the edge-based methods. Even human viewers nd it

dicult to locate the squirrel in the image. Dar g detects the squirrel, breaking the camou age.
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Original image. Dz Detection by Darg.

Gradient modulus. Radial symmetry (r=30). Detection by radial symme-
try.

FIG. 17. Visual human camou age. The camou age mimics the texture and the color of

the natural environment. As a result, the domains of the subject and the background woods in
the edge map unite and disable edge-baseddetection. Radial symmetry fails to detect the subject.
Convexity based detection distinguishes between the surroundings and subject, since the subject

is 3D and convex. Most of the points detected by Dar g are of the subject (except for a single
outlier).
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and is therefore detected by D4 4. Taking a threshold of 50% of the maximal D2,
detects the buck. If one reducesthe threshold, one nds out that at a threshold
of 15% of the maximal D3, the hunter is detected. The hunter is detected since
it is alsoa 3D convex object. Although the corvexity of the intensity function of
the hunter is disturbed by the presenceof camou age, the hunter convexity is still
more dominant in the image than that of the surrounding woods.

Another way to refer to the multiple subject detection of Fig. 18: If we detect
the buck and cut its image out of the original image, we remain with an image of
a camou aged hunter. In this image, the hunter can be detected by D 4 ¢4, but not
by edge-basednethods (Fig. 19).

Another example of breaking military personnelcamou age appearsin Fig. 20.
A camou aged soldier on the badkground of densebushesis very hard to detect.
Edge baseddetection missesthe soldier. 95%(!) threshold on the output of D 4 g is
necessaryin this caseto isolate the camou aged soldier, and still one outlier (out
of three locations) occurs.

Another way of concealmen is covering most of the body or equipmert under
branchesof trees commonin the area of operation. By de nition, this ensuresthe
camou age ts the surroundings. Detecting this camou age by edge-basedneans
is doomedto fail, asthe camou age consistsof many strong edges(tree branches)
identical to those of the badkground. An example for this type of camou age
can be seenin Fig. 21: two soldiers are camou aged by branches of trees. Edge-
based techniques detect background domains. D, ¢ detects the soldiers, as their
(uncovered) facesare 3D and cornvex. See[24, 25] for details on face detection using
Darg.

7.3.2. Military Camou age

Camou age and concealmen of equipmert is of particular interest. This sec-
tion cortinues the comparison of detection by D, 4 and by radial symmetry for
camou aged artifacts.

Figure 22 present atank in camou age paints in front of atree. The tree produces
edgesdistracting the radial symmetry operator. The corvexity of the intensity
function near the wheelsof the tank exposesthe tank to the D4 4 detector.

Figure 23 preseris tanks in a highly cluttered scene.The edgesof the urban area
distract edge-baseddetectors. The convexity of the tanks leadsto detection of 2
out of 3 tanks by D¢ (the third tank is too small to detect).

8. CONCLUSIONS

We have de ned a cornvexity-based operator, D4 g4, for detection of image do-
mains emanating from smooth convex (or concave) three dimensionalobjects. D 4 g
is not based on edge maps, and is thus free of their aws (e.g., it is robust in
dominant textures and camou age). D4 g is proved invariant under any derivable
strongly monotonically increasing transformation of the image intensity function,
which practically meansrobustnessto illumination changes.Robustnessto orienta-
tion and scaleis alsoexplained. We have shavn that D 4 ¢ is suitable for camou age
breaking, and that in practice the smoothnessassumption can be relaxed.

Having Da g de ned, we have illustrated how Thayer's principle of courter-
shading prevents detection basedon the convexity of the intensity function of the
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a. Original image. b. Dgrg. c. Detection by Darg

(50% thresh).

d. 15%threshold of DZ ;. e. Detection by Dagy f Edgemap.

(15% thresh).
g. Radial symmetry h. Detection by 90% . Detection by 80%
(r=10). thresh of Radial Sym. thresh of Radial Sym.

FIG. 18. A camou aged hunter and a buck in the woods. D g g detects both the buck (by
50% of D2 4) and the hunter (by 15% of D2, ).
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Original image. Edge map.

DZg- Detection by D g.

Radial symmetry (r=10). Detection by Radial Sym.

FIG. 19. A camou aged hunter. The buck's image was cut out of Fig. 18, so that only
the camou aged hunter and the background remains. The natural environment and the hunter's
camou age unite and form a uniform-lo oking edge map. Detection techniques which usethis edge
map do not receive enough information to be able to distinguish the subject from the background.
Dar g detects the subject based on convexity information: the hunter is a convex 3D object.
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a. Original image. d. Edge map.

b. DZ - c. Detection by D, g (95% thresh).

e. Radial symmetry (r=10). f. Detection by 95% thresh of Radial
Sym.

FIG. 20. A camou aged soldier on the bank of a river near densebushes. Edge distribution
unites with camou age (especially the helmet). In spite of the strong camou age, D ar g detects
the soldier in 2 out of 3 locations it isolates. The incorrect detection is of clouds re ecting in the

water.
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Original image. Edge map.
Dz - Detection by D g.

Radial symmetry (r=10). Detection by Radial Sym.

FIG. 21. Camouaged soldiers. The camou age trees produce many strong edges,disguising
edge-based detection schemes from the soldiers. 80% thresholding of the radial symmetry map
doesnot detect any speci c region of interest. Nevertheless, the soldiers facesare 3D and convex,
and thus lead to their detection by Darg.
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Original image. Edge map.
DZg- Detection by D g.
FIG. 22. A tank in camou age paints near a tree. Convexity-based D ar g is not distracted

by the background (tree, grass).
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Radial symmetry (r=10). Detection by Radial Sym.

Radial symmetry (r=30). Detection by Radial Sym.
FIG. 22| Continued

A tank in camou age paint near a tree. The tree distracts edge-baseddetection,

regardlessof the scale.
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Radial symmetry (r=10). Detection by Radial Sym.

DZg- Detection by D g.
FIG. 23. Tanks in an urban zone (i.e., high clutter). Edge-based detection is distracted by
the background. Convexity-based D arg detects 2 of the 3 tanks.

subject (using D4 g). This givesfurther support to the speculative conclusion, that
Darg might be usedin a biological vision system of a predator whose detection
ability is basedon convexity detection, and the apatetic coloration of its prey is
basedon Thayer's principle of counter-shading.

Camou age breaking by D or ¢ hasbeendemonstratedto be highly e ectiv e. This
has been shown in a comparison between a convexity-based camou age breaker
(Darg) and a represenativ e edge-basedoperator (radial symmetry). The com-
parison included various types of camou age: indoor scenes,animal and human
camou age and military camou age. Convexity-based camou age breaking has
beenfound to be highly robust and in most of the casesmuch more e ectiv e than
edge-basedechniques.

Despite the better results obtained by D 4 g in the comparison, one must bare in
mind that there still existsa camou age technique which overcomesD 4 ¢: Thayer's
principle of counter shading. Consequetly, D 4 ¢ is suggestedas a complementary
method to edge-basedechniques, sothat ead discipline bene ts from the advan-
tagesof the other.
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