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Classifying Color Edges in Video
Into Shadow-Geometry, Highlight,
or Material Transitions

Theo GeversMember, IEEEand Harro Stokman

Abstract—We aim at using color information to classify the However, the method is based on a complex geometry model re-
physical nature of edges in video. To achieve physics-based edgsstricted to the detection of cast shadows. Furthermore, all of the
classification, we first propose a novel approach to color edge 5 4ye mentioned classification techniques are based on color

detection by automatic noise-adaptive thresholding derived dae detecti hich is. i L d dent th
from sensor noise analysis. Then, we present a taxonomy on®C¢9€ GELEClion, Which IS, in general, dependent on the appro-

color edge types. As a result, a parameter-free edge classifier isPriate setting of threshold values to determine the edge maps.
obtained labeling color transitions into one of the following types: This threshold is found, in general, by trial-and-error. For gen-
1) shadow-geometry, 2) highlight edges, and 3) material edges.eral video segmentation and content recognition, manual set-
The proposed method is empirically verified on images showing tjngs of thresholds should be avoided. Therefore, an automatic
complex real world scenes. S . !
_ _ ~way for threshold value selection is required.
Index Terms—Adaptive edge thresholding, color edge detection,  |n this paper, we aim at automatically classifying the physical
color invariance, edge classification, noise propagation, video. nature of edges in images using color and reflectance informa-
tion. To achieve this, we first propose a novel framework to com-
|. INTRODUCTION pute edges by automatic gradient thresholding. Then, we present
. . - . a taxonomy on edge types based upon the sensitivity of edges
HEI COL(?R. of.objectsd\./tqry W'X‘ changes in |IIum|nan|\Nith respect to different imaging variables. Finally, a param-
color and VIewing CONditions. AsS a CONSEqUENce, ColRfa freq edge classifier is provided labeling color transitions
boundaries are gen_erat_ed by_alarge vgnety of|mag|_ng Vanaigsy one of the following types: 1) shadow-geometry edges,
such as shadows, highlights, illumination and material changF highlight edges, and 3) material edges. The proposed method
| ; :

Therefore, classifying the. ph_yS|caI nature (.)f edges Is use empirically verified on video sequences recorded from com-
for a large number of applications such as video segmentaugﬁbx real world scenes

video indexing and content recognition, where correspondi IThe paper is organized as follows. In Section I, the basics

edge types (e.g. _materlal trangltlons)_ from d|st|n<_:t image f‘r‘amgﬁ reflection are discussed first. Further, different color models
are selected for image matching while discounting other actre presented and a taxonomy on color invariance is given. In

dgntal edge types (e.g. shadows and hl_ghl!ght tré.ms't'pns)'%ction [ll, computational methods are proposed to get to color
this paper, we consider the problem of discriminating dIffere'mvariant gradients. Next, in Section |V, error estimation and

edgg typ;:stbatged on I(t)cal .;:ur'face ref!ectar;lce E[)r(;?e;‘tuads: opagation is discussed. Finally, in Section V, the color edge
ge detection in intensity images is well established in [ assification scheme is proposed.

and [2], for example. In general, to achieve color edge detection,
these intensity-based edge detection techniques are extended by
taking the sum or Euclidean distance from the individual gra-
dient maps. Further, to obtain robustness against illuminationln Gevers and Smeulders [6], different color models are pro-
effects, Tsang and Tsang [3] show that edge detection in thesed which show some degree of invariance for the purpose
hue color space is effective in suppressing specular reflecti@h.object recognition. In this paper, we use the different color
However, no edge classification scheme is provided. Anoth@odels for the purpose of color edge classification in video se-
approach is given by Zhang and Bergholm [4] to classify edg@sences. Therefore, in this section, we first reconsider the basic
into diffuse and sharp edges. The idea is that illumination phegflection definitions in Section II-A. Then, we discuss the dif-
nomena, such as indoor shadows and reflections on glossy $erent color models in Section II-B and their sensitivity with re-
faces tend to cause gradual transitions, whereas edges betvé&et to the imaging conditions. We conclude this section with
distinct objects tend to be sharp. A similar but more elaboratédaxonomy on photometric invariance.

approach is given by Stander [5] for detecting moving shadows.
A. Basic Reflection Definitions

Il. PHOTOMETRIC INVARIANCE

Manuscript received July 25, 2000; revised May 23, 2002. The associate ed—The reflection from 'nhomOgeneous dielectric materials
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for vy € {R,G, B} giving the red, green and blue sensoored surface which is curved (i.e. varying surface orientation)
response of an infinitesimal matte surface patch under thees rise to a broad variance B8(G B values. The same argu-
assumption of a white or spectrally smooth light sourcenent holds for intensity.

Spectral sensitivities are given iz ()\), Fe()\) and Fp()\) In contrast, the:;co color model is a photometric invariant
respectively, where\ denotes the wavelengttB(\) is the for dull objects, cf. (6) and (2) and (3):

surface albedo. FurtheF, denotes the white light source and

S is the Fresnel reflectance. These are constant over the wave- c1(Br B fp) =

lengths assuming white or spectrally smooth illumination (i.e., ¢y (GB it, $) EKR(A > cetan < R(/\)> 7
approximately equal/smooth energy density for all wavelengths Gp(il, 5)EKp(A Kp()\)

within the visible spectrum) and the neutral interface reflection c2(Br,Ba,BB) =

(NIR) model (i.e.S(X) has a constant value independent of the Gp(i,5)EKg(A a(N)
wavelength). Consequently, we haié\) = E andS()\) = S. arctan (GB (7, 5) EK 5(\ > = < B()\)) (8)

Further,ii is the surface patch normaf;is the direction of \\here
the illumination source, and is the direction of the viewer.
Finally, geometric terms7z and G denote the geometric Kco(A) = /B(/\)FC(/\)d/\ forC € {R,G,B} (9)
dependencies on the body and surface reflection component. A

is the compact formulation depending on the sensors and surface

B. Color Models albedo only. Note that the dependency on illumination, object

We focus on normalized colaf ¢, defined by [6]: pose, camera position, and object shape is factored out;ice.,
R is only dependent on the sensors and the surface albedo.
c1(R,G, B) = arctan <§> (2)  For shiny surfaces:; 0» is independent of highlights as fol-
G lows from substituting (1) in (4) and (5) (see (10), shown at the
c2(R, G, B) = arctan <§> . (3) bottom of the page). Equal argument also holdg$oNote that

o109 is still dependent or7 5 (7, §) and £/, and consequently
Further, we consider the two-dimensional opponent color spas&ing sensitive to object geometry and shading.

(leaving out the intensity component here) defined by In conclusion,c;c, varies with a change in material and
(R-Q) highlights,o; 0o with a change in material and object-geometry,
01(R,G,B) = and RGB varies with a change in material, highlights and
B object-geometry.
oo(r.G.B) = & - HE) (5) CecTosomen
The opponent color space is well-known and has its fundamen- lll. PHOTOMETRICINVARIANT GRADIENTS
tals in human perception. A number of well established techniques for edge detection in
Consider the body reflection term of (1): ordinary (one-band) images is available, [1], [2]. However, for

color edge detection, the computation of the gradient magnitude
Br(Z) = Gp(&, 11, 5) E(T) / B(Z, ) Fi.(A)dA ©) ismore complex due to the multivalued nature of a color image.
A In this paper, we compute the distance in color space by the
giving thekth sensor response of an infinitesimal matte surfadeuclidean metric over the various channels.
patch under the assumption of a white light source. Again, for aFurther, the color channels of an image are differentiated in
color camera we have = {R, G, B}. thez andy direction using the Prewitt filter giving the gradient
The body reflection component describes the way light inteds((9c;)/(9z), (0c;)/(0y)). Here,c; is the notation for a par-
acts with a dull surface. The light spectrufifalls on a surface ticular color channel. The Prewitt operator is chosen merely for
B. The geometric and photometric properties of the body rés simplicity.
flection depends on many factors. If we assume a random disThen, the modulus of the gradieWitt” of the color planes is
tribution of the pigments, the light exits in random directiongbtained by taking the Euclidean distance
from the body. In this simple case, the distribution of exiting " 5 .
80,; 80,;
models dull, matte surfaces which appear equally bright regard- VI = J Z [( or ) T ( dy ) ] (11)
less from angle they are viewed. They reflect light with equal =t

light can be described by Lambert’s law. Lambertian reflection
intensity in all directions. As a consequence, a uniformly coWwhereN is the dimensionality of the color space.

((Gp(#t, HE [, BA)Fr(\dA + Gs(i, 5, 5) ESF) — (Gp(ii, 5)E [, BOA)Fa(A\)dA + Gs (7, 5,5) ESF))
2
_ (Gs(@,9)E [, BOFr(\)dA - Ga(#i, 3)E [, B Fo(\)d))
2

01((4}R7(UG7LUB> =

(10)
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Often false edges are introduced due to sensor noise. The shape edges| shadow edges | highlight edges | material edges
false edges are usually eliminated by using a threshold valt_YCrGR + + + +
determining the minimum acceptable gradient modulus. In thi_¥Ccic2 ‘+ ; + +

- +

paper, we aim at providing a computational framework to deter ¥Colo2
mine automatically this local threshold value. To achieve thi )

. .. . -ig., 1. Taxonomy of color edges based upon the sensitivity of the different
sensor noise characteristics on color transformation are studig@r edge models with respect to the imaging conditienslenotes invariant

in the next section. and+ denotes sensitivity of the color edge model to the imaging condition.

IV. ERROR PROPAGATION

In this paper, we assume that the noise is normally digie normalized red and green color components, respectively.
tributed, because the most frequently occurring noise F$om the analytical study of (15) and (16), it can be derived
additive Gaussian noise. It is widely used to model therm#dat normalized color becomes unstable around the black point
noise and is the limiting behavior of photon counting noise amfd = G = B = 0.
film grain noise. Further, the uncertainty of thg o, opponent coordinates is

Then, let the result of a number of measurements of a randgiven as
quantityu be given by

1
— /0% +o? 17
= Upet + O (12) T =5V oG TR (27
1
. o ) 0'0,,:—\/40'2 + 0% + o2 18
where ui..; is the average value which is the best estimate > 2 BTG TR (18)

for the quantityw and o, the standard deviation denoting

the uncertainty or error in the measurementuofSuppose Which is relatively stable at altG:5 points.
thatu,---,w are measured with corresponding uncertainties Further, to propagate the uncertainties from these color com-

Gus- -+ 0w, and that the measured values are used to comprFe.mS thrqugh the gradient rrr:odulusf, the uncelrtalntles are de-
the functiong(u, - - - ,w). If the uncertainties in, - - -, w are termined using (14) because the transformed color components

independent, random and relatively small, then the stand @& dgpgndent. US"‘Q (14), the propagqtiop of uncertainty 9f ks
deviation or the so-called predicted uncertainty is given by Prewitt filter can be implemented by filtering the uncertainty

8] planes of the different color spaces with the absolute masks
yielding the uncertainties in the gradieny. s, andos./ay-
g 2 g 2 Then, the uncertainty in the gradient modulus of (11) is deter-
04 = <%0u> +- 4+ <%ow> (13) mined using (14) as
wheredq/0u anddq/Ow are the partial derivatives af with > [(%“x) T + (%"y) -Uaci]
respect tow andw. In any case, the uncertainty inis never ovr < o= <l (29)
. dc; 9cy
larger than the ordinary sum \/Zi [( ) + (ay )}
9q Iq
0q < 9| + wl| v (14)  whereiis the dimensionality of the color space. In this way, the

effect of measurement uncertainty due to thermal and photon

if and only if the uncertainties,,, - - -, o, are relatively small. noise is propagated through the color invariant gradient.
Assuming normally distributed random quantities, a way to cal-
culate the standard deviations;, o, andop is to compute V., AUTOMATIC EDGE THRESHOLDING AND CLASSIFICATION
the mean and variance estimates derived from a homogeneousl% . . : .

. . : . this section, techniques are presented to automatically se-
colored surface patch in an image under controlled imaging C%‘ét the aradient threshold value. The threshold value is com
ditions. Although (13) and (14) are deduced for random errors, gradi value. value |

they have been used as universal formulas for all kinds of erroFrJéf.ted locally in an adaptive way. In fact, the amount of uncer-

After calculating the noise variance, the uncertainty: af tainty at image locations will steer the threshold value. Finally, a

can be found by substitution of (2) and (3) into (13) as coloredgquxo!ﬂomy is presented on which the novel rule-based
edge classifier is based on.

2 +2 2
O = /% (15) A. Parameter-Free Edge Thresholding
(R + B%) From (19), the uncertainty associated with the gradient mod-
o= G?0% + BoZ (16) ulus is known. Color edges are thresholded taking this uncer-
c (G2 + B2)2 tainty into account. Assuming that the noise is normally dis-

tributed, then distribution is well-approximated by the Gauss
wherec%, o ando% denote the sensor noise variance, andistribution [8]. For a Gaussian distribution 99% of the values
0., ando,., represent the uncertainty (standard deviation) fiall within a 3¢ margin. If a gradient modulus is detected which
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(a) (b) (c) (d)

Fig. 2. Edges in b) normalized color space, and (c) the associated uncertainty. In (d), the result of manual global thresholding.

(a) (b) (c) (d)

Fig. 3. Results of automatic local thresholding in (a) sensor, (b) normalized, and (c) opponent color space. (d) Result of color edge cladsifeaiack
edges are highlight edges, blue edges are geometry or shadow edges, red edges are material transitions.

exceedsov r, Wwe assume that there is a chance of 1% that thisIn this way, a taxonomy of color edge types is obtained (see

gradient modulus corresponds to no color transition: Fig. 1). The color edge taxonomy is based upon the sensitivity
) of the color gradients with respect to the following imaging con-
VO(x,y) = { 1 if VE(z,y) > 30vr(z,y) (20) ditions: object geometry, shadows, highlights, and material.
0 otherwise Then the rule-based reflectance classifier is as follows:

deriving a local threshold value.
The novelty of our approach is that the threshold value is alitaF VCrap #0 AND VC.,., =0
matically and locally adapted to the amount of uncertainty of th@ HEN classify as shadow or geometry edge
color invariant edge. For example, farc, edges (unstable near ELSE
the black point) at pixels with low intensity, the threshold value/F  VCc,c, # 0 AND VC,,,, =0

is automatically augmented. In this way, a local, noise-adaptivéH/EN classify as highlight edge
and automatic thresholding scheme is obtained. E’-S’—'__ ]
classify as material edge

B. Reflectance Based Edge Classification

In the previous sections, the effect of varying imaging cifonly computed at color edge maxima using non-maxima sup-
cumstances have been analyzed first; varies with a change pression. Note again that the color edges are computed by (20).

in material and highlightsy; 0o with a change in material and |n this way, color edges and threshold values are automatically
object geometry, an®G B varies with a change in material,calculated in a parameter-free setting.

highlights and object geometry. Further, color invariant edges
have been computed with their associated uncertair)ty. VI. EXPERIMENTS

As a consequence, we conclude tRaigzs g [denoting the
edge map ik B-space with noise-adaptive thresholding cor- [N this paper, experiments are conducted on still images (for
responding to (20)] measures the presence of 1) shadow or glgistration purposes) and video sequences recorded from com-
ometry edges, 2) highlight edges, and 3) material edges. Furtti#¢x scenes. To this end, in Section VI-A, we focus on color
VC.,., (denoting the edge map inc, normalized space) mea-images taken from simple objects. In Section VI-B, image se-
sures the presence of 2) highlight edges, and 3) material edgpgsnces are considered which are of average quality commonly
Finally, VC,,,, measures the presence of 1) shadow or geomsed in digital consumer photography. In Section VI-C, video
etry edges and 3) material edges. sequences are taken into account.
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@) (b) © (d) ()

Fig. 4. Images from a sequence showing a toy against a background. (a) Original color image. (b) Classified edges. (c) Shadow and geometrygidigés. (d) Hi
edges. (e) Material edges.

A. Automatic Edge Classification in Still Images As color invariant instabilities are not stationary over the image
(i.e., at each image location a different threshold is required),

For this experiment, an image is taken of two homogeneousfe specularities on the red cup having gradient moduli below
colored plastic toys (red and green) against a blue paper bage threshold value are shown up, whereas the noise edges in the
ground. The experiments are performed using a Sony 3C(@Rrk region have gradient moduli values exceeding the threshold
color camera XC-003P, Matrox Corona Frame-grabber, agglue. The experiment shows the inappropriateness of the use of
four Osram 18 W “Lumilux deLuxe daylight” fluorescent lighta global (manual) threshold due to the local instabilities of color
sources. invariant edges.

The image is shown in Fig. 2(a). The red object shows two The result of the newly proposed noise-adaptive thresholding
circles enclosing a number of small specularities. A homogseheme is shown in Fig. 3. In Fig. 3(a), the gradient is shown
neous, almost black, shadow region is visible at the right sidemputed for theRGB color space. The image shows that
of the green toy. The edge map, computed in the normalizethny false edges are correctly suppressed while edges caused
color space, is shown in Fig. 2(b). As expected, the normdly material, geometry and specularity transitions are retained.
ized color is sensitive to highlights. This results in the speculdfig. 3(b) shows the result for normalized color space. Here,
ities at the red object. Further, it is experimentally establishedise-adaptive thresholding correctly discards the edges present
that the normalized color space is highly unstable at dark colansghe edge map of Fig. 2(b), while retaining the highlight edges
(i.e., low intensity). The uncertainty map@fcs edges is shown on the bottom of the red cup. Fig. 3(c) shows the result of auto-
in Fig. 2(c). Note that uncertain values are depicted in bladkatic thresholding for the opponent color space. As expected,
In this way, regions with high intensity, in the original imagethe color space is invariant for highlights, which consequently
correspond to dark regions in the uncertainty map . . In  do not show up in the edge map. Note that the opponent color
Fig. 2(d), the edge map is shown by thresholding the normabace still depends on shadows and object geometry. Finally, in
ized color gradient by using a global threshold value. The mdsg. 3(d), the result of automatic edge labeling is shown. Black
optimal threshold value has been selected by visual inspectiedges correspond to highlight edges, red edges to material
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@) (b) (© (d)

Fig. 5. Frames from a video showing a person against a textured background playing ping-pong. From left to right: (a) Original color frame.i¢ol)&zigssif
(c) Material edges.(d) Shadow and geometry edges.

transitions, and blue edges to geometry changes. It is showrrrom the edge classification result, shown in Fig. 4(b) itis ob-
that the proposed method successfully classifies color edgesémnved that edges are introduced due to abrupt surface orienta-
still images without the need for parameter settings. tion and two highlights, caused by the two illumination sources.
These highlights are well detected and classified, see Fig. 4(b)
and Fig. 4(d). The highlight-edge map is fairly independent of
%ﬁadows and abrupt surface orientation changes. Only a few er-
In this section, we consider recordings from average qualitgneous edges are generated by small inter-reflections. Inter-re-
which are commonly in use in digital consumer photographffections occur when an object receives the reflected light from
Therefore, a sequence of five images have been recorded, sheiA¢r objects. Similarly, good performance is shown for the ma-
in Fig. 4(a), by the Nikon Coolpix 950, a commercial digitaferial transitions as depicted in Fig. 4(b) and 4(e).
camera of average quality. Further, the ScanDisk CompactFlash
memory card has_ been used_fo_r_imgge storage. The ima_lges RBVe\ Jtomatic Edge Classification in Video
size 267x 200 pixels. The digitization was done in 8 bits per
color. The object is recorded against a cardboard backgroundin Fig. 5(a), six frames are shown from a standard video often
Two light sources of average day-light color are used to illumitsed as a test sequence in the literature. It shows a person against
nate the objects in the scene. There was no attempt to individaaéxtured background playing ping-pong. The size of the image
control the focus or the illumination for the objects in the scenis. 260 x 135. The images are of low quality. The frames are
Images show a considerable amount of noise, shadows, shadatggrly contaminated by shadows, shading and inter-reflections.
specularities and interreflections. As a result, recordings areMdte that each individual object-parts (i.e., t-shirt, wall, and
as average quality, corresponding to consumer photographytable) is painted homogeneously with a distinct color. Further,

B. Automatic Edge Classification in Digital Camera Sequenc
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that the wall is highly textured. The results of the proposed re- REFERENCES
ﬂ?Cta_-nce based edge.CIaSSIfler are shown in F'g-. 5(b) AS_ nF{l] J. Canny, “A computational approach to edge detectit|BEE Trans.
highlights are present in the scene, the edge classifier discrimi-  Pattern Anal. Machine Intellvol. PAMI-8, no. 6, pp. 679-698, 1986.

nates edges in the color image to be one of the following typesi2l D- Ziou and S. Tabbone, “Edge detection techniques—an overview,”
9 9 gtyp Pattern Recognit. Image Analiol. 8, no. 4, pp. 537-559, 1998.

1) material edges shown in Fig. 5(C)= and 2) shadow or geom‘[3] W. H. Tsang and P. W. M. Tsang, “Suppression of false edge detection
etry edges shown in Fig. 5(d). As one can see, the cast shadow due to specular reflection in color imageBdttern Recognit. Lettvol.
of the person on the wall is well detected and classified. Also__ 18, pp. 165-171,1997. .

.. . e [4] W. Zhang and F. Bergholm, “Multi-scale blur estimation and edge type
the geometry transitions on the t-shirt have been classified suc-" ) ssification for scene analysidrit. J. Comput. Visvol. 24, no. 3, pp.
cessfully. Material edges, as shown in Fig. 5(c), are well-de-  219-250, 1997.
fined ignoring radiometrical effects. Only interreflections and [5] J- Stander, R. Mech, and J. Ostermann, *Moving cast shadows detection

. . . . for object segmentationfEEE Trans. Multimediavol. 1, pp. 65-76,
smoothly changing shading disturb the edge map slightly. From 14 1999.
the observed results, it is concluded that the edge classifier disfs] Th. Gevers and A. W. M. Smeulders, “Color based object recognition,”
imi i i i Pattern Recognit.vol. 32, pp. 453-464, 1999.
criminates the Va”pus edge types satisfactory. Only mmor grrorsg] S. A. Shafer, “Using color to separate reflection componer@lor
are caused when intensity change smoothly over a wide image " Res. Applicat.vol. 10, no. 4, pp. 210-218, 1985.
range due to the local behavior of the edge classifier. [8] J.R. Taylor,An Introduction to Error Analysis Mill Valley, CA: Uni-
versity Science, 1982.

VIl. CONCLUSION

Color information has been used to classify the physical na-
ture of a color edge. A novel framework has been proposed
for color edge detection and automatic noise-adaptive thre:"
olding. The framework is derived from sensor noise analys
and propagation. Further, a parameter-free color edge classi
has been proposed labeling color transitions into the followir _ theoreti
types: 1) shadow, geometry or shading edges, 2) highlight edc 5 ﬁ;fgg?ﬁéggﬁ: photometric invariants and color
and 3) material edges. From the theoretical and experimer —_ '
results, it is concluded that the proposed method successft
classifies color edges in video without the need for parame <= {
settings.
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