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Abstract

The distinction among different edge types is important for the derivation ofscene

geometry, as well as for tasks such as image segmentation and object classi�cation.

In this paper, we study the classi�cation of edges, discriminated into geometricoc-

clusion boundaries, geometric surface folds and non-geometric edges.Our aim

is to seek the limit of classi�cation which can be achieved by using local edge

information alone. We investigate the degree to which local features - derived

from color, orientation and texture scale properties - can be learned to discriminate

the three types of edges. The results indicate that geometry-related edgescan be

learned from low-level image information, achieving moderately strong scores, yet

much higher than random assignment. In comparison to state-of-the-art in discrim-

ination of salient edges [1], we achieve on average 5% lower performance over the

three classes. However, better performance of [1] is at the expense of much longer

descriptors, which take 30 times longer to compute than our features. The spatial

distribution of classi�cation errors is found to be dispersed, such that enough evi-

dence of a geometric boundary is likely to be found from local image information
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only.
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1. Introduction

Gradients must be in use in the vast majority of all computer vision approaches.

Edges are so important that any statistic on them may be helpful for such di-

verse tasks as segmentation, scene-geometry reconstruction, object classi�cation,

or tracking.

(a) (b)

Figure 1: Occluding contours of large objects, as well as edges markingborders between surfaces

of different orientation, are the most relevant edges for geometry reconstruction of the scene. (a)

An example image from the Corel dataset, superimposed with one of the human segmentations from

the Berkeley Segmentation Dataset [1]. Clues to discriminate edges, shown in (b), are found in

differences in detail on both sides of the edge (green rectangle) and in the orientation of the edge

(red). In contrast, the strongest edges generally originate from material transitions (blue), as well as

shadows and highlights (yellow).Best viewed in color.

In this paper, we investigate the degree to which edges in arbitrary images

can be discriminated by the main group they belong to, i.e. geometry-generated

versus illumination-induced or surface-cover edges. The geometry-induced group

of edges are caused by image projections of geometric events in the scene.These

geometric edgesinclude occlusion boundaries, which will show a different color

composition on both sides of the edge. In addition, occlusion boundaries are likely
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to show a different level of detail, as the distance to the lens is different across the

edge. The geometric group also contains edges induced by geometrical folds in

the scene. In this case, the two sides may or may not show the same surface cover

on both sides of the fold. Nevertheless, they will have differing texture projection

and re�ection intensities. In general, differences in the orientation of edges are

more frequently seen at occluding edges and geometric folds than in illumination-

induced or surface-cover edges.

The group of edges not induced by geometry contains transitions in the illumi-

nation intensity, seen as shadows, as well as transitions in the surface cover on the

object, caused by markings in paint, bands, and material layers. Thenon-geometric

edges tend to preserve texture properties across the edge. In addition,material

transitions or shadows are more often responsible for strong edges. Therefore,

non-geometric edges tend to be stronger in intensity, saturation and chromaticity,

as illustrated in Figure 1. In this paper we will assume that the roughness of sur-

face coverings can be ignored as a geometric effect, since the geometric scale of

roughness is an order of magnitude smaller than the depth in the scene.

We aim to investigate what edges may reveal about the local geometric struc-

ture in the most direct way. In what phenomenological way are geometric edges

different from non-geometric ones? What can the appearance of edges tell us about

the local geometry of the scene? We aim to �nd support for this dif�cult distinction

in arbitrary images by combining all evidence that can be amounted.

The small statistical changes outlined above are the foundation of our attempt

to distinguish the two groups of edges. It is likely that differences will be small and

hardly measurable, nevertheless they are still worth investigating. In the current,

probabilistic approach to computer vision, it is advantageous to have any discrimi-

nation between edge types on the basis of their local properties.

In this paper, we concentrate on the group of edges induced by geometry. We
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call this group `geometric edges', and subdivide it into geometric occlusionbound-

aries - the 'occlusion boundary' class, and geometric surface folds, or the 'surface

fold' class. On the other hand, we call the rest of the edges the 'non-geometric'

group. Although this class can also be divided into subtypes, we do not consider

those explicitly, but treat them together at a group level.

For evaluation of our approach, we use the Berkeley Segmentation Dataset [1].

But whereas initial usage of this dataset focused on edge saliency [2],we investi-

gate edge type only. In addition, in contrast to other works using computationally

expensive descriptors [1], we propose a set of compact features suitable in edge

classi�cation tasks.

2. Related work

Computational attempts to edge interpretation began with Guzman's program

SEE[3], which formulated a scheme for treating different geometric edges in terms

of junction constraints. Guzman was followed by many researchers who analyzed

such edge vertices in detail, usually from ideal line drawings [4, 5]. Recently, Ren

et al. [6] have proposed a method for providing salient edges with �gure/ground

labels in images of natural scenes. The authors achieve impressive results given

initial human segmentations, but the question remains about arriving at the ap-

propriate edge set. To that end, we start from all detected edges, subsequently

discriminating them based on their type.

Martin et al. [1] propose a robust detector of salient edges in an image, learn-

ing what distinguishes natural boundaries from the rest based on low-level features.

The features comprise brightness, color and texture edges over 8 different orienta-

tions. They outperform other state-of-the-art methods, but their elaborate feature

extraction mechanisms remain computationally expensive. Attempting to reduce
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the computational load, we propose a different set of features, nevertheless aiming

for robust performance.

Occlusion boundaries attracted considerable interest in the past. Several re-

searchers attempted to explicitly characterize occluding contours in terms of inten-

sity [7] or shading [8] pro�les. We follow a different path. Instead of explicitly

formulating occlusion pro�les, we attempt to learn their implicit characteristics

from a set of visual features.

The work on surface folds includes approaches reconstructing Manhattan ge-

ometry, which implicitly �nd the wall-ground boundaries in indoor scenes [9, 10,

11] as well as urban [12, 13] or general outdoor [14] environments.In contrast

to works deriving global scene geometry, we attempt to learn geometric properties

locally, at the edge level.

Learning has been applied to low-level vision problems in [15], where shad-

ing edges are disambiguated from re�ection-based ones. On the other hand, edge

classi�cation has recently been used for higher-level vision tasks. In the process of

inferring camera orientation, edges are classi�ed into Manhattan ones vs.rest in

[16]. Other works learn class-speci�c edge detectors for object detection [17, 18]

or as a pre-processing to an object classi�er [19]. We learn edges for a differ-

ent purpose. Distinguishing between geometric edge types and all other ones, we

attempt to arrive at a set of edges indicative of scene geometry.

Recently, Hoiem et al. [20] have used machine learning to identify occlusion

boundaries, obtaining relative depth order as the �nal result. Starting from an over-

segmentation, they iteratively merge regions likely to belong to the same object,

assuming that local estimates are unreliable for global reasoning due to the over-

abundance of texture edges. Instead of removing spurious edges in aniterative

procedure, we attempt to learn the type of each edge in a single pass, based on

local cues only.
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We investigate the characteristics of geometry-induced edges and sort them out

from all automatically detected edges. The contribution of this approach hastwo

possible consequences. Firstly, learning models of edges induced by geometry can

lead to smooth scene reconstruction and depth estimation. By removing spurious

re�ectance, shadow and material edges, outliers for many mid-level visiontasks,

such as �gure/ground segmentation, object detection and recognition, and shape

reconstruction, are eliminated. We learn such edge type models based on compact

low-level visual features. Secondly, the classi�cation enable a more speci�c anal-

ysis of both occlusion boundaries as well as surface folds. In addition,isolating

non-geometric edges can lead to their further classi�cation and characterization.

3. Method

In order to arrive at a set of all image edges, we �rst obtain gradient images by

convolving the input with elongated Gaussian �lters at multiple scales. Filtering

is performed on grayscale images, which results in suf�ciently reliable gradient

measurements. The gradient images will contain evidence of geometry transitions

as well as illumination-induced responses.

3.1. Anisotropic Gaussian �ltering

The general case of an anisotropic Gaussian 2D �lter at arbitrary orientation� ,

is given by:
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with theu-axis in the direction of� , and thev-axis orthogonal to� .
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A decomposition of the above anisotropic �lter into a computationally more

convenient set of bases has been proposed in [21]. Filtering in two dimensions is

achieved by a sequence of two Gaussian 1D �ltering operations in non-orthogonal

directions: one along thex-axis, followed by another along the linet = x cos' +

y sin ' :

g� u ;� v ;� (x; y) =
1
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�
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with corresponding 1D �lter parameters:

� x =
� u � vp

� 2
v cos2 � + � 2

u sin2 �
; (4)

� ' =
1

sin '

q
� 2

v cos2 � + � 2
u sin2 �; (5)

and intercept tan ' =
� 2

v cos2 � + � 2
u sin2 �

(� 2
u � � 2

v ) cos� sin �
: (6)

We convolve the image with elongated Gaussian �lters atN � = 8 orientations.

The spectral space is sampled atN � = 4 octave intervals appropriate to the size of

images in our dataset:� v 2 f 2; 4; 8; 16g pixels. The elongation factor isf e = 3 ,

leading to �lters with a maximum kernel span of96� 288pixels.

In the sequel, we drop symbols� u and� v for clarity, and use� j to indicate a

speci�c set(� u ; � v) of related �lter scale parameters.

3.2. Natural scale selection

Geometry transitions that occur in the image come with various edge pro�les.

In order to include the effect of each such transition, we sample the image atmul-

tiple scales. However, using multiple scales leaves open the question of whichone

to rely on at a particular image location.

Elder and Zucker [22] propose a method for local scale selection when using

image gradients, based on the minimum reliable scale. The authors' de�nition of
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reliability implies that at the chosen and larger scales, the likelihood of error due

to sensor noise is below a pre-de�ned tolerance level. The minimum reliable scale

�̂ (x; y) for an edge is thus computed as an in�mum of a set of values:

�̂ (x; y) = inf
�

� j : E � j ;� i (x; y) > c (� j )
	

(7)

wherec(� j ) stands for a critical value function, i.e. the tolerance level. For a

given level of sensor noise and �lter scale, the critical value function speci�es the

minimum gradient response value that can be considered statistically reliable.

We establish the critical value function by computing, at all scales, the allowed

discrepancy from the expected �lter response, averaged over the 300 images in our

dataset. The discrepancy is set to two times the standard deviation in �lter response

values, covering 95% of the distribution energy.

This step returns a gradient map, including the best-�tting scale of observation

for each image pixel, in addition to gradient magnitude and the orientation. The

chosen scales are used together with the gradient magnitudes to obtain �naledge

maps.

3.3. Binary edge maps

Binary contour maps are constructed by the standard procedure of non-maxima

suppresion, followed by hysteresis thresholding [23]. Starting from gradient maps,

non-maxima suppresion thins the edges to one-pixel wide candidate contours. This

is followed by hysteresis thresholding on the candidates. The process involves two

threshold valuest l and th , t l < t h . Commonly, th is computed as a quantile

th(1 � p), wherep is the minimum fraction of candidate pixels to be retained in

the �nal contour map. We �xp to 0:3 and the low threshold value tot l = 0 :4th .
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4. Geometry-related cues

4.1. Proposed features

Here we present the proposed compact features. We attempt to disambiguate

not only different connected 3D regions, but also those that belong to the same

structure, but have different geometry characteristics. We focus on those cues

which are likely to have different responses across a geometry-induced edge.

Spectral cues..Edges in the image arise from structures at different scene depths

and appear in all orientations. However, perspective effects and the structure of

visual environments constrains these possibilities. It is thus more likely to have

sharper edges in the foreground and blurred ones in the distance. In addition, those

in the distance are more likely to have random orientation. The level of texturein

regions across an edge is also more likely to be different in case of both surface

folds and occlusion boundaries. To encode spectral properties around the edge, we

�rst store the edge's orientation angle,� . Then for regions on both sides of an

edge, we compute the mean of gradient magnitudes chosen by the scale selection

process. In addition, we store an average of natural scales over those regions.

Lateral inhibition cues.In higher-level vision tasks, it is advantageous to introduce

spatial coherence in classifying edges. Humans achieve this via the mechanism of

lateral inhibition, for which Grigorescu et al. propose a computational model [24].

In anisotropic inhibition, the �lter response is suppressed by other neighboring

responses of the same orientation. In isotropic inhibition, all orientations contribute

equally to the suppression, favoring isolated directed lines over texture.

The gradient map, resulting from steps described in Section 3.1, is denotedby

E� j ;� i (x; y); j = 1 ; :::; N � ; i = 1 ; :::; N � . The maximum gradient response over all
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orientations is then

Ê � j (x; y) = max
� i

�
E� j ;� i (x; y)ji = 1 ; :::; N �

	
(8)

For any given image point(x; y), the lateral inhibition term is computed in a

ring-like area around the central �eld. We follow [24] and use the same weighting

functionw� j (x; y):

w� j (x; y) =
1

kH (DoG� j )k1
H

�
DoG� j (x; y)

�
; H (z) =

8
<

:

z; z � 0

0; otherwise
;

(9)

wherek:k1 denotes theL 1 norm and DoG� j (x; y) is the difference of Gaussians

function.

In anisotropic inhibition, an suppression term is computed for every orienta-

tion � i separately, as a convolution of the Gaussian responseE � j ;� i (x; y) with the

weighting function:

tA
� j ;� i

(x; y) =
�
E � j ;� i � w� j

�
(x; y) (10)

The inhibition is performed by eliminating all edge pixels where

H
�

E � j ;� i (x; y) � �t A
� j ;� i

(x; y)
�

= 0 ; (11)

where factor� controls the strength of the surround suppression.

In case of isotropic surround suppression, the inhibition term is independent

of orientation. Maximum Gaussian response over all orientations is used, given in

Equation 8. The isotropic inhibition term is computed as the convolution of the

maximum energy map with the weighting function:

t I
� j

(x; y) =
�

Ê � j � w� j

�
(x; y) (12)
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Similarly to above, we discard locations where

H
�

Ê � j (x; y) � �t I
� j

(x; y)
�

= 0 (13)

Lateral inhibition is another way to capture texture properties of regions across

an edge. We apply both types of suppression to the gradient maps, setting param-

eter� to the medium value of1:5. Local edge properties are stored by computing

the number of surviving pixels in regions on both sides of the edge, normalized by

the region area.

Depth-edge descriptors # feats.

Position 2

P1. Edge location: x,y-coordinates 2

Spectral cues 3

S1. Edge orientation: gradient direction 1

S2. Scale: mean of selected gradient magnitudes 1

S3. Scale: mean of selected scales 1

Lateral inhibition 8

L1. Texture: mean value of surviving pixels at 8 orientations 8

Color 5

C1. Chromaticity: mean response to color derivative �lters 3

C2. Hue: mean hue value 1

C3. Saturation: mean saturation value 1

Table 1: The proposed cues for learning depth-related edges.

Color cues.Surfaces of different orientation, as well as separate objects, are more

likely to have different color properties as well. In addition, saturation proper-

ties have already been shown as valuable in depth ordering, encoding theeffect of

atmospheric scattering [25]. In order to describe color properties in the neighbor-
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hood of an edge, we �rst �lter the image with shadow-invariant gradient �lters of

[26], obtaining a three-channel image with chromatic edges only. In addition, we

convert the input colors to HSV space and retain the hue and saturation channels.

As above, the cues are encoded by storing the mean value of the two regions across

the edge.

Position cues.In addition to the above features, extracted from regions on the

side of an edge, we also store the edge's position in the image via itsx and y

coordinates. This is particularly relevant for occlusion boundaries, since closer

objects generally appear lower in the image, and farther ones higher.

The proposed features are shown in Table 1. It is important to note that an

effect to be measured between the types of edges is likely to be small. Therefore,

it is only expected to be observed when using the full set of features.

4.2. Berkeley features

Berkeley edge features # feats.

Oriented energy 8

dOE: Localized oriented energy at 8 orientations 8

Brightness gradient 8

BG: Brightness gradient at 8 orientations 8

Color gradient 24

CG: Color gradient at 8 orientations 24

Texture gradient 8

dT G: Localized texture gradient at 8 orientations 8

Table 2: Berkeley edge feature set.

To benchmark the performance of our descriptors, we compare them to the

state-of-the-art edge feature set of Martin et al. [1]. In this work, theauthors
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arrive at a set of features comprising oriented energy, as well as brightness, color

and texture gradient descriptors. The brightness and color gradients are computed

in a CIE L*a*b* color space, and gradient boundaries have been moreprecisely

localized using a second-order Savitsky-Golay �ltering. We closely follow[1] and

extract features at eight orientations and three half-octave scales. The starting �lter

scale is set to 0.75% of image diagonal for the brightness gradient, and 1.4%of the

diagonal for other descriptors. Nevertheless, the results presented here have been

obtained with a single scale, which is reported to perform best for each particular

feature in [1]. This has resulted in 48 features in total, or 96 for both sidesof an

edge. The Berkeley edge feature set has been summarized in Table 2.

5. Implementation details

The types of edges that we are interested in are a subset of all edges in an image.

Therefore, we �rst obtain a set of all automatically detected edges, or locations to

consider for learning. To discover when image properties changeacrossthe edge,

we extract features from regions on both sides of each edge pixel.

Given different edge pro�les, calling for usage of natural scale selection, the

properties of regions from which features are extracted are edge-dependent. We

take elliptical regions at edge orientation� , whose sizes are determined by the

selected scales, such that

L b = 3 �̂ (x; y); L a = f eL b (14)

whereL a andL b are, respectively, the major and minor semi-axes of an elliptical

regionL .

In images containing clutter and intricate shapes, edge neighborhoods often

include other edges. In order to avoid confusion with clutter, we mask the ellip-

tical regions where necessary. More speci�cally, we do not allow the regions to
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Figure 2: The block diagram of our algorithm.

get closer to other edges than3�̂ (xo; yo) pixels (where(xo; yo) is the location of

the other edge). Similarly, we do not measure immediately at the edge but shift

the regions away from it by3�̂ (x; y) pixels. When region area is reduced to less

than 100 pixels, the region is skipped from analysis altogether, due to unreliable

statistics.

6. Learning depth-related edges

6.1. Experimental setup

For the evaluation of our edge learning approach, we have used 100 images

from the Berkeley Segmentation Dataset [1]. This dataset contains 12000manual

segmentations of 1000 Corel dataset images from 30 human subjects. The publicly

available benchmark consists of the segmentations for 300 images, divided into a

training set of 200 images, and a test set of 100 images. We took one half ofour

images from the training set, and another half from the test set.

In addition to human annotations of image regions, the Berkeley Segmentation

Dataset also provides the �gure/ground labelings for 100 training images.There-

fore, we could derive all the necessary training labels for learning from this data.
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Starting from human segmentations, we have created several ground-truth maps,

containing only geometry-related edges. Where these manual marks would cor-

respond to surviving responses of an edge detector, we could use them as class

labels.

The feature extraction and edge annotation processes are illustrated in Figure

2.

6.2. Learning strategy

For purposes of edge classi�cation, we design a generic,one vs. one-based

classi�er that uses extracted features to output a single edge class label.Multi-

class classi�ers based on aone vs. oneapproach involveK (K � 1)=2 different

binary classi�ers on all possible pairs of classes; test points are then assigned to

the class with the highest number of `votes'. From a large variety of supervised

machine learning approaches, we have chosen the Support Machine (SVM), which

has proven to be a solid choice. We utilized the LIBSVM [27] implementation,

with radial basis functions as kernels.

The feature extraction process resulted in 363216 learning samples in the train-

ing set, and 354312 samples in the test set. Given such large learning sets,we have

learned the models based on several random subsets of the training data.Given

random selections, the �nal performance is obtained using bootstrap aggregation,

which reduces the variance in the result and avoids over�tting [28]. On each of

the ten individual bootstrap runs, we have perfomed a 10-fold cross-validation to

estimate the model.

In addition to sets being large, they both contain very uneven class distribu-

tions, as shown in Table 2. This has signi�cantly affected the learning strategy

that we have used. Namely, the issue arises with bootstrap sets in which the num-

ber of samples of the poorly represented class is too small to estimate the class
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Edge class
% in training % in test

set set

surface folds 2.3% 2.3%

occlusion boundaries 9.2% 8.2%

non-geometric edges 88.5% 89.5%

Table 3: Prior probability of edge types in training and test sets.

distribution. Even if optimized for per-class performance, this results in a clas-

si�er assigning all samples to the most numerous class. The standard procedure

to deal with unbalanced classes is to use weights that are inversely proportional

to the relative class occurrence [29]. However, giving much bigger importance to

the poorly-represented class, which might be scattered, still leads to biased mod-

els. Postulating that class overlap is the underlying problem in this case, we have

used equal weights for all classes, but taken bootstrap sets with an equal number of

samples in each class. This enabled us to estimate each class model properly and

obtain better results.

7. Results

In this section we give an overview of edge classi�cation results. Insteadof

the usual percentage of all correctly classi�ed samples, performance isgiven by

per-class recognition rates. This manner of reporting results is much more suitable

for problems involving uneven prior distributions.

As described above, we learn the classi�cation model by using bootstrap sets

with an equal number of samples of each edge class. Figure 3 shows how the

performance changes depending on this number, computed as the percentage of

total samples in the `surface folds' class. Whereas the �gure shows �uctuations

for individual classes, it also demonstrates that the average performance over all
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Figure 3: Recognition rates as a function of the percentage of surface fold learning samples. Indi-

vidual runs have been aggregated using majority voting. Dotted graphs -our results, graphs with

asterisks - results with Berkeley features.

classes remains relatively high. By inspection of results obtained with very small

sample size, we observe that a good model of surface folds can be obtained from

few samples. This is, however, at the expense of the occlusion boundary class, for

which the model seems to be inadequate in case of small sample size.

Figure 3 illustrates the classi�cation performance of the proposed features. For

comparison, we show an additional set of graphs, obtained with the Berkeley fea-

ture set. As expected, the class where the peformance difference is mostnoticeable

is the one of occlusion edges, given that Berkeley features have beendesigned to
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(a) (b)

Figure 4: Confusion matrices with recognition rates for each class, corresponding to best average

performance in Figure 3. (a) The proposed feature set. (b) Berkeley edge feature set.

detect natural boundaries. In contrast, our features perform slightly better on the

non-geometric edge class. The proposed feature set is three times more compact

(i.e. 33 versus 96 features per edge), while the extraction process takes about 30

times less than in case of Berkeley features.

For the point in Figure 3 producing best average performance, we present con-

fusion matrices in Figure 4. The matrix obtained with the proposed features, in

Figure 4.a, shows a 5% drop in the recognition rate of the best-represented class

(`non-geometric edges'), relative to random assignment. However, a signi�cant

increase in rates for the other two classes is obtained. Namely, for the `occlusion

boundaries' class, there is more than a 7-fold increase, and for the `surface folds'

class a 13-fold increase in recognition. The corresponding confusionmatrix for the

Berkeley feature set is given in Figure 4.b. The most apparent difference in per-

formance relative to the proposed features is in case of the `occlusion boundaries'

class, somewhat compensated by our features outperforming the Berkeley set on
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(a) (b) (c) (d)

Figure 5: Confusion matrices corresponding to classi�cation results after excluding one feature sub-

set at a time. (a) Without location features. (b) Without spectral features. (c) Without lateral inhibi-

tion features. (d) Without color features.

`non-geometric edges'.

To demonstrate the value of speci�c feature sets for edge-type recognition,

Figure 5 shows confusion matrices obtained after excluding individual feature sets

from Table 1. It can be seen from the �gure that the performance drops dramatically

by excluding any feature set, demonstrating that all the feature types are necessary

to capture small differences across an edge.

Figures above show results based on a majority voting. However, one may

decide to put more emphasis on geometric edge types by giving them preference.

For example, it is possible to assign a class label to a sample even if there is only

a single vote for it. This is suitable for scenarios in which false positives areless

important than false negatives. Figure 6 shows the effect of voting strategy on

classi�cation performance. The preference is given �rst to the surface folds class,

then to occlusion boundaries, and then to non-geometric edges. The graph indicates

the recognition limits that can be achieved for geometric edges if they are favored

by the decision process: 67% for surface folds and 75% for occlusionboundaries,

but at the expense of other edges.
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Figure 6: Recognition rates in relation to the voting strategy.

8. Conclusions

In this paper we investigate the degree to which image edges carry informa-

tion about their basic type. Is it possible, given an arbitrary image and no knowl-

edge about the scene or topic, to discriminate geometric edges from non-geometric

ones? Can one learn edge type solely from the compact local features around the

edge? As these questions are very generic, and we deliberately use onlylocal

information, �rm answers cannot be expected. But in the context of probabilis-

tic reasoning, any substantial bias in classi�cation probabilities will be of helpto

many topics.

Indeed, we have found that properties of edges will discriminate moderately

well between geometric edges and non-geometric ones on the basis of simple local

features. Over the three classes, we were on average able to achieve 60% classi�ca-

tion accuracy. This is a surprising result as it is far better than random assignment,
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(a) (b) (c) (d)

Figure 7: Edge classi�cation results. (a) Original images. (b) Results ofthe edge detector, containing

edges of all types. (c) All classi�cation results back-projected into the original image. (d) Classi�ca-

tion results corresponding to human segmentations, back-projected. White - correct classi�cations;

black - incorrect; blue - degenerate samples; yellow - contours indicatedby a human, but not found

by the edge detector. Where (d) indicates only manually annotated salient edges, in (c) we classify

all detected edges, regardless of their saliency. Our approach is able toclassify most edges correctly

even when they are non-salient.Best viewed in color.
21



yet we pose no restrictions on the edges whatsoever. Our method is able to recog-

nize two geometric types, namely occlusion boundaries and surface folds,with a

7-fold and a 13-fold increase relative to their prior probability. The results apply

both to human-designated salient edges, as well as non-salient ones, asillustrated

in Figure 7.

In comparison to state-of-the-art in discrimination of salient edges [1], we

achieve on average 5% lower performance over all classes. However, better perfor-

mance of [1] is at the expense of much longer descriptors, which usually take 30

times longer to compute than our features.

The spatial distribution of classi�cation errors is such that for all edges,there

appears to be a local majority of correctly classi�ed ones. This result opens the

door to bottom-up classi�cation of boundaries by regional combination of local

edge classi�cations.
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