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gPb     F=0.70
sPb     F=0.68
mPb    F=0.67
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gPb            F=0.68
[6]              F=0.64
Pb [17]       F=0.63
Canny [3]   F=0.58
[29]            F=0.48
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Figure 2. Evaluation of boundary detectors. Left: Comparison of the detectors in this paper. The spectral detector sPb improves the
precision of the local signal mPb, while their combination gPb provides uniformly better performance. Middle: Comparison of gPb
with leading boundary detectors on grayscale images. Right: Comparison of gPb with leading boundary detectors on color images. gPb
obtains the highest F-measure (2 · Precision · Recall/(Precision + Recall)) to date on the BSDS benchmark.

The signalsmPb and sPb convey different information,
as the former fires at all the edges while the latter extracts
only the most salient curves in the image. We found that
a simple linear combination is enough to benefit from both
behaviors. Our final globalized probability of boundary
is then written as:

gPb(x, y, θ) =
9

∑

i=1

βi · Gi(x, y, θ) + γ · sPb(x, y, θ) (4)

where the weights are learned by gradient ascent on the F-
measure.
A thinned, real-valued contour image can be obtained

from gPb by considering the maximal response over ori-
entations at each location and applying non-maximum sup-
pression [3, 12].

2.2. Evaluation

Figure 2 presents the evaluation of our boundary detec-
tion results using the BSDS benchmark [10]. The precision-
recall curves show that the reduction of false positives due
to the use of global information in sPb is concentrated in the
high thresholds, while gPb takes the best of both worlds, re-
lying on sPb in the high precision regime and on mPb in
the high recall regime. The mean improvement in precision
of gPb with respect to the single scale Pb is 10% in the re-
call range [0.1, 0.9]. The gain in precision of the grayscale
version of gPb with respect to the Canny detector is 17%
in the same recall range. Qualitatively, this improvement
translates as reduction of clutter edges and completion of
contours in the output, as shown in Figure 3. The central
and right panels of Figure 2 show that gPb compares fa-
vorably with the leading contour detection techniques eval-
uated on the BSDS [1, 3, 6, 7, 17, 22, 29, 30].

3. Junction Detection

Evidence from psychophysics [18] suggests that junc-
tions are difficult to detect locally. However, much previ-
ous work in the computer vision community has focused on
the development of operators based on local image patches
[5, 8, 11, 14, 23]. While our approach still analyzes an im-
age neighborhood, we do not necessarily rely on image in-
formation in the immediate vicinity of a junction. Rather,
we choose the support of the neighborhood large enough
with respect to the support of the boundary operator so that
our algorithm may recover from errors in contour detection
near a junction.

3.1. Local Operators

We use a version of the Harris operator [11] as a base-
line with which to compare our algorithm. Given image I
let G be a two-dimensional Gaussian smoothing kernel and
define:

A(x, y) = G ∗ [∇I∇IT ]
∣

∣

(x,y)
(5)

where ∗ denotes convolution [14].
Let λ1 and λ2 be the eigenvalues of A(x, y). The Harris

corner operator is based on the observation that near a cor-
ner, both λ1 and λ2 are large and positive, whereas near an
edge or featureless region, at least one of λ1, λ2 ≈ 0. We
define our Harris operator to be:

H(x, y) = λ1λ2/(λ1 + λ2) (6)

Applying non-maximum suppression toH(x, y) yields can-
didate junction locations.
Reliance on the grayscale image derivative∇I leaves the

Harris operator vulnerable to erroneous responses in tex-
tured regions. The next section describes a novel junction

1#4+%5&6+7%8#%95&:/;8<%05&1#84<5&

.=>?&@AAB&

!"#$%&#'(')*++",&-"##'

•! !"#$%&'%#($#)'%*+,#(-'#%'./0(.1#2'#%/"#(-'#

3%$4%56#(-%$/4-#(-'#7'%8'0',#

9'46'"(5(*$"#:5(5.'(#;79:9<#

!"

!#$"

!#%"

!#&"

!#'"

("

!" !#$" !#%" !#&" !#'" ("

)*+",-+."/01!#&'2" 3456"$!!'"/01!#7!2"


