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Abstract. In this work we empirically study the multi-scale boundary detection
problem in natural images. We utilize local boundary cues including csintra
localization and relative contrast, and train a classi er to integrate thensscro
scales. Our approach successfully combines strengths from bothdeade de-
tection (robust but poor localization) and small-scale detection (deta&bpriag

but sensitive to clutter). We carry out quantitative evaluations on a vaoiety
boundary and object datasets with human-marked groundtruth. We thiad
multi-scale boundary detection offers large improvements, rangimg 20%

to 50%, over single-scale approaches. This is the rst time that multi-scale is
demonstrated to improve boundary detection on large datasets of nataggs.

1 Introduction

Edge detection is a fundamental problem in computer vidian lhas been intensively
studied in the past fty years. Traditional approaches weudt on the analysis of
ideal edge models and white sensing noise. A variety of eddgectbrs were devel-
oped, mostly based on image gradients and Gaussian degivibtirs, leading to the
popularCannyedge detector [1] that we still use today.

Edges, like any other image structures, are multi-scaleatare. Early work on
multi-scale edge detection used Gaussian smoothing aiphewdtales [2]Scale-Space
theory gradually emerged [3] and evolved into a eld of itsroj#, 5]. The Scale-Space
theory states that, under a set of mild conditions, the Gamiganction is the unique
kernel to generate multi-scale signals. The Scale-Spawtialso provides guidelines
on the selection and integration of signals across scales [6

In practice, Gaussian-based edge detectors have cordildifculty dealing with
natural scenes, where idealized edge and noise models tioldoffo address the chal-
lenges of natural images, recent approaches have adopéaareng paradigm: large
datasets of natural images have been collected and haekkdalsuch as the Berke-
ley Segmentation Dataset [7], providing both training datd evaluation benchmarks.
Boundary detection is formulated as learning to classifiestiboundaries against
background [8]. State-of-the-art detectors combine lbcghtness, color and texture
contrasts and have been shown to outperform traditiondigmé&based approaches [9].

It would be a natural step to combine the strengths of legrbased boundary
operators with the insights from classical multi-scaleeedgtection. Surprisingly, very



few efforts have been devoted to this line of research. Tladyais in [10] is based
on gradient magnitudes only and does not report detectidorpgance. The learning
approach in [11] uses a large number of features without pegis discussion on
multi-scale. The work of [12] focuses on nding elongatedistures in medical images.
No benchmarking results have been reported to show that-sualle detection is better
than single-scale approaches. On the other hand, the auth® commented that they
foundno bene t using multi-scale signals.

Beyond local classi cation, multi-scale has also been esitely explored in mid-
level grouping, especially in image segmentation (e.gJ#. The focus of multi-scale
segmentation is typically on the pyramid representatioimaiges, such as for Markov
random elds, and on global inference and smoothing. Moendy, multi-scale in-
tensity cues have been successfully used (e.g. [15]) ineseting natural images. How-
ever, segmentation algorithms typically do not producenidany-based benchmarking
results, partly because many of them focus on large-scéiBnsaegions/boundaries
and tend to ignore details in an image.

Is boundary detection in natural images so dif cult thatlitades multi-scale pro-
cessing? That would be hard to believe. Studies in natug@statistics have strongly
suggested that scale-invariance or multi-scale struésuaa intrinsic property of nat-
ural images (e.g. [16]). In particular, scaling phenomeaachbeen observed in the
statistics of boundary contours [17, 18]. This multi-scaééure must have important
implications for boundary detection.

In Figure 1, we show several examples of multi-scale boyndantrast signals, by
running the (publicly availablefProbability-of-Boundaryoperator (Pb) [9] at several
disk sizes. Just as we have learned from gradient-basedsuale processing, signals
at different scales exhibit different characteristicsadarge scale, edge detection is
reliable, but its localization is poor and it misses smathds; at a small scale, details
are preserved, but detection suffers greatly from cluftetextured regions. No doubt
there is information in multi-scale. The challenge is howctanbine the strengths of
small and large scales, so as to improve boundary deteaidormance, not on a single
image, but on large collections of natural images.

In this work we empirically study the problem of multi-scdleundary detection
in natural images. We explore a number of multi-scale cueduding boundary con-
trast, localization and relative contrast. We nd that msltale processing signi cantly
improves boundary detection. A linear classi er combinimglti-scale signals outper-
forms most existing results on the Berkeley SegmentationcBmark [7]. Extensive
experimentation shows that the bene ts of multi-scale pesing are large and ubiqui-
tous: we improve boundary detection performanc@@6to 50%on four other bound-
ary and object recognition datasets.

Our empirical work is important and of suf cient interestdaeise this is the rst
time, after over 20 years of active research, that multiesssshown to improve bound-
ary detection on large collections of natural images. Oswulte are useful both in quan-
tifying the bene ts of doing multi-scale in local boundariassi cation, as well as in
comparing to alternative approaches to boundary dete¢$iach as mid-level group-
ing). We obtain these results with a simple algorithm, wtiah have immediate appli-
cations in edge-based object and scene recognition systems
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Fig. 1. We run theProbability-of-Boundaroperator [9] to generate boundary contrast signals at
multiple scales. Here we show both the (soft) contrast map and the tryumdg (after non-
maximum suppression), at a small scale and a large scale. Largesgpaals are reliable but
poor in localization, and details are smoothed out. On the other hand, sraldisignals capture
detailed structures but suffer from false positives in textured regiod<latter. The challenge is
how to combine the strengths of them.

2 Multi-Scale Boundary Detection

A (single-scale) boundary detector nds edges by measworgrast in a xed local
window. Multi-scale detection varies the scale of the windand combines signals
from multiple scales. There are two issues in this process:

Correspondence/Tracking: how do signals across scales correspond to one an-
other? If working with discrete edges (i.e. contrast pedies aon-maximum suppres-
sion), one would need to track edge locations across scales.

Cue combination: how does one integrate boundary signals from multiple s@ale

Traditional approaches to multi-scale edge detectiondauthe correspondence
(or tracking) problem. Tracking can either be coarse-te; such as in Bergholmisdge
focusingstrategy [19], or be ne-to-coarse, such as in Canfigature synthesigl]. A
large number of multi-scale schemes have been proposegl#lese lines (see a survey
in [20]). Most approaches take a simple view of cue combimatthey either accept
edges (after thresholding) at all scales, or accept edgéapipear at the coarsest scale.

The cue combination problem can be easily accommodated raigizad in the
learning paradigm of boundary detection: cues from mudtiptales are inputs to a
binary classi cation problem, and we can maximize perfonce over the selection
of cues and the choice of the classi er. Given the complezitdf signals in natural
images, the correspondence problem is non-trivial; yet \&g quantitatively evaluate
and choose between candidate strategies.

We base our analysis on the Berkeley Segmentation DataS&$B[7] and the
Probability-of-Boundary(Pb) operator [9]. The BSDS collection includ880images
of various natural scenes, each with multiple human-madegientations. ThEb
operator has been shown to outperform other edge detectdhe ®SDS images.

Pbmeasures local contrast by computing histogram differebeswveen brightness,
color and texture distributions in two half-disks. If we ydhe radius of the half-disks,
we obtain contrast signals at multiple scales. For eacle s;ale keep two sets of
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Fig. 2. Empirical distributions of boundary cues across scales. (a) Meahstandard deviations

of boundary contrast cues (E) at élscales; in average, contrast is higher for positives or true
boundaries. (b) Means and standard deviations of localization cuedi§fgnces to closest edge
peaks; true boundaries are better localized. (c) Distributions of relativeast (R); true bound-
aries are typically higher in contrast relative to its neighbors. We nd alldhes informative.
However, they are also noisy as shown by the large standard deviations.

data:Ps(jf)t , soft contrast at each pixel before non-maximum supprasaindPé:;k,
sparse/localized edges after non-maximum suppression.
Small-scale signals are typically better for localizatibience when we set up the

classi cation, we only consider locations that generatemaximal response at the

smallest scale (Wherlééi,)ak > 0). For each such location, we de ne a set of cues at
multiple scales to classify boundary vs non-boundary. iswfork we restrict ourselves

to local boundary detection, i.e. making independent d@tésat each location.

2.1 Multi-scale boundary cues

There are two perspectives of “scale” in boundary detectibnintuitively, edges have
intrinsic scales; and (2) we use measurements at multiplesto capture the intrinsic
scales and to improve detection performance.

In the examples in Figure 1, the back of the horse is a typ&rgklscale edge, and
the textured region under the penguin contain typical sstdle edges. A large-scale
edge is much more likely to be an object boundary, and smalesedges are mostly
false positives. There are several cues that can help us timgkgistinction:

1. contrast: alarge-scale edge has consistent contrast measurernentitiple scales.
A small-scale edge would have high contrast at a small oaervscale but lower
contrasts at larger scales.

2. localization: if we look at the peak response (after non-maximum supmessa
large-scale edge tends to have a consistent location arsdnddeshift much. Peak
locations of small-scale edges become unreliable in lacgée measurements or
disappear altogether.

3. relative contrast: also known agontrast normalizationthe strength of an edge
relative to its surroundings is a cue for boundary salieAcyeak contrast bound-
ary may be salient, at a large observation scale, if othaatimes around it are
signi cantly lower in contrast. Texture edges, though mayiigh contrast, is not
salient because many other edges nearby have comparahiasten



For contrast, we use the soft Pb contrast computed using multiple digssizon-
verted (back) to a linear scale:
h i
E® =log P& =1 P&))

soft soft

We also de ne a localization cue: we threshéithe peak signaP,S:;k into a binary

edge map, and compute its distance transform. The resuliigtanced(®) from each
pixel to the closest peak location, at each scaM/e de nelocalization as:

D® =log d® +1

Note that in de ning contragt (%), we have avoided the correspondence problem by
using signals before non-maximum suppression. There Bcepose, issues associated
with this simple strategy. The soft contrasts at large scale fairly blurry. That is,
contrast generated by a single boundary may extend spaiadl boost false positives
in surrounding areas. The localization cue compensatesaiti of correspondence: for
an off-boundary point, even though the contrast may be highlarge scale, it is far
away from peak locations and hence will be suppressed.

Finally, for contrast normalization, we compute averaga@sts () andp(®

avg;L avg;R
in the “left” and “right” half disks around each point, and gle relative contrast as:

h
R®) =log P! =min P p)

soft avg;L ' " avg;R

where “left” and "right” disk€ using the maximuniPb orientation.

2.2 Cue validation

Having de ned multi-scale boundary cues, the rst thing &kas whether these fea-
tures are informative for boundary detection. To answes ¢hiestion empirically, we
use the200 training images in BSDS and compare distributions arountdamdary
and off-boundary locations. In Figure 2 we visualize the eitgl means and standard
deviations of the distributions. Two observations can bdena

— The cues we have de ned are indeed informative for boundatgalion, as one
would have expected from intuition. All the cues, at all ssalexhibit different
distributions for positive and negative examples.

— The signals are nevertheless noisy. Individually thesenbaty cues are weak, as
the standard deviations are large comparing to the diftmebetween the means.

2.3 Cue combination

In the learning paradigm of boundary detection, nding bdaries is formulated as a
classi cation between boundary and non-boundary pixelge Boundary classi cation

1 We choose thresholds such t18&0% of the groundtruth edges are kept.
2 We set the scale to k&5 times the disk radius iRb.
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Fig. 3. Precision-recall curves for performance evaluation. (a) Comgaairthe standard (scale

1) Pb operator, large-scaleb has a higher precision (at the low recall range), and small-scale
Pb has a higher (asymptotic) recall. Our multi-scale approach combinedrémgths of both,
dominating any xed scaléh. (b) Comparing to gradient-based approaches: scale-space edge
detection of Lindeberg [6] offers minor improvements over CannyRPh] performs much better
than gradient-based methods. Our multi-scale classi er offers a lagdje@nsistent improvement
over Pb and achieves an F-measur@:68B, outperforming existing approaches.

problem has the characteristics of having a large amoumainfihg data, relatively low
dimension, and poor separability (signi cant overlap betw classes). Consistent with
the observations in [9], we have found in our experimentsltgistic regression, lin-
early combining cues across scales, performs as good asaffaber of other standard
techniques. We choose logistic regression for its sintglici

3 Experiments and Empirical Analysis

We carry out empirical analysis of our multi-scale bound#gtection scheme using the
Berkeley Segmentation Datase@0training andLOOtest imgges of resolutiof80-by-
320 We run thePb operator a6 scales, half-octave apart @), starting at one half-
octave lower than the defautb scale. We obtain positive training examples by running
a minimum distance matching between groundtruth boundixgispand edge pixels

in the smallest scale (i.eP(l) ), with a distance threshold & pixels. For negative

‘peak
examples, we use edgesF?él) that are20 pixels away from groundtruth boundaries.

eak
Boundary detection performance is evaluated in the pgigécall framework of [9].
We use both the F-measure (harmonic mean of precision aatl)rand average pre-
cision (area under a P/R curve) [21]. F-measure selectsatiettade-off point of pre-
cision vs recall. Average precision summarizes perforraarsing entire curves and is

better at revealing differences in sub-ranges of recall.

3.1 Multi-scale improves boundary detection

In Figure 3(a), we show the precision-recall curve for outtivacale detection, along
with the performance oPb at three scales)(7, 1 and2). The performance dPb at



multiple scales is exactly as expected: at a small scalgrégsion is lower, but more
details are recovered and the asymptotic recall is hightes. Iarge scale, the precision
is higher in the beginning, showing salient boundaries dp@nore reliably detected;
however, the curve saturates at a lower recall. Our mudtiesapproach combines the
strengths of both small- and large-scale, producing a PfiRedinat dominates that of
Pbat any xed scale. Our approach achieves the asymptotidlnexta of the smallest
scale while maintaining high precision in the entire radg@articular, the performance
in the mid-range@5-0:8 recall) is much higher than any of the xed sc#b.

In our evaluation we also include two gradient-based amres: the Canny edge
detector [1] which uses single-scale gradients, and thiespmce edge detector of
Lindeberg [6]°. The scale (sigma) in Canny is set to®8025 For scale-space edges
we used scales, initial search scaleb, and search grid spacing 8f16 and32 pixels.

In Figure 3(b), we show the precision-recall curves for allrfapproaches: Canny,
scale-space edges, Pb, and our approach “Multi-Pb”. Werabdbat in our setting,
scale-space edge detection nds only minor improvemengs @anny and drops below
Canny at the end. In comparison, our multi-scale approdeisod large and consistent
improvement over single-scale PbThe F-measure of our resultsQ$68, higher than
most existing results on the Berkeley benchmark [22,2324125, 12]. On the gray-
scale version of the BSDS benchmark, our F-measuisi

It is interesting to compare our results to that in [9], whigre authors did not nd
much advantage of using multi-scale. The two approachesmaikar in spirit; the main
differences are: (1) they worked with smaller images (hedfofution); (2) they used
only three scales, half octave apart; (3) they did non-marinsuppression after com-
bining the signals, where we use small-scale Pb only; and/éhave used additional
features such as relative contrast or localization. Taldadws an empirical analysis
of the differences. We nd that our success is a combinatichese factors, each con-
tributing to the nal improvement. In particular, our nonaxximum suppression scheme
is better, as it preserves details and prevents them fronglsghoothed out by large-
scale signals (which typically have higher weights).

| Avg. Precision [[ Pb (single)| Pb 3 (soft)] Pb3 [ Pb6 | Multi-Pb |
full-res (480x320) 0.648 0.647 0.683| 0.687| 0.712
half-res (240x160 0.643 0.641 0.666 | 0.677| 0.683

Table 1. We compare the average precision of standard Pb and Multi-Pb (thi§ withkseveral
variants: Pb combined at 3 scales, with non-maximum suppression dyafléx combination;

Pb combined at 3 scales (with our non-maximum suppression schantePb combined at 6
scales. We show results on both the full-sized BSDS images Quit?o distance threshold) and
half-sized ones (withh% threshold). These results help explain why our conclusion of multi-scale
here is positive while that in [9] was negative.

% We thank Mark Dow for his code at http://lcni.uoregon.edu/ markE8i§es/SEdges.html.
4 Note that the BSDS evaluation has changed considerably from that im[phrticular, the
F-measure for Pb i8:65 under the current implementation.
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Fig. 4. Cue combination evaluated with average precision: (a) improvementsforpance as
we gradually add the number of scales; (b) improvements over defaléPb by adding subsets
of features, including contrast (E), localization (D), and relative @=tR); (c) improvements
overPbwith different choices of distance tolerance in evaluation.

3.2 Cue evaluation

We quantitatively measure individual contributions of thees by running multi-scale
detection with subsets of the features. All these experisnese logistic regression as
the classi er. We use average precision for evaluation.

Figure 4(a) shows the average precision of detection whewame the number
of scales used. We start with a single scale (the smallegtgeadually expand t6
scales. We observe that the improvement is much larger imghiew scales, showing
diminishing returns. Nevertheless, the large scales rstilke contributions, possibly
indicating the existence of large-scale boundaries in #taskt that are best captured at
a large scale of observation.

In Figure 4(b), we evaluate the contributions of the thrée ecues: contrast (E),
localization (D), and relative contrast (R). They are camebli with the default (second
smallest) scal®bto show the improvements ovEb. Individually, contrast (E) and rel-
ative contrast (R) work better. However, there seems to @ arfount of redundancy
between contrast (E) and relative contrast (R). LocaliratD) by itself does not work
well; however, it improves performance when combined wihtcast (E).

In the precision-recall evaluation, detections are mat¢begroundtruth boundaries
with a distance threshold. The default in the BSDS benchrisadk75% of image di-
agonal, aboub pixels. We vary this tolerance and show the results in Figifcg. It
appears that the (absolute) improvement in average poadsiabout the same for all
the choices of tolerance. Relative R, the improvement is larger at small distance
tolerances, indicating that the multi-scale approach tebat localizing boundaries.

3.3 Additional experiments

The empirical evaluations on the Berkeley Segmentatiom&#tis very encouraging:
we show large and consistent improvements using multesuas. To further verify the
bene ts of multi-scale detection, we test our approach am fiher large datasets with
groundtruth segmentatioB0images from the CMU motion boundary dataset [Zd]9
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Fig. 5. Precision-recall evaluation on four other datasets with groundtruthesgigion, covering
a variety of objects and scenes. We use parameters trained from BBD8wlti-scale approach
signi cantly improves over Pb in all four cases, in the entire range dadltec

images from the MSR Cambridge object dataset [27, 28] (M9REZ images from
the segmentation competition in the PASCAL challenge 29}, [and218 images
from a subset (Boston houses 2005) of the LabelMe datab8ke [3

These datasets add a lot of varieties to our empirical etialual hey include both
large vs. small objects, low- vs. high-resolution imagésyle-object photos vs. com-
plex outdoor and indoor scenes, and detailed boundaryitapes coarse polygonal
contours. To show the robustness of our approach, in aletBegeriments we use the
same parameters trained from BSDS.

Figure 5 shows precision-recall evaluations on the fouaskts. The CMU motion
dataset and the MSRC2 dataset contain large objects; we Bi®wurves using dis-
tance toleranc®:75%in benchmarking. The PASCAL and LabelMe datasets have high
resolution and tend to have small objects in scenes; we skRwUrves using distance
toleranced:6%. Table 2 lists average precisions for the ve datasets a&gtltiresholds.

These experiments show that our multi-scale approach isstadnd offers large
improvements over single-scale approaches. The amoumtpbivement differs, from
about20%(in average precision) in PASCAL 07 to abali%in MSRC2. We see more
improvements in CMU motion and MSRC2, probably because kwtly tend to have
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Dist. Threshold Th=0:6% Th=0:75%
Methods Canny[S Grad] Pb [Multi-Pb[[Canny|S Grad] Pb [Multi-Pb

BSDS (test) || 0.554| 0.527 |0.593| 0.663 || 0.605| 0.589 |0.648| 0.712
CMU Motion 0.245| 0.252 |0.315 0.413 || 0.271| 0.287 |0.350, 0.448
MSRC2 0.170| 0.156 {0.197| 0.283 || 0.193| 0.182 |0.228| 0.325
PASCAL 07 0.197| 0.173 |0.196] 0.242 || 0.226| 0.204 |0.233| 0.277
LabelMe (houses) 0.223| 0.206 |0.211] 0.251 || 0.254| 0.235 |0.245| 0.283
Table 2. Average precision evaluation on all ve datasets, comparing fourcggbres at two
distance thresholds in benchmarking. Our approach improves sicgjie8b by about0% on
BSDS,20% on PASCAL and LabelMe, abo30% on CMU motion andt5% on MSRC2. High-
lighted numbers correspond to the curves in Figure 5. Qualitatively thétigeiglifference when
we vary the distance threshold to other values.

| Avg. Precision [ BSDS | CMU Motion [ MSRC2 | PASCALO7 | LabelMe |

Multi-Pb 0.712 0.448 0.325 0.277 0.283
Multi-Pb (Pyramid) 0.707 0.443 0.323 0.275 0.295
Table 3. Multi-scale processing can be made ef cient by working with sub-sachpteages at
large scales. Average precision hardly decreases when we usegspgramid.

large objects. Our results on the CMU motion boundary datagsecomparable to what
have been reported in [26], remarkable because we use nomattall. The precisions
on PASCAL and LabelMe images are lower for all approacheshadnly because only
a subset of objects and boundaries in these images are matkeertheless, we still
improve performance there proportionally.

We observe that improvements over Pb are most promineneifottrrecall/high-
precision range. Similar phenomena have been found in nedated studies on natural
image boundary detection [22, 24, 25]. These approachésatiypfocus on the low-
recall range and show little improvements near high-resaiomparison, our approach
offers consistent improvements for all recall.

3.4 Pyramid-based multi-scale processing

Our approach is based on the Pb operator, which computesgytast differences be-
tween two half disks. The computational cost increasestipavith disk area, and at
large scales it becomes prohibitive for large images. Adsteth solution is to use a
pyramid and work with sub-sampled images at large scaleshaie testngJ this pyra-
mid approach: at a large scade> 1, we resize images by a factor &F s, hence
keeping the cost constant across scales. An empirical aisopas shown in Table 3.
As expected, we nd there is little loss in performance.

4 Discussions

We have studied multi-scale boundary detection in the cotfenatural images. Con-
ceptually our approach is straightforward: we compute re@ttand localization cues
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for a number of scales, and use logistic regression to lineambine them. Our multi-
scale approach combines the strengths of both large-sugle recision) and small-
scale (high recall and good localization). Our approactpedibrms most reported
results on the Berkeley Segmentation Benchmark. Signt ¢aprovements Z0% to

45%) have been demonstrated on four other boundary and obxyméion datasets.

Our work has answered two important empirical questionsambary detection:

Does multi-scale processing improve boundary detectionaitural images?n-
tuition says yes, because boundaries are multi-scale ureratut we need more than
intuition to move the eld forward. Previous studies did nad any empirical evidence
in benchmarking [9]. Our work gives an af rmative answer histquestion. Moreover,
we show that performance continuously improves as we adeé suales. This implies
that, because there are a wide range of scales in natura¢istagtures, having a large
range of observation scales would be useful.

Is there room for improvement in local boundary detecti@h@ comprehensive and
meticulous experiments in [9], along with the psycholob@adences in [31], suggest
that there is a limited amount of information in local imagegghborhoods, and tHeb
boundary detector is already close to the limit. This hasnfeahy researchers to pur-
sue other paths, such as exploring mid-level grouping [223, 33, 24, 25], complex
example-based models [11], or scene knowledge [34]. Ouroagh stays within the
framework of local boundary detection, making decisiortependently at each pixel,
and we show signi cant improvements oveb. Our results also compare favorably to
those of the more sophisticated algorithms above.

In retrospective, there are three reasons why multi-saije detection has not be-
come popular: (1) having a high cost; (2) possibly losingiigtand most importantly,
(3) lack of empirical support. We have “proved”, with extmesexperimentation on a
variety of datasets, that multi-scale processing imprimsdary detection, boosting
precision at salient boundaries while preserving detdigéng an image pyramid keeps
computational cost within a constant factor. It is our hopat tmulti-scale will soon
become a standard component of boundary detection apg®ach
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Fig. 6. Examples shown in three rows: input imag®%, and multi-Pb (this work). Detected
boundaries are discretized into two types: strong edge pixels (raikR8A0in each image) in
black, and weak edge pixels (rank2801-6000 in each image) in green. In such a way we
visualize two points on the precision-recall curves in Figure 3 and 5.eksegle boundaries are
enhanced (i.e. from green to black, or from none to green), whildl-stee boundaries, such as
those found in texture, are suppressed (from black to green, freemdo none).



