
Online Feature Selection for Pixel Classi¯cation

Karen Glo cer ka g@cs.ucsc.edu
Department of Computer Science,University of California Santa Cruz, Santa Cruz, CA 95064USA

Damian Eads eads@lanl.go v
James Theiler jt@lanl.go v
Los Alamos National Laboratory, Los Alamos, NM 87545USA

Abstract

Online feature selection (OFS) provides an
e±cient way to sort through a large spaceof
features,particularly in a scenariowhere the
feature spaceis large and features take a sig-
ni¯can t amount of memory to store. Image
processingoperators, and especially combi-
nations of image processingoperators, pro-
vide a rich space of potential features for
use in machine learning for image process-
ing tasks but they are expensive to generate
and store. In this paper we apply OFS to
the problem of edge detection in grayscale
imagery. We use a standard data set and
compare our results to those obtained with
traditional edgedetectors, aswell aswith re-
sults obtained more recently using \statisti-
cal edgedetection." We compareseveral dif-
ferent OFS approaches, including hill climb-
ing, best ¯rst search, and grafting.

1. In tro duction

Traditional learning systemsassumethat all features
are readily available from the beginning, but there are
scenarioswhere not all features are present initially
and must be integrated as they becomeavailable. The
online feature selection (OFS) problem is formulated
with a training set consisting of n pairs (x; y) of in-
stancesand labels. Typically, x 2 Rd and, for binary
classi¯cation, y 2 f¡ 1; 1g. No newinstancesareadded
so n remains constant, but d is not. Given a way to
integrate the new features as they arrive, the compu-
tation can begin with a small set of featuresand more
features can be added as they becomeavailable.
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The primary contribution of this paper is the applica-
tion of OFS algorithms to a real-world problem in a
domain where features truly are generatedonline. In
this domain, wherethe potential feature spaceis enor-
mous but for which only a few featurescan be held in
memory at any given time, OFS is a necessity rather
than a luxury. While the feature selectionliterature is
ample, the OFS literature is rather sparseand mostly
involves example problems where all of the features
are actually available beforehand(Perkins & Theiler,
2003). In this paper we demonstratethe power of OFS
in the image processingdomain by applying it to the
problem of edgedetection. We think this is a natural
¯t for OFS and show that it providesan approach that
can outperform existing algorithms for edgedetection.

An edgemay be described informally as the boundary
betweenadjacent parts of an image, but a formal def-
inition is elusive. Di®erent applications have di®erent
requirements, and these requirements are often infor-
mal as well. For example, both image segmentation
and vectorization use edge detection as an interme-
diate step, but the edgesthat are optimized for one
purposemay not be asuseful for other purposes.This
is a compelling argument for using learning techniques
to designedgedetectors. Machine learning algorithms
do not require a formal de¯nition of edges; instead
they take examplesas input { marked up imagesthat
identify wherethe edgesare { and from those,produce
an algorithm that ¯nds edgesin new images.

In the image processingdomain, each pixel in an im-
ageis an instance and for the edgedetection problem,
each label is either on-edgeor o®-edge. We remark
that pixels are spatially related to their neighbors and
therefore are not iid. This not necessarilya drawback
becauseit is this spatial relationship between pixels
that we exploit to identify edges.

In this work we deal with two component problems:
feature extraction and feature selection. We begin
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with training imagesand a corresponding ground truth
that marks each pixel in the training image as either
on-edgeor o®-edge.Our feature extractor, described
in Section2, generatescombinations of imageprocess-
ing operators and applies them to the training images
to producefeatures. A classi¯er is then producedfrom
a linear combination of thesefeatures. The online fea-
ture selectionalgorithm, discussedin Section3, selects
a subsetof thosefeaturesand integrates them into the
model as they arrive. The subsetof features that was
selectedis stored and d more features are generated
and added to the set. Then the online feature selec-
tion algorithm selectsanother subset. The last two
stepsare repeated until a stopping condition is met.

2. Feature Extraction

Feature extraction is the problem of ¯nding alternate
representations of the underlying data. In image pro-
cessing,a feature can be generated as the output of
one of a seriesof operators applied to an image. The
scalar value of a pixel in the output image is the value
of the feature for that instance. Feature extraction
encompassesnot only the question of which operators
are usedbut also the complexity with which they are
combined. We study the e®ectsof feature complexity
by comparing simple features that consist of a single
operator to features whosestructure is a tree of oper-
ators.

2.1. Simple Features

A \simple" feature is generated by running a single
image processingoperator on a raw input image. The
operators usedin this work are listed in Table 1. Most
of theseoperators are neighborhood operators, where
each output pixel is computed from a set of neighbor-
ing input pixels.

For example,each pixel in the output of the Gaussian
smoothing operator is a weighted averageof the pixels
in its neighborhood in the input image. The weights
are given by a Gaussian centered at that pixel. The
gradient operators produceoutput that is basedon the
di®erencesbetweenpixels and its neighbors. The sta-
tistical operators perform various computations (e.g.,
minimum, maximum, or standard deviation) on the
pixel valuesin a neighborhood of a given pixel and the
result of those computations provide the pixel values
for the ouput image.

Non-maximal suppressionand hysteresisthresholding
arespecializedoperators that wereaddedbecausethey
are particularly valueable in edgedetection.

Gabor ¯lters are commonly used for texture recogni-

Table 1. These are the operators used to produce simple
features. In addition, they are the building blocks for all
tree-structured features. All of these features are grouped
into categoriesso that when we discussmore complex fea-
tures, the representation can be more compact.

Feature Categor y

Gaussian Smoothing Smooth
2-D Gradient Grad
Sobel Gradient Grad
Min, Max, Peak St at
St and ard devia tion St at
Non-maximal suppression St at
Hysteresis thresholding St at
Morphological open, close Morph
TopHa t Morph
Gabor fil ter Gabor
Rot ation Inv ariant Gabor Gabor

tion and other low level image processingtasks. They
possessgood localization properties in both the spatial
and frequencydomains. Gabor functions are complex
exponentials modulated by a Gaussianenvelope. The
implementation we used was a multi-resolution pyra-
midal ¯lter bank for matlab designed by Nestares
et al. (1998). To achieve rotational invariance, we
interpolate the oriented components for each scaleof
the pyramid of ¯lters using the DiscreteFourier Trans-
form (Greenspanet al., 1994).

2.2. Tree-Structured Features

Simple featuresusedwith a linear classi¯er restrict the
hypothesisclassto linear combinations of single oper-
ators. Unfortunately, this class is not rich enough to
learn hypothesesthat require combinations of opera-
tors. For instance, the well-known Canny (1986) edge
detector runs the following operations sequentially:
Gaussiansmoothing, 2-D gradient, non-maximal sup-
pression, and hysteresis thresholding. If we restrict
ourselves to simple features, we would be trying to
learn Canny by taking the linear combination of a
smoothed image, a gradient image, a non-maximally
suppressedimage, and a thresholded image. To make
matters worse, those last two operators make very lit-
tle senseunlessthey are run in concert with other op-
erators.

Allowing features to have a more complex structure
producesa richer hypothesisclass. We usedtree struc-
tures becausethey have been demonstrated to work
well in other situations (Koza, 1992). Given a rich set
of operators, these trees can represent a large variety
of functions of the original input data. The operators
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Table 2. This is the grammar used to generate features.
In addition to this root production, a feature can also be
generated by adding, subtracting, multiplying, or dividing
any two features generated from these rules.

RootPr oduction ::=

Morph (St at (Grad (Gabor (Smooth (x))))) j
Morph (St at (Grad (Smooth (x)))) j
Morph (St at (Gabor (Smooth (x)))) j
Morph (St at (Smooth (x))) j
Morph (Grad (Gabor (Smooth (x)))) j
Morph (Grad (Smooth (x))) j
Morph (Gabor (Smooth (x))) j
Morph (Smooth (x)) j
Morph (Gabor (x)) j
Morph (Morph (x)) j
Morph (St at (x)) j
Morph (Grad (x)) j
Morph (x) j
St at (Grad (Gabor (Smooth (x)))) j
St at (Gabor (Smooth (x))) j
St at (Grad (Smooth (x))) j
St at (Smooth (x)) j
St at (Gabor (x)) j
St at (Grad (x)) j
St at (St at (x)) j
St at (x) j
Grad (Gabor (Smooth (x))) j
Grad (Gabor (x)) j
Grad (Smooth (x)) j
Grad (x)

for these trees are the sameas those usedto generate
simple features, but are combined only in ways that
make sensegiven the nature of the operators. This
constraint is provided by a context-sensitive grammar.
The advantagesof grammarsare threefold. First, only
sensiblefeaturesare generated. Second,by restricting
the way in which featurescan be combined, grammars
greatly reducethe sizeof the search space.Third, they
are a provide an e®ective way to incorporate domain
knowledge. The root production of the grammar is
described in Table 2.

3. Online Feature Selection

The online feature selectionproblem assumesthat fea-
tures arrive in stagesbut that no new instances are
added to the problem. At stage t, a new set f t of
features arrives. The set of all features at stage t is
denoted by Ft . Thus Ft = f f t [ Fs;t ¡ 1g, the union of
featuresthat have just arrived with the set of features
that was selectedat time t ¡ 1. At time t , after the
arrival of f t , a feature selection algorithm selectsthe
subsetFs;t µ Ft basedon someasyet unspeci¯ed crite-
rion. In this way online feature selectioncanbeviewed

as adding a wrapper around a feature selection algo-
rithm that is parameterizedby the number of features
addedper stage,dt = jf t j, and by the feature selection
algorithm it uses. Feature selectionalgorithms gener-
ally fall into three main categories: ¯lters, wrappers
and embeddedmethods (Guyon & Elissee®,2003). In
this paper we use two wrappers and one embedded
method: hill climbing, best ¯rst search, and grafting.

3.1. Hill Clim bing

The hill climbing algorithm initializes a cache with d
features. The initial ¯tness of the algorithm is the ¯t-
nessof the initial cache. The cache is then mutated in
one of three ways, each of which are equally probable:
a randomly selectedfeature is removed from the cache,
a randomly generated feature is added to the cache,
or a randomly selectedfeature in the cache is replaced
with a randomly generated feature. If this mutation
improvesthe ¯tness, the mutation is kept. Forrest and
Mitc hell (1993) refer to this as random mutation hill
climbing, or RMHC. The criterion we usedto evaluate
the ¯tness of the cache is the \empirical Bayes risk,"
RBayes, which can be computed from the ROC curve
by ¯nding the point on the curve where the slope is 45
degrees(Green & Swets, 1966).

3.2. Best First Search

Best ¯rst search, accordingto Kohavi and John (1997),
is more robust than hill climbing. It is, in any case,a
more systematic approach to feature subsetselection.
The two most common variants of best ¯rst search
are sequential forward selection and sequential back-
ward elimination. Although it can be slower, we use
backward elimination becauseit is not sensitive to the
feature that is chosen ¯rst. The number of features
per stage of the online feature selection algorithm is
small enoughthat the computation time for either al-
gorithm is much lessthan the time it takesto extract
new features.

Sequential backward elimination is initialized with a
full set of features F0. The algorithm ¯rst removes
each feature f i 2 F0 from F0 and trains an induction
algorithm with the feature set F0 ¡ f f i g. The feature
fmax whoseremoval minimizes the error in the result-
ing classi¯er is removed, and F1 = F0 ¡ f fmax g. In the
next round, for each of the remaining featuresf i 2 F1,
the algorithm tests the feature subsetF1 ¡ f f i g and re-
movesthe feature fmax that minimizes the error of the
resulting classi¯er to produce F2 = F1 ¡ f fmax g. This
processrepeats until a local minimum of classi¯er er-
ror hasbeenreached or someother stopping condition
is met.
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In practice, removing a feature may have only a very
small negative impact on performance, so backward
elimination becomesa trade-o® between marginally
lower performanceand a smaller set of features. This
implies a need for some sort of regularization. Fol-
lowing Kohavi and John (1997), we added a penalty
c = 0:001 per feature { or equivalently , the zero-norm
of the weight vector (Weston et al., 2003) { to force
the algorithm to favor smaller subsets.Thus our best
¯rst search algorithm minimizes the loss function

L = RBayes + cjwj0:

whereRBayes is the empirical Bayesrisk, describedear-
lier.

3.3. Grafting

Grafting (Perkins et al., 2003) recasts feature subset
selectionas the minimization of a regularized risk cri-
terion of the form:

C = L(f (x)) + ¸
dX

j =1

jwj j:

The secondterm, the regularizer, is the `1 norm of the
weight vector. The free parameter, ¸ , characterizes
the trade-o® between accuracy and complexity. The
¯rst term of the criterion function is the lossfunction,
which in our implementation is the binomial negative
log likelihood (BNLL) loss described in Hastie et al.
(2001):

L (f (x)) =
1
n

nX

i =1

ln(1 + e¡ y i f (x i ) ):

The grafting algorithm is based on the observation
that the addition of feature i incurs a penalty of
¸ jwi j. Thus adding the feature is only worthwhile if
the reduction of the mean loss is greater than the in-
creasein the penalty, and that this will only happen if
j@L=@wj j > ¸ . This gradient test is performedfor each
feature as it arrives,and it is faster than re-optimizing
the classi¯er with respect to the new feature. If no
weights pass the test, the feature is discarded. If at
least one weight passes,then the weight that maxi-
mizesthe magnitude of the gradient is added and the
model is optimized with respect to all of its param-
eters. Grafting di®ers from the other algorithms be-
causeit considersnot only whether to add a new fea-
ture but also whether to drop currently selectedfea-
tures and even whether to add discardedfeatures.

4. Exp erimen tal Metho dology

4.1. Data and Markup

We use the data set originally developed by Bowyer
et al. (2001) in their extensive evaluation of various
edgedetectors and also usedby Konishi et al. (2003)
in their statistical edge detection work. The data
set consistsof 50 imagesand 50 hand-marked ground
truths. To investigate the °exibilit y of our algorithm,
we generated a secondground truth by running the
Canny edge detector on the original data. The pa-
rametersof the Canny ground truth were the matlab
defaults. Canny provides a consistent, deterministic
ground truth, in contrast to the South Florida ground
truth which is marked up by hand. All experiments
were performed with both the original South Florida
and the Canny ground truth.

4.2. Metho dology

Every experiment used a training set of four images
selectedat random and a validation set consisting of
the remaining 46 imagesin the South Florida data set.
There are a great deal more o®-edgepixels than on-
edgepixels, so to balancethe training set we subsam-
pled the four training images. The subsampledtrain-
ing set consistsof all edgepixels and an equal number
of randomly selectedo®-edgepixels. The training set
contained approximately 200,000pixels and the vali-
dation set contained approximately 14,000,000pixels.
To ensurethat no feature dominatesbecauseof its ini-
tial scale,each feature wasnormalized to have a mean
of zero and a standard deviation of one.

Simple features consist of a single operator applied to
the input data. There are 14 operators, shown in Ta-
ble 1. Even with a rangeof di®erent parameter values,
the total number of simple featureswasonly 80. With
such a small number of features,random mutation hill
climbing was not used.

The spaceof tree-structured features is much larger
than the spaceof simple features; not every possible
feature will be searched. A fair evaluation of these
algorithms requires that each algorithm be given the
sameresources.Becausegeneratingthe featuresis the
time-limiting step, we allowed each algorithm to ex-
plore a total of 2000features.

The hill climber wasinitialized to onefeature. At each
iteration, a feature was either added to the cache, re-
moved from the cache, or replaced with another fea-
ture. The mutation was kept if it improved ¯tness.
Although the mutation of the feature cache was se-
lected randomly, we kept track of how many times a
feature was added or replaced to ensurethat the hill
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climber was able to explore 2000features.

With best ¯rst search, we initialized the feature cache
to ten features. We then ran backward elimination
with a complexity penalty of c = 0:001 per feature.
The remaining subset of features was evaluated with
Fisher's linear discriminant. In the next stage, ten
new features would be added to the previous set and
backward elimination would again be applied. In this
way 2000features are explored in 100 iterations.

Grafting di®ers from the other algorithms in that
whenever it addsa new feature, it can check discarded
features and potentially reincorporate them into the
model. The best result would probably come from
keeping all 2000 features in memory, but this is not
feasible. Instead, we do 40 iterations that explore 50
features at a time.

4.3. Performance Metrics

For edgedetection, most evaluation is basedon agree-
ment with manually determined ground truth, and
this agreement is usually measuredin terms of ROC
curves(Zhu, 1996;Shin et al., 1999;Forbes& Draper,
2000; Konishi et al., 2003). When the output of an
edgedetector is compared to a ground truth value, a
count of edgedetections and false alarms can be ob-
tained. Comparing two edgedetectors knowing only
these quantities can be ambiguous. It is hard to say
whether it is better have a high detection rate or a low
false alarm rate. By adaptively exploring the param-
eter spaceof an algorithm and plotting the resulting
detection and false alarm rates against each other, a
ROC curve can be usedto describe the performanceof
an edgedetector morecompletely. For the ROC curves
reported here,we sweepover the valueof the threshold
and compute a detection rate and falsealarm rate for
each value.

4.3.1. Pixel-to-pixel metric

For each imagein our data set, there is a corresponding
ground truth imagewith each pixel is divided into two
classes: on-edgeand o®-edge. Konishi et al. (2003)
compareevery pixel from the output of their edgede-
tector to the corresponding pixel in the ground truth.
An error occurswhen the output pixel doesnot match
the ground truth pixel. The detection rate (DR) and
false alarm rate (FA) are then given by

DR =
N (on-edge j on-edge)

Non-edge

F A =
N (on-edge j o®-edge)

No®-edge
:

4.3.2. Bo wyer metric

We alsouseda secondmetric sowe could compareour
results to those of Bowyer et al. (2001). The original
ground truth for the South Florida data set was actu-
ally three-valued. Pixels are either on-edge,o®-edge,
or \neutral". The neutral pixels, which are usually
near the true on-edgepixels, are those for which mis-
classi¯cation is not penalized. Since this is an area
where mistakes are easy for a classi¯er to make, de-
weighting thesepoints generally leadsto higher perfor-
mancescoresregardlessof whether the performanceit-
self is actually improved. The neutral categoryreduces
the false alarm rate and leaves the detection rate un-
changed,shifting the ROC curve to the left. But this
is also the region where mistakesare lessproblematic,
so this metric might more accurately re°ect what a
practical edgedetector is trying to do.

The Bowyer metric works like this: if a pixel is classi-
¯ed asan edgepixel but it falls in a background region,
it is counted as a false positive; if it falls on an edge
pixel or within a radius Tmatc h of an edge,it is counted
asa true positive. To ensurethat no ground truth pixel
is counted twice, if a pixel falls within Tmatc h of the
ground truth pixel, the ground truth pixel is marked
so that it cannot be counted again. Tmatc h is an ad-
justable tolerance parameter. Note that this metric is
applied to the ground truth data with neutral pixels,
and that these neutral pixels provide a bu®er of size
at least Tmatc h between the on-edgeand o®-edgepix-
els in the ground truth images. Bowyer usesa value of
Tmatc h = 3 and for consistency, we usethe samevalue.

5. Results

In this section,we analyzethe performanceof di®erent
feature selectionalgorithms and comparethem to the
previous work of Bowyer et al. (2001), who did an
extensive comparison of classicaledgedetectors, and
to Konishi et al. (2003), who used an adaptive grid
to model the statistical distribution of on-edgeversus
o®-edgepixels and applied maximum likelihood to this
estimate of the distribution.

To illustrate the nature of theseexperiments, Figure 1
shows the South Florida ground truth and the Canny
ground truth for an image in the South Florida data
set. The South Florida ground truth is actually three-
valued but by considering the neutral regions to be
o®-edge,we have condensedit down two classes:the
white pixels are on-edgeand the black pixels are o®-
edge. Below each ground truth is the grayscaleresult
of our algorithm trained on that ground truth using
tree-structured features and grafting. The grayscale
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(a) South Florida Ground Truth (b) Canny Ground Truth

(c) Result for South Florida Ground Truth (d) Result for Canny Ground Truth

Figure 1. South Florida and Canny ground truths and their respective results.

value of a pixel is its decision value before threshold-
ing. The results are visibly di®erent from each other
but similar in appearanceto their respective ground
truths.

Qualitativ e visual comparisonsare no substitute for
quantitativ e comparisons,sowe scoredeach result im-
age in Figure 1 against both ground truths. To get
a single numerical value for a score, we constructed
ROC curves for the comparison between each result
and ground truth, found empirical Bayes risk, and
turned it into scoreS = 1

2 (DR+ (1¡ F A)). When eval-
uated on this South Florida ground truth image, the
algorithm trained on the South Florida ground truth
(which not include this image) scoreda 0.8 while the
algorithm trained on the Canny ground truth scoreda
0.78. Similarly, when evaluated on the Canny ground
truth image in Figure 1(b), the algorithm that was

trained on the Canny ground truth scoreda 0.88while
the algorithm that was trained on the South Florida
ground truth only scored a 0.83. This demonstrates
the °exibilit y of the machine learning approach.

There is a de¯nite advantage to increasing the com-
plexity of the feature structure. When tree-structured
features were compared to simple features, the tree-
structured featuresinvariably outperformedthe simple
featuresfor the samealgorithm. Figure 2 showsresults
for simple features for grafting and best ¯rst search.
For comparison,results for tree-structured grafting are
included as well. The di®erenceis dramatic. Also in-
cluded are results for statistical edgedetection. Note
that evensimple featuresproduceresults that arecom-
parable to statistical edgedetection.

A more quantitativ e evaluation of tree-structured fea-
tures on the pixel-to-pixel metric is shown in Figure 3.
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Figure 2. Simple features for grafting and best ¯rst search
scored with the pixel-to-pixel metric and compared with
statistical edgedetection.

It shows ROC curves for grafting, best ¯rst search,
and hill climbing. It also includes results for statis-
tical edgedetection (Konishi et al., 2003) becauseit
wasevaluated on the sameground truth and the same
metric. Grafting outperforms best ¯rst search, which
outperforms hill climbing. Hill climbing, in turn, was
slightly better than statistical edgedetection.

In principle, our approach should be able to ¯nd a
feature that is a serial application of four operators
(Gaussiansmoothing, 2-D gradient, non-maximal sup-
pression,and hysteresisthresholding) to give an exact
match to the Canny ground truth, but the probabil-
it y of generating the exact feature is minuscule. In-
stead, the algorithm found a set of 17 features whose
linear combination approximates Canny. This result
is signi¯cant becauseit demonstratesthat even if the
ideal feature is never found (supposing it exists in the
¯rst place), similar but imperfect featurescan be com-
bined to yield a good classi¯cation. Figure 4 shows
ROC curvesfor grafting, best ¯rst search, and the hill
climber all trained on the Canny ground truth. Graft-
ing is marginally better than best ¯rst search and sig-
ni¯can tly better than hill climbing. There is no direct
comparisonto statistical edgedetection becauseof the
di®erencein ground truth.

Finally, scoringour results with the Bowyer metric al-
lows us to comparetheseresults directly with thoseof
Bowyer. Figure 5 comparesgrafting results with the
Canny edge detector in Bowyer et al. (2001). The
changein metric causesthe scoreof the results to im-
prove tremendously even if the classi¯er itself changes
very little when trained on this metric.
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Figure 3. The performanceof tree-structured features eval-
uated using South Florida ground truth scored with the
pixel-to-pixel metric.

6. Conclusion and future work

We have demonstrated the utilit y of online feature se-
lection for oneof the most useful and ubiquitous tasks
in imageprocessing:edgedetection. Image processing
is a domain where the computational bottleneck is the
feature generator, not the classi¯er. Adding complex-
it y to the structure of the features makes the feature
spacetoo large to search exhaustively but it increases
the °exibilit y of the hypothesisclassand can improve
the performanceof the resulting classi¯er. Online fea-
ture selectionprovides a systematic way to search this
larger feature space,and we show that tree-structured
features and online feature selection techniques out-
perform previous work by a signi¯cant margin. Graft-
ing in particular is found to be a fast, e±cient way
to incorporate features in an online fashion. Further-
more, the online feature selection approach is °exi-
ble enough to perform well on di®erent markups and
acrossperformancemetrics.

In the future wewould like to expandthe online feature
selection approach to image segmentation, of which
edgedetection is a component problem. Martin et al.
(2004) argue convincingly that a good approach to
boundary detection is to combine both edgeand tex-
ture cuesand they present an extensivebenchmark. In
contrast to Martin's approach, which focuseson the
design of speci¯c features, we consider the machine
learning aspect of the problem and we argue that a
broad, systematic search of less carefully tuned fea-
tures has much to o®er.
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Figure 4. The performance of tree-structured features us-
ing Canny ground truth scoredwith the pixel-to-pixel met-
ric.
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