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Abstract

The number of features that can be computed over an
image is, for practical purposes, limitless. Unfortunately,
the number of features that can be computed and exploited
by most computer vision systems is considerably less. As
a result, it is important to develop techniques for selecting
features from very large data sets that include many irrel-
evant or redundant features. This work addresses the fea-
ture selection problem by proposing a three-step algorithm.
The first step uses a variation of the well known Relief al-
gorithm [11] to remove irrelevance; the second step clus-
ters features using K-means to remove redundancy; and the
third step is a standard combinatorial feature selection algo-
rithm. This three-step combination is shown to be more ef-
fective than standard feature selection algorithms for large
data sets with lots of irrelevant and redundant features. It
is also shown to be no worse than standard techniques for
data sets that do not have these properties. Finally, we show
a third experiment in which a data set with 4096 features is
reduced to 5% of its original size with very little information
loss.

1. Introduction

The number of features that can be computed over an
image is, for all practical purposes, limitless. Examples of
common image features include Fourier coefficients, PCA
eigenvectors, Zernike moments, Gabor energy functions,
Wavelet responses, probe sets, and histogram/correlogram
features, not to mention simple set features like the mean and
standard deviation of an image. Moreover, this list of pop-
ular features barely scratches the surface; in [23], Tieu and
Viola compute 45; 000 image features without using any of
those mentioned above. The feature set available for object
classification is therefore very large.

Unfortunately, large feature sets are problematic. Real-
time systems cannot afford the time to compute or apply

them. More relevent to this paper, statistical model fitting
and/or supervised learning systems generally do not have
enough labeled training instances to fit accurate models over
very large feature spaces, due to finite sample effects [9]. At
the same time, in many cases it is difficult or impossible to
know without training which features are relevent to a given
task, and which are effectively noise. As a result, the ability
to select features from a huge feature set is critical for com-
puter vision.

Given a feature set of size M , the feature selection prob-
lem is to find a feature subset of size n (n << M ) that maxi-
mizes the system’s ability to classify object instances. Find-
ing the optimal set of features is usually intractable [14], and
many problems related to feature selection have been shown
to be NP-hard ([2], [8]). For most practical problems, an op-
timal solution can only be guaranteed if a monotonic crite-
rion for evaluating features can be found, but this assump-
tion rarely holds in the real-world [13]. As a result, we are
forced to find heuristic solutions that represent a trade-off
between solution quality and time.

We are interested in the problem of feature selection in
the context of computer vision. In particular, we are inter-
ested in problems with the following characteristics:

� Large numbers of features, on the order of thousands.
� Many irrelevant features, with regard to a given task.
� Many redundant features, with regard to a given task.
� Noisy data, since image noist will affect all measured

features.
� Continuous data, since most features listed above pro-

duce continuous values.
� Small training sets, relative to the size of the initial fea-

ture set.

2. Previous Work

The literature covering feature selection is extensive and
spread across many fields, including document classifica-
tion, data mining, object recognition, biometrics, remote



sensing and computer vision. It is relevent to any task where
the number of features or attributes is larger than the number
of training samples, or too large to be computationally fea-
sible. Feature selection is also related to four other areas of
research: dimensionality reduction [24]; space partitioning
[17]; feature extraction and decision trees [21].

Many algorithms have been proposed for feature selec-
tion, from simple algorithms like Sequential Forward Selec-
tion (SFS) [18] to more complex algorithms such as neural
net prunning [6] and genetic selection [22]. Surveys of fea-
ture selection algorithms are given by Kittler [12], Siedlecki
and Sklansky [22] and Bins [1]. For this work, the most
relevant algorithms are: Relief, proposed by Kira and Ren-
dell [11] in 1992 and extended by Kononenko [15] to handle
noisy, incomplete and multi-class data sets; and Sequential
Floating Forward Selection (SFFS) and Sequential Floating
Backward Selection (SFBS), proposed in 1994 by Pudil et
al. [20]. Relief has been shown to detect relevance well,
even when features interact [5], and SFFS/SFBS has been
shown to be much faster than Branch and Bound (BB) while
obtaining comparable results on at least some data sets [20].

3 The proposed system

3.1 A Three-step Algorithm

The goal of our system is to reduce a large set of fea-
tures (on the order of thousands) to a small subset of fea-
tures (on the order of tens), without significantly reducing
the system’s ability to approximate functions or classify ob-
jects. Our approach, shown in Figure 1, is a three step sys-
tem: first the irrelevant features are removed, then the re-
dundant features are removed, and finally a traditional com-
binatorial feature selection algorithm is applied to the re-
maining features. The idea is that each step is a filter that
reduces the number of candidate features, until finally only
a small subset remains. As will be discussed later, we com-
bine these filters into three algorithms (R+K+B, R+K+F, and
R+K), depending on the domain and task statement.

3.2 The Component Filters

The first filter removes irrelevant features using a modi-
fied form of the Relief algorithm [11, 15]. For readers who
are not familiar with Relief, it assigns relevance values to
features by treating training samples as points in feature
space. For each sample, it finds the nearest “hit” (another
sample of the same class) and “miss” (a sample of a differ-
ent class), and adjusts the relevance value of each feature
according to the square of the feature difference between
the sample and the hit and miss. Kononenko [15] suggests
several modifications to Relief to generalize it for continu-
ous features and to make it more robust in the presence of
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Figure 1. High level system architecture.

noise. We adopt Kononenko’s modifications, and modify
Relief again to remove a bias against non-monotonic fea-
tures, as described in [1].

Within our feature selection system, Relief is used as a
relevance filter. We therefore threshold the relevance values
to divide the feature set into relevant and irrelevant features.
This can be done either by thresholding the relevance value
directly, or by selecting the highest n values and discarding
the remaining features. In either case, Relief does not de-
tect redundancy, so the remaining feature set still contains
redundant features.

The second step is a redundancy filter that uses the K-
means algorithm [16] to cluster features according to how
well they correlate to each other. When feature clusters are
discovered, only the feature with the highest Relief score is
kept; the other features in the cluster are removed from the
feature set. This is an unusual application of K-means clus-
tering, in that features are clustered (instead of samples), and
correlation is used as the distance measure. A correlation
threshold of 0.97 is used to detect when the features in a clus-
ter are not sufficiently similar, in which case the cluster is
split to make sure that potentially usefull features are not re-
moved from the feature set.

The third and final filter is a combinatorial feature selec-
tion algorithm. When possible, we use the Sequential Float-
ing Backward Selection (SFBS) algorithm [20]. Unfortu-
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nately, we find that SFBS is not feasible for feature sets of
more than about 110 features. (Ng, et al, have previously
reported a limit of 100 features [19].) Therefore, when the
number of features remaining after the relevence and redun-
dancy filters exceeds 110, we switch to the slightly less ef-
fective but more efficient Sequential Floating Forward Se-
lection (SFFS) algorithm [20]. We use a Mahalanobis dis-
tance measure inside both SFFS and SFBS.

The order of these three filters is important. The asymp-
totic complexity of Relief is O(s2f), where s is the number
of training samples, and f is the number of features. Since
the number of features is much larger than the number of
samples, the complexity of Relief is linear in terms of the
most significant size factor. K-means, on the other hand,
does more work per feature. The complexity of one itera-
tion of K-means is O(ksf), where k is the number of clus-
ters. Unfortunately, since we recursively split clusters using
a very tight correlation threshold, k is not a constant, but in-
stead k � f . Thus the complexity of one iteration of K-
means is O(sf2). (The number of iterations also increases
with the number of features.) Since f can be very large, it
is important to filter irrelevent features before filtering re-
dundant ones. Of course, SFFS and SFBS are more complex
then either of the first two filters, and must be run last.

3.3 Running the system

There are two ways for an application to use our feature
selection system. If the application does not require a fixed
feature set size, but simply needs to ensure that there are
no irrelevent or redundant features, then only the first two
stages are run. We call this version R+K, and users need
only to provide one parameter, to threshold the relief scores.
(We have not encountered any reason to adjust the clustering
threshold of 0.97.)

Alternatively, if an application requires a target number
of features, then a third filter is used to reduce the set of
relevent and non-redundant features to the target feature set
size. If fewer than 110 features survive the first two filters,
SFBS is used (we call this version R+K+B). Otherwise, the
final filter is SFFS (creating R+K+F).

4. Evaluating the Feature Selection System

To evaluate our system, we conducted three experiments
over three different data sets. The first data set contains re-
gions of interest (i.e. subimages) extracted from aerial im-
ages of Fort Hood, Texas. Each region of interest is a hy-
pothesized house, and the goal of the system is to judge
which hypotheses are accurate. This is a regression task,
since the accuracy of hypotheses are measured on a scale of
zero to one. The second data set are features extracted from

images of hand-written characters. This data set was first de-
scribed by Breuklen et al. [3, 4], and has also been used by
Jain et al. [10]. It has the disadvantage that it contains only
649 features1, and that none of these features are completely
irrelevent or redundant. The third data set contains images
of cats and dogs, and has been previously used as a testbed
to compare appearance-based recognition methods [25].

4.1. Experiment #1: aerial images

The first data set consist of 891 features computed over
regions of interest extracted from aerial images of Fort Hood
[7]. Typical features here are statistical features (mean, st.
dev., etc.) computed over the raw image or first or sec-
ond derivatives of the raw image, and repeated at differ-
ent scales. Other features include eigenprojections, probes,
histograms comparisons, etc. These features match the as-
sumptions underlying our system, in that there are more fea-
tures (891) then training samples (200), and many of the fea-
tures are irrelevant for judging house hypotheses, or are re-
dundant with other features.

The first experiment tests if all three steps of the algo-
rithm are necessary. Since the system is composed of filters,
any filter can be removed and the system will still work2. To
test whether all three filter are needed, all feasible combina-
tions of modules of the system were applied to the task of
selecting the best subset of ten features.

Each combination of modules selects features in a differ-
ent way, and consequently the number of features selected
at each step may vary. Where possible, the Relief threshold
was set to select the 300 most relevent features. By default,
the clustering threshold was 0.97; however, when cluster-
ing was followed by SFBS, only the best 110 or fewer clus-
ters according to their Relief score were used, and when K-
means was the final filtering stage, only ten clusters were
used. SFFS and SFBS were set to select exactly 10 features.
Table 1 shows the eight feasible combinations of features
and how many features were selected by each module.

For each feature set, 100 neural nets were trained and
tested. When training a net, the data is randomly divided
into three sets: a learning set (70%); a validation set (15%)
and a test set (15%). Each net was trained for 15; 000

epochs, with an “early termination” routine saving the net
state with the lowest MSE on the validation set. Each net is
then evaluated in terms of its MSE on the test set. The av-
erage MSE for the 100 neural nets is shown in table 2 for
each combination of filters. As can be seen, the best perfor-
mance is achieved by using all three filters. The results are
particularly good when the third filter is SFBS.

1The original images are no longer available, so we cannot compute ad-
ditional features.

2SFBS is not practical if it is applied to more than 110 features.
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System Original R K F/B Final set

R 891 10 — — 10
F 891 — — 10 10
R+K 891 300 10 — 10
R+F 891 110 — 10 10
R+B 891 110 — 10 10
K+F 891 — — 10 10
R+K+F 891 300 110 10 10
R+K+B 891 300 110 10 10

Table 1. Number of features selected at each
module of each filter combination tested. R,
K, F, and B correspond to Relief, K-means,
SFFS, and SFBS.

Average MSE for 100 nets (15000 epochs each)
System MSE

Relief 0.0696
SFFS 0.0649
R+K 0.0269
R+F 0.0236
R+B 0.0247
K+F 0.0154
R+K+F 0.0156
R+K+B 0.0093

Table 2. MSE for each tested combination of
modules of the system.

The differences between filter combinations are statisti-
cally relevant. Table 3 shows the result of a T-test compar-
ing the combinations of filters. The null hypothesis (HO)
for the T-test is that the two samples have the same average
MSE (� = 0:005). The row of Table 3 labeledH0 shows the
result of the T-tests (true or false); the row labeled P shows
the probability of observing the given result by chance if the
null hypothesis is true.

The first line of Table 3 compares the whole system using
SFFS against other combinations using SFFS (or no combi-
natorial filter). This shows that it is significantly better to run
the whole system than just part of the system. The only case
where the difference is not statistically significant is in com-
parison to K+F. Even here, however, the three-step version
outperformed the two-step version, although not by enough
to rule out the possibility of a statistical fluke. More impor-
tantly, when the whole system was run using SFBS as the fi-
nal filter, its performance greatly surpasses all other options.
This indicates that when most features are irrelevant and/or
redundant, the best option is to run the three steps of the sys-

System R R+K R+F K+F F
R+K+F H0 F F F T F

P � 0 6.2e-15 1.5e-11 8.1e-01 � 0

System R+k+F R+B K+F
R+K+B H0 F F F

P � 0 � 0 2.2e-15

Table 3. Result of the T-test (H0) and proba-
bility of observing the given result by chance
given that the null hypothesis is true (P) for
pairs of filters. Values of P � 0 indicate that
the probability is so small that it exceeds the
capability of representation used by the sta-
tistical package.

tem, i.e. Relief, K-means and SFBS.
Although the goal of this test was to check the necessity

of every component, a second but equally important goal
was achieved. Relief and SFFS, running alone, are two of
the best feature selection algorithms in the literature. Thus,
by showing that our system outperforms these two filters, we
also show that our three-step algorithm outperforms its pri-
mary competitors.

4.2 Experiment #2: The Digits Data

The second data set contains features extracted from im-
ages of handwritten numerals (‘0’ - ‘9’) extracted from a col-
lection of Dutch utility maps. There are 200 samples per
digit, for a total of 2,000 samples. Each sample has 649 fea-
tures: 76 Fourier coefficients of the character shapes; 216
profile correlations; 64 Karhunen-Loève coefficients; 240
pixel averages over 2 x 3 windows; 47 Zernike moments;
and 6 morphological features.

Unlike the aerial image data set, this data set does not
obey the assumptions that motivated our system design. In
particular, it has more training samples (2,000) than fea-
tures (649), which makes it possible to train classifiers on
the whole feature set, without performing feature selection.
It also has no irrelevent features, and no two features are re-
dundant.

The goal of the first part of this experiment was to test a
“do no harm” philosophy. The digit data set is small enough
to run SFFS on all 649 features. Since our three-step sys-
tem uses SFFS, we wanted to be sure that the three-step al-
gorithm did as well as SFFS alone, even when the assump-
tions underlying the first two filters were not met. Table 4
shows the results. The full system (R+K+F) actually per-
formed slightly better than SFFS alone.

The full system with SFBS performed worse than SFFS
alone, because we had to raise the Relief threshold artifi-
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System # Feat MSE

R+K+B 649 0.0132
R+K+F 649 0.0049
F 649 0.0059

Table 4. Average MSE for 100 nets (5000
epochs each) for combinations of the system
on the original Digits data. R, K, F, and B cor-
respond to Relief, K-means, SFFS, and SFBS.

cially high in order to reduce the number of features prior to
SFBS below 110. This is a warning: although Relief is good
at detecting irrelevent features, it should not be relied on to
select the best from among relevent features. The combina-
torial selection algorithms are better at that. If there are more
than 110 relevent and non-redundant features, use SFFS.

Having shown that our three-step algorithm does no
harm, we next show that it filters redundant and irrelevent
features when we know they are present. We modify the dig-
its data set by creating a redundant feature set out of the 649
original digits features, plus a second copy of each of the
original features with 10% Gaussian noise added, for a total
of 1298 features. We then extended this to a redundant and
irrelevent feature set by adding a third copy of each original
feature, this time with 60% Gaussian noise added (render-
ing the new features almost useless). Finally, we created a
mixed feature set out of the original 649 features plus four
versions of each original feature with added noise ranging
from 10% to 55%. The results of applying our three-step al-
gorithm to each of these data sets is shown on Table 5.

System Feat. Set # Feat MSE

R+K+F Redundant 1298 0.0045
R+K+F Relevant 1946 0.0046
R+K+F Mixed 3245 0.0048
F Mixed 3245 0.0086

Table 5. Average MSE of 100 nets on the mod-
ified Digits data sets. R, K, F, and B corre-
spond respectively to Relief, K-means, SFFS,
and SFBS.

Results from Table 5 show that the system was able to re-
move the irrelevant and redundant features, because its per-
formance is statistically the same as the results for the origi-
nal data set (see Table 4). In comparison, the performance of
SFFS degrades when enough irrelevant and redundant fea-
tures are included.

4.3 Experiment #3: Cats and Dogs

In the third experiment, we use the system to remove ir-
relevent and redundant features without specifying a target
feature set size. As a result, the third filter (SFFS or SFBS)
is discarded. Instead, we apply a “R+K” algorithm to re-
move irrelevent features and redundant features, and return
as many relevent and unique features as the data will sup-
port.

In this experiment, the data set is composed of two hun-
dred images of cat faces and dog faces. Each sample is a
black-and-white 64x64 pixel image, and the images have
been registered by aligning the eyes. The performance task
is to distinguish cats from dogs. The standard technique, as
described in [25], is to compute eigenvectors from a gallery
of 160 out of the 200 images. The remaining 40 probe
images are projected into the eigenspace, and the nearest
gallery image to each is returned as its match. A match is
said to be correct if it of the same species as the probe. Fig-
ure 2 shows 24 examples extracted from the cats and dogs
data set.

Figure 2. Examples of images on the Cats and
Dogs data set (12 cats and 12 dogs).

Once again, the data contradicts one of our original as-
sumptions, in this case the implicit assumption that features
are expensive to compute and store. For principal compo-
nents analysis, the features are the 4096 pixel values. Since
these features do not have to be computed, and PCA can eas-
ily handle thousands of features, it is not necesssary to do
feature selection for this task.

Nonetheless, there are two good reasons to select features
from this data set. The first is provide an intuition about
what pixels are important for this data set and task. The sec-
ond is to allow PCA to be applied to much larger images.
Current systems would be hard pressed to compute basis
vectors for 512x512 images, but it would be much more fea-
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sible to select a few thousand pixels from such images and
apply PCA to the reduced feature vectors.

This experiment also emphasizes the system’s ability to
detect relationships between features. The cats in the data
set run the gamut of intensities from black to white; so do
the dogs. As a result, the intensity of a single pixel is almost
meaningless. It is only the differences between pixels that
distinguish cats from dogs. Fortunately, Relief is sensitive
enough to relations among features that it is still able to de-
tect relevance.

Since the features are pixels, the results of Relief and K-
means can be seen visually for this domain. Figure 3 shows
images representing the result of the two filters. In these im-
ages, a pixel is zero (black) if it was eliminated from the fea-
ture set by the filter. Otherwise, the relevence value com-
puted by Relief is used as the pixel’s intensity.

Figure 3(a) is the image after the relevance filter. The
relevence filter removes all but 615 pixels, reducing the vol-
ume of data by 85%. The remaining pixels highlight the dif-
ferences betwee dogs and cats: dogs have relatively higher
foreheads then cats, as well as wider muzzles. Cats have ears
in the upper corners of the images. Cats’ eyes are also larger,
in proportion to their spacing.

Figure 3(b) shows the result of the redundancy filter,
which further reduces the data set down to just 217 pixels.
What the redundancy filter finds is that in many cases, the
information in a pixel is the same as the information in the
neighboring pixel. As a result, it produces a checkerboard
effect, in which a pixel is selected and its neighbors are re-
jected.

The question, of course, is how much information has
been lost by reducing the feature set from 4096 pixels to just
217. To test this, we applied a standard “eigenfaces” recog-
niton system to the complete set of 4096 pixels, and then
again to the reduced set of 217 pixels. In both cases, we
trained the system on 160 images, holding forty images out
for testing. We repeated this process five times in a cross-
validation mode, so that every image was used as a test im-
age exactly once.

The classifier used was a PCA-based 1-nearest neighbor.
This classifier computes all eigenvectors for a learning set
and the sample projections over this basis. When a new sam-
ple is presented its projection over all eigen-vectors is com-
puted and the result of the classification is the label (class)
of the closest neighbor, in terms of Euclidean distance, to the
sample projection.

To test if both data sets achieve the same performance, we
used McNemar’s test. This test is similar to a binomial test,
but it considers only the difference in classification between
the data sets. As a result, it is more sensitive to differences
between algorithms than a binomial test. McNemar’s test in-
dicates that the difference in classification accuracy between
the original pixel set and the reduced pixel set is not statisti-

(a) (b)

Figure 3. Result of the Relief and Kmeans fil-
ters over the Cats and Dogs dataset. The
value of each pixel is zero if it passed the filter
or the Relief score it it did not passed the fil-
ter. a) after Relief filter (615 features/pixels
selected); b) after k-means filter (217 fea-
tures/pixels selected).

cally significant. In other words, the data sets have approxi-
mately the same information despite the fact that the filtered
version contains only 5% of the pixels in the original one.

5. Summary and Conclusions

The proposed system selects features from a large feature
set via three filters. The first is based on the Relief algo-
rithm ([11, 15]); it filters out irrelevant features. The sec-
ond filter is based on K-means([16]); it filters out redundant
features. The final filter is a combinatorial feature selection
algorithm (SFFS or SFBS [20]); it selects the final subset
of features. We recommend three algorithms, depending on
the situation. The R+K+B algorihm is best for producing a
feature set of a particular size, if the number of relevent and
non-redundant features in the domain is less than 110. Oth-
erwise, R+K+F is the best algorithm to select a feature sub-
set of a specific size. If the size of the feature subset may
vary, use R+K.

The system was tested with three different data sets. The
Fort Hood aerial image hypothesis data set has many irrel-
evant and redundant features, and allowed us to show that
R+K+B outperforms other algorithms from the literature, as
well as other versions of this system. The digits data set
[3, 10] is composed of hand-picked sets of features. It does
not contain irrelevent or redundant features, and was used to
show that the system “does no harm” when such features are
not present. It also allowed us to demonstrate that the per-
formance of the system does not degrade as irrelevent and
redundant features are added. The third data set, composed
of images of cats and dogs, allowed us to visualize the results
of the first two filters, and to demonstrate that the system is
sensitive to relationships between features.

The main contribution of this work is the system and
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the algorithms (R+K+B, R+K+F, R+K). As far as we know,
these are the first algorithms (outside of text classification
systems) that can handle such large data sets. It is also the
first feature selection system which explicitly filters for ir-
relevance and redundancy.
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