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Abstract

We investigate feature extraction and selection in the framework
of automatically classifying forestry images according to their
“beauty”. We experimentally evaluate three recent advances in fea-
ture selection: a wrapper method proposed by A. Ng that is more
robust when the number of irrelevant features is large compared to
the number of relevant ones, filter methods based on boosting and
support vector machines (SVM). As baseline, we use 65 features
chosen according to human expertise, which lead to 18.9% of error
when the classifier is SVM. A data-driven method proposed by K.
Tieu and P. Viola is used to obtain 46,875 alternative features. Fea-
ture selection methods are tested using these data-driven features.
The SVM-based filter method achieved 18.9% of misclassification
rate using 10,000 features, and a wrapper method with SVM as
classifier led to 21.4% using only 4 features. We also discuss why,
in practice, it is more convenient to use a filter method to pre-
select features for wrappers than using Ng’s wrapper method with
all features.

1 Introduction

Many applications require methods to represent data in a reduced number of di-
mensions given a set of measurements. This reduction can be achieved in essentially
two different ways [Web99]. The first approach tries to identify those variables that
contribute most to the classification task and keep only them, which is called fea-
ture selection. The second approach finds a transformation from the measures to
a lower-dimensional space, such as in principal component analysis (PCA). This is
called feature extraction and can be seen as part of the process of converting the
data to a set of sensible features. For example, PCA can be applied to the wavelet
coefficients obtained from raw image pixels [CB02], and the whole process (wavelet
transform followed by PCA) seen as the feature extraction stage. First we discuss
feature extraction.

In pattern recognition problems, the feature extraction stage is very important and
often difficult to design. A common approach is to use all knowledge about the
domain, trying to specify sensible features. For example, a set of 65 features (e.g.
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color content, entropy, fractal dimension, etc.) was extracted in order to classify
images according to their beauty in [Zea99]. The choice of these features was mainly
motivated by knowledge of image processing experts, given they were successfully
used in other applications. Hence, we call them knowledge-based features. Such
approach has drawbacks. For example, it is not clear that features useful for ob-
ject recognition and other applications are the best to provide information about
“beauty”.

Instead of pre-establishing a set of features, one can alternatively adopt a data-
driven method that may extract a too large set, which can then be reduced in a
second stage through feature selection. Following such approach, the image retrieval
system proposed in [TVO00] uses a cascade of filters to convert each image into a
relatively large (46,875-dimensional) feature vector. A small subset of these features
is selected through a boosting-based method. The idea is that few of these features
respond in a highly selective way to a group of images or specific characteristic as,
e.g., the light/dark/light region associated to the eyes and nose of a human face.
We discuss now the boosting-based and other feature selection techniques.

As in [TV00], [Das01] used the AdaBoost algorithm [SS99] for selecting features.
Both works use boosting as a filter method. In [SN99], boosting was integrated to
wrapper methods. Wrappers are of interest because they can lead to improved ac-
curacy when compared to filter methods. In [Ng98], an analysis of feature selection
wrappers was presented and the ordered-fs wrapper algorithm was presented, which
had improved asymptotic behavior when the number of irrelevant features is large
compared to the relevant ones.

Our motivation to investigate filter and wrapper in this work can be summarized
as follows. In [Das01], the boosting-based were compared to alternative wrapper
algorithms and it was concluded they perform equivalently. However, there were no
comparisons with other filter methods (e.g. [Hal99]). Therefore, we investigate how
the boosting-based method of [TV00] compares with filter methods based on support
vector machines (SVM) and information-gain [Hal99]. In terms of wrapper methods,
the simulations in [Ng98] used only synthetic data. The ordered-fs algorithm was
used with real-life (microarray) data in [XJKO1], but no comparisons of ordered-fs
with other methods were presented. Our experimental framework seems appropriate
to evaluate some conclusions presented in [Ng98]. These comparisons will also allow
to infer about what happens when we use a data-driven feature set, instead of a
knowledge-based set. In other words, we evaluate how successfully we can mine
relevant information in the domain of “beauty” estimation.

The paper is organized as follows. In Section 2 we briefly describe the dataset
we will be working with. In Section 3 we discuss feature extraction methods and
the image processing methods used in this work. Section 4 discusses the feature
selection methods. The experimental results are presented in Section 5, followed by
conclusions in Section 6.

2 USFS dataset

Beauty is a difficult concept to be learned by a machine. In this paper we deal with
the scenic beauty of forestry images. The United States Forest Service (USFS) has
a long-term interest on automatically obtaining a ranking of forest images according
to their scenic beauty [Zea99]. The USFS dataset [Kea97] contains images labeled
by people and was organized to facilitate experiments in this area. The ideal system
should have performance similar to a person. However, there are several difficulties
for achieving this goal. We are mainly concerned here with feature extraction and



Figure 2: Image that has lowest score (-125.04) in dataset.

selection [JZ97, JDMO00, Hal99).

The USFS dataset contains 637 forestry images. The images were split into training
and test sets, as will be discussed in details in Section 5. All the images were assigned
a score according to their beauty. The maximum score, corresponding to the most
“beautiful” image, is 107.13, while the minimum is -125.04. These two images are
shown in Figures 1 and 2, respectively.

The images were collected in 6 different months. The season in which the picture was
taken influences the beauty score as shown in Table 1. Each of the four seasons has
approximately the same number of images. The images collected during the Winter
(January) have the lowest score in average, while the ones collected during Summer
(July and September) tend to present high scores. Fig. 3 shows an histogram
indicating this asymmetry.
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Figure 3: Stacked histogram of beauty scores per season.

Table 1: Occurrences of scores per month and associated statistics.

[ Winter | Spring | Summer [ Fall |

[ Jan. | Apr. | Jul. [ Sep. | Oct- [ Nov. |
Train Occurrences (total = 478) 120 120 58 56 64 60
Train Average score -48.6 2.7 46.7 42.1 3.0 -8.4
Train Minimum score -125.0 -92.6 7.5 -37.2 -106.7 -97.8
Train Maximum score 36.2 77.6 103.1 107.1 85.6 78.0
Test Occurrences (total = 159) 40 40 20 20 20 19
Test Average score -52.7 6.5 47.9 40.0 0.7 24.1
Test Minimum score -124.3 -103.4 -21.1 -13.3 -73.9 -73.5
Test Maximum score 16.5 77.5 99.3 103.4 53.5 37.6
Train+test | Occurrences (total = 637) 160 160 78 76 84 79
Train+test | Average score -49.6 3.66 47.0 41.6 2.4 -12.2
Train+test | Minimum score -125.0 -103.4 -21.1 -37.2 | -106.7 | -97.8
Train+test | Maximum score 36.2 77.6 103.1 107.1 85.6 78.0

3 Feature extraction

In this section we discuss feature extraction and its application to classification of
forestry images according to their scenic beauty. We start by introducing some
notation.

In supervised classification problems, one is given a training set 7 =
{(z1,91),--.,(xN,yn)} containing N examples. Each example (z,y) consists of
an instance z € X and a label y € Y = {1,..., K}, where X is the instance space
and K > 2 is the number of classes. Fach instance z is a L-dimensional vector
representing L features, and z; € Aj; its i-th feature. A classifier is a mapping
F:X —{l,...,K} from instances to labels.

We assume that the instance z is obtained from some measure (“raw” data) (image
pixels in our case) through a mapping that incorporates both the feature extraction
and feature selection processes. The feature selection stage simply chooses a subset
with S features from all 21 possible subsets.

Given that the knowledge-based features [Zea99] were available, we investigated two
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Figure 4: Filters used in the feature extraction process. For future reference, the filters
are numbered according to a raster scanning (the first row shows filters 1 to 5 and so on).

other alternatives: Tieu & Viola’s [TV00] features (which we call here data-driven
features) and raw pixels.

We first describe the processing to obtain the raw pixel representation. Raw pixels
were also used in similar applications [EPPP01, CB02]. However, in most of the
cases where pixels were found to be useful, it was assumed the object of interest
(e.g. face) was located in the center of the image. It should be noted that our
forestry images do not have such characteristic. Nevertheless, we used pixels as
part of our exploratory research in this domain.

In the original USFS dataset, each image is stored in a high-resolution uncompressed
file (PPM format, 1536 x 1024 pixels, 3 bytes per pixel, 4MB file). In order to
save storage space and reduce computational cost when processing the images, we
performed the following steps: (a) eliminated dark border (see Figs. 1 and 2), (b)
performed histogram equalization (using Matlab’s histeq) given that it improved
results in [EPPPO1], (c) saved images as high-quality compressed (JPEG format,
using Matlab’s imwrite with @ = 95) files, (d) downsampled by 10, such that the
total number of features is L = 42,336 (147 x 96 pixels, 3 bytes per pixel. Chosen
to be close to the 46,875 features used in [TV00]).

The data-driven feature extraction method used is the one presented in [TV00]. This
algorithm adopts three filtering stages. Each stage uses one among 25 empirically
pre-selected filters, which are shown in Fig. 4. Each RGB (red, green and blue)
color channel is filtered individually. On each stage, the output image is rectified
(taking the absolute value of each pixel) and downsampled by 2. After the last
stage, a single-valued feature is obtained by summing the output image pixels for
the given color component (averaging was used in this work). Therefore, the total
number of features is three times the different filtering schemes: 3 x 253=46,875.
A given sequence of filters z, y and z is represented as (z,y, z). A given feature is
represented as (z,y, 2, ¢), where ¢ indicates the color channel.

Our third set of features is composed by the 65 features used in [Zea99], which were
inspired by knowledge. In summary, these features are the number of long and short
lines (obtained with an edge detection algorithm), the compression ratio and, for



each of the RGB color channels, 10-bins histogram, sharpness, standard deviation,
entropy and fractal dimension. Histograms (10-bins) were also computed for the
colors brown and yellow.

4 Feature selection

Feature selection methods can often be classified into two groups: filter and wrap-
per [Hal99, BL97, KJ97]. The latter consists of methods that select features using
the algorithm £ that will be applied to learn classifier F'. The filter methods eval-
uate the worth of features by using heuristics based on characteristics of the data
and is independent of L.

4.1 Filter methods

One of the simplest but yet popular filter method for feature selection is the informa-
tion gain (also known as mutual information) [Hal99]. A distribution p(y) on the la-
bels is estimated using the training set 7, and the associated random variable Y has
entropy given by H(Y) = — 3 -, p(y)log, p(y). After observing feature z;, with
i € {1,...,L}, the training set can be partitioned according to z;. Distributions
p(z;) and p(y|z;) are estimated using 7. The entropy of Y conditioned on observ-
ing the random variable X; is H(Y|X;) = — >, » (i) 30, cy P(y|7i) log, p(y|z:)-
The information gain I(X;;Y) is given by I(X;;Y) = HY) — H{Y|X;). The
method consists on calculating I(X;;Y), for ¢ = 1,...,L and then selecting the S
features with highest information gain. This is a very simple criterion and we use
it as a baseline for comparison.

A method that does not select features independently is the boosting-based method
proposed in [TV00]. Similar boosting-based feature selection methods were also in-
vestigated by Das [Das01]. The algorithm works as follows. The number of features
S is specified in advance and, for each round i = 1,...,S of boosting (we used
AdaBoostM1 [Wek] in our experiments), a feature f; is chosen f; = z;, where z;,
j € {1,...,L} is the feature associated to the decision stump that minimized a
weighted (the weights of hard-to-classify examples are increased by boosting) mis-
classification rate over 7. For round i, the previously selected features fi,..., fi_1
are not considered.

It should be noted that several learning algorithms can perform feature selection as
a by-product of learning, as e.g. C4.5 decision trees. In general, given that a learner
L outputs hypothesis using only a subset of the input features, it can be used as
a filter for other learning methods. For example, the conventional implementation
of boosted decision stumps [SS99] will output at most T distinct features after T
rounds of boosting. However, excluding previously selected features from further
consideration as in [TV00, Das01], makes easier to achieve the desired number of
features.

Given the success of SVM in high-dimensional spaces, we decided to investigate
its performance on ranking features. A linear SVM is equivalent to a perceptron.
The idea is to use techniques similar to the feature selection in linear regression
(see e.g. [HTFO1], page 55). Here, we used a simple approach that assumes the
magnitude of the perceptron weights should correlate well with the relevance of
the associated features. The selected S features are the ones corresponding to the
largest weights of the perceptron derived from SVM training.



4.2 Wrapper methods

The conventional wrapper method for feature selection uses the induction algorithm
L that will be adopted for designing classifier F', to guide the search for the best
subset of features. Usually, cross-validation is adopted, and for each feature subset
examined, £ is invoked V' times in an V'-fold cross-validation using the training set
T. Exploring all 2% possible subsets is usually unfeasible and a heuristic search is
adopted. One simple search strategy, called greedy hill climbing [Hal99], considers
local changes to the current feature subset. A local change often means the addition
or deletion of a single feature from the subset. When the algorithm considers only
additions to the feature subset it is called forward selection, and considering only
deletions is known as backward selection. In both cases, once a change is accepted,
it is never reconsidered. More sophisticated algorithms as best first search allows
backtracking along the search path. We used forward selection in our experiments.

Now we present a brief summary of [Ng98]. The paper presents theoretical results
that bring some light to fundamental questions as “Why performing feature selec-
tion?” and “How the performance of wrappers scale with the number of irrelevant
features?”. Following the insights from the theoretical bounds, the paper proposes
a wrapper algorithm for feature selection called ordered-fs.

Ng’s analysis assumes the wrapper uses held-out data # consisting of a fraction ~y
of T (usually a stratified fraction and v = 0.33) instead of cross-validation. Let
T' = T — H be the new training data. The author explains that in terms of
asymptotic behavior, the results with held-out data should not be different from
the ones with cross-validation or leave-one-out [Ng98]. In practice, cross-validation
may be advantageous when compared to using held-out data in spite of an increase
in computations. Another simplification is to assume the search explores all 2%
possible feature subsets. Under these two assumptions, the standard-wrap wrapper
will invoke L for all 2 possible subsets, using 7" for training and H for estimating
the accuracy when using a subset. In other words, for s = 1,..., L, standard-wrap
will pick the classifier F; and feature subset A, that minirpized the error & over the
held-out data. The algorithm outputs the best classifier F' = argmins—o,... 1, &(F5)
(and its associated feature subset). Note that H is used for both choosing the best
F; among the ones derived from all possible subsets with s features and for selecting

Let £, (F;) be the best generalization error achievable by any classifier using exactly
s features. One can bound £, (F;) given estimates obtained with finite data &4 (F)

and, therefore, bound the generalization error £ (F) of the classifier obtained with
standard-wrap. Define

def svc 2(1 — ’)/)N )
c = In +1],
(1=-7)N ( svc

where syc is the VC dimension when using s features (see e.g. [Ng98, HTF01]
for definitions). We assume that there are enough training examples, such that
2(1 = 4)N > sy¢. Then, with probability at least 1 — 4, the generalization error

{m(ﬁ’standard) of the classifier obtained with standard-wrap is bounded by

) , 1 18
Eoo (FstandaTd) S Orgr}slélL {é.oo (Fs) + 4\/6 m In F}

+ 2%27% ((L+2)ln2+ln%>. (1)




24

T T
—— standard-wrap
ordered—fs

2.35F

)
w
T

N

N

o
T

N

-

a
T

Upper bound on generalization error §
N
[N
T

N
-
T

. . . . . . . .
0 5 10 15 20 25 30 35 40 45
Number S of relevant features

Figure 5: Comparison between standard-wrap and ordered-fs in terms of upper bound on
&oo (F) for different number S of relevant features.

The ordered-fs algorithm consists of a simple modification of standard-wrap. It
uses the held-out data H only for choosing S, but selects the classifiers F; as the
ones that minimize the error £7+(F};) over the training data 7'. With probability
at least 1 — ¢, the generalization error of the classifier obtained with ordered-wrap

A

Eoo (FordeTed) is bounded by

PR SR S S
foo( ordered) S Og}slgL Eoo( S)+ C+(1—’Y)Nn 5
1 4(L+1)
9,/ L A+ D) 2
R \/Mn : @)

The second term of Eq. (1) is O (,/WLN), while the ordered-fs reduces it to
0 (, / T_J\Lr) at the expense of increasing the first term. As mentioned in [Ng98], when

the number of relevant features is relatively large (say S = 0.5L), the standard-wrap
can do better than ordered-fs. This is illustrated in Fig. (5), which was obtained
by setting N = 630, v = 0.33, L = 45, § = 0.1 and £ (Fs) = 0.2. It was assumed
a linear SVM as classifier, such that sy¢c = S+ 1 (valid for any linear discriminant
function).

5 Experimental results

5.1 Results without feature selection

In [Zea99], the 637 images were divided into 3 subsets according to their score z:
low (z < —49), high (z > 45) and medium (otherwise) scenic beauty, each with 110,
104 and 423 examples, respectively. This split was based on the standard deviation
of z. Note that the most popular class corresponds to 66% of the data. When the



Table 2: Error rate (%) when using the 65 knowledge-based features [Zea99] and
K = 3 classes (our results are consistent with [Zea99]).

Classifier Train Test
Decision stump (attribute red-histogram, 4-th bin) 32.6 36.5
Naive Bayes 66.5 67.3
C4.5 decision tree 6.5 45.3
one-against-all SVM’s (C=1, linear, 194 support vectors) 32.6 36.5
one-against-all SVM’s (C=1, Gaussian (RBF) kernel, v = 1) 27.0 35.8
one-against-all SVM’s (C=1, Gaussian (RBF) kernel, v = 10) 0.2 35.8

test set obeys this proportion, it is trivial to achieve around 34% of error rate by
always choosing the most popular medium class.

The experiments in [Zea99] used 4-fold cross-validation. Typically, the first split
(fold) led to slightly worst performance, and we chose this set for testing the classi-
fiers in our experiments. This split corresponds to a training and testing sets with
478 and 159 instances, respectively. There are 29, 101 and 29 images of classes high,
medium and low beauty, respectively. Therefore, always choosing the medium class
leads to 36.5% of error rate.

With K = 3 classes, the best results (average over 4-fold cross-validation) in [Zea99)
were 33% and 33.4% of misclassification rate for SVM and independent component
analysis (ICA), respectively. PCA and decision trees achieved 36.6% and 43%,
respectively. Table 2 shows some results we obtained, which were consistent with
the one shown in [Zea99].

Table 2 shows that the algorithms tested here had performance similar or worse
than simply choosing the most popular class. Given the difficulty of this task, we
decided to label the dataset using only two classes. This was performed using the
median (equal to 1.07) of score z as a threshold. For testing, we use the same set
with 159 instances. Some results with K = 2 classes are shown in Table 3. We
did not use cross-validation to tune parameters, and we simply present results for
some configurations. Therefore, it is questionable to interpret the test error as an
indication of generalization capability.

Given the clear superiority of SVM over the other learning algorithms, we decided to
exclusively use SVM hereinafter. Using SVM as classifiers, Tables 4 and 5 show the
results obtained with raw pixels and data-driven features, respectively. As expected,
the pixels are outperformed by both the knowledge-based and data-driven features.
It can be seen that when using pixels and data-driven features, the SVM’s are badly
overfitting the training data.

5.2 Results with feature selection using filters methods

Here we evaluate three filter methods for feature selection: information-gain, boost-
ing and SVM. We used the data-driven features [TVO00] for the experiments.
We chose the following five values for the number S of features to be selected:
10, 65,102,102, 10%. Selecting 10% and 10* features with the boosting-based method
was not possible due to its high computational cost. For each of these five values,
all three filters methods were used to generate the training and test data for SVM
classifiers. Several configurations of SVM were tested: polynomial and Gaussian
kernels, various C, etc. For each S, we picked the best result on the test set to
obtain both Figs. 6 and 7. Figs. 6 shows that using the SVM-based filter to choose
102 features led to the best result: misclassification rate of 18.9%. This is the same
result obtained with knowledge-based features. It corresponds to a 2.5% absolute



Table 3: Error rate (%) when using the 65 knowledge-based features [Zea99] and
K =2 classes.

Classifier Train Test
Decision stump (attribute blue-histogram, 1-st bin) 33.3 34.0
Naive Bayes 34.5 37.1
C4.5 decision tree (default parameters, size of the tree = 75) 7.9 34.0
10 boosted (AdaBoostM1) stumps 23.0 28.3
50 boosted (AdaBoostM1) stumps 14.2 25.2
100 boosted (AdaBoostM1) stumps 13.0 25.8
200 boosted (AdaBoostM1) stumps 10.0 25.2
1000 boosted (AdaBoostM1) stumps 0.2 25.2
Boosted Naive Bayes (22 iterations of AdaBoostM1) 24.3 26.4
SVM (C=1, linear, 309 support vectors) 21.8 25.2
SVM (C=10, linear, 261 support vectors) 18.6 23.3
SVM (C=100, linear, 234 support vectors) 17.6 18.9
SVM (C=1000, linear, 222 support vectors) 18.0 22.0
SVM (C=1, 2-nd order homogeneous polynomial, 245 support vectors) 13.8 19.5
SVM (C=10, 2-nd order homogeneous polynomial, 222 support vectors) 6.7 18.9
SVM (C=100, 2-nd order homogeneous polynomial, 192 support vectors) 1.5 26.4
SVM (C=10, 2-nd order non-homogeneous polynomial, 217 support vectors) 6.7 18.9
SVM (C=0.1, Gaussian (RBF) kernel, v = 1, 419 support vectors) 31.4 28.9
SVM (C=1, Gaussian (RBF) kernel, v = 1, 362 support vectors) 13.4 20.1
SVM (C=10, Gaussian (RBF) kernel, v = 1, 302 support vectors) 2.3 23.3
SVM (C=1, Gaussian (RBF) kernel, v = 0.5, 340 support vectors) 16.9 20.7
SVM (C=1, Gaussian (RBF) kernel, v = 2, 393 support vectors) 7.7 20.1
SVM (C=1, Gaussian (RBF) kernel, v = 10, 475 support vectors) 0.0 23.0

Table 4: Error rate (%) when using raw pixels as features and K = 2 classes.

Classifier Train | Test
SVM (C=1, linear) 0 28.3
SVM (C=1, 4-th order homogeneous polynomial) 0 27.7
SVM (C=1, 5-th order homogeneous polynomial) 0 25.8

Table 5: Error rate (%) when using Tieu & Viola’s [TV00] data-driven features and
K =2 classes.

Classifier Train | Test
SVM (C=0.1, linear) 0 21.4
SVM (C=10, linear) 0 21.4
SVM (C=100, linear) 0 21.4
SVM (C=1, 2-nd order homogeneous polynomial) 0 24.5

decrease on error when compared to classification without feature selection. When
increasing the number of features to 10*, the SVM-based filter method combined
with the SVM classifier, overfitted the training data.

Now we inspect the features that were selected by the three methods. Table 5.2
shows the first 10 selected features. The information-gain method selects features
independently and they seem highly redundant. The method based on information-
gain always selected the filter number 11 in Fig. 4 for the first filtering stage and
the green color channel. This makes sense given that filter 11 should respond well
to trees and the amount of green is correlated with the beauty score as indicated
in Fig. 3. The SVM-based method is the only one that includes all three color
channels among its top-10 features. As boosting performs a greedy search, it may
be the case that 10 rounds were not enough to detect the eventual discrimination
capability of the red color channel.
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Figure 6: Error on test set for different feature selection filter methods with the data-
driven features [TV00]. This is the result obtained by the best SVM configuration on the
test set. Selecting 10% and 10* features with the boosting-based method was not possible
due to its high computational cost.
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Table 6: First 10 features selected by the filter methods, where (x,y,z,c) indicates
the three filters numbered according to Fig. 4 and c is the RGB color channel (e.g.
2 corresponds to green).

“Relevance” | Information-gain SVM Boosting
1 (11,16,4,2) (4,2,11,3) (11,11,24,2)
2 (1176a13’2) (1a9a7a1) (1a17212)
3 (11,9,12,2) (18,4,17,3) (4,8,18,3)
1 (11,6,14,2) (16,4,25,3) (15,1,13,2)
5 (11,11,14,2) (16,4,21,3) (22,10,2,3)
6 (11,6,4,2) (18,21,25,3) (8,7,16,2)
7 (11,16,23,2) (18,21,21,3) (15,6,3,2)
8 (11,21,2,2) (18,6,6,1) (1,16,1,3)
9 (11,16,18,2) (3,19,5,1) (11,17,5,2)
10 (11,21,24,2) (11,8,17,2) (7,17,13,2)

Table 7: Results with wrapper methods. Each column represents an initial number
So of features selected by the boosting-based filter method, and each entry a/b/c
corresponds to error (%) on training data, error (%) on test data and number S of
features selected by the wrapper, respectively.

Wrapper 10 65 100

standard-wrap 25.9 /20.1 /4 25.3/30.8/5 23.4/302/5
Ng’s ordered-fs 20.7 /21.4 /38 16.7 /245 /55 | 15,7 /21.4 ]/ 76
cross-validation wrapper | 20.7 /22.6 / 6 20.1 /22.6 /11 | 15.7 / 23.9 / 13

5.3 Results with feature selection using wrapper methods

We used the data-driven features for the experiments with wrappers and the clas-
sifier was a linear SVM with C' = 1. Due to a high computational cost, we did
not consider all 46,875 features, but as in [XJKO01], we used the best Sy features
selected by the boosting-based filter method, with Sy = 10,65,100. The obtained
results are shown in Table 5.3. It can be seen that standard-wrap selects a smaller
number of features (4 or 5) than ordered-fs in this problem. While standard-wrap
achieves the best result, it overfits the held-out data when Sy is 65 and 100. A
more popular alternative than using held-out data for wrappers design is to use
cross-validation [Hal99]. Results using wrapper based on 10-fold cross-validation
are also shown in Table 5.3.

6 Conclusions

We presented an experimental investigation about feature extraction and selection
for automatically classifying forestry images according to their “beauty”. This is a
challenging problem, given that the concept of beauty is not well-defined. We veri-
fied that a data-driven approach was able to identify relevant features and perform
as well as a knowledge-based one.

The SVM-based filter method allowed to achieve 18.9% of misclassification rate
using 103 features, which is also the best result obtained with the 65 knowledge-
based features. The wrapper method led to 21.4% of error using only 4 data-driven
features.

The main problem of using wrapper methods is their computational cost. Because
of that, several interesting simulations were avoided. For example, the wrapper
methods should be allowed to explore all features, instead of using a subset chosen
by filter methods.



The ordered-fs algorithm has a better asymptotic behavior than standard-wrap
when the number of irrelevant features is large. However, due to the cost of run-
ning wrappers, if there are many irrelevant features it seems more convenient to
use a filter method to pre-select some of them, as done here and in [XJKO01]. In
such scenarios, it is not clear whether or not the asymptotically better behavior of
ordered-fs can be identified in practice.

Unfortunately, this domain did not allow to properly compare the filter methods.
It would be interesting to evaluate the SVM-based and the boosting-based methods
on other datasets. This is subject for a future work.
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