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Abstract
The generalization of linear classifiers is considered for training sample sizes
smaller than the feature size. It is shown that there exists a good linear classifier,
that is better than the Nearest Mean classifier for sample sizes for which Fisher’s
linear discriminant cannot be used. The use and performance of this small sam-
ple size classifier is illustrated by some examples.
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1. Introduction

It is a common tradition in pattern recognition that the direct computation of discriminant
functions or classifiers is avoided for training sets that are not sufficiently large compared
with the number of features. Generally one tries to reduce the number of features k such that
the size of the training set n is a multiple of k: n = α k. Typical values for α are 2, 5 or 10.

In this paper it is first shortly recapitulated why such large sample sizes are needed for most
families of classifiers. Following it is argued that there is a need for classifiers operating in
the range below α = 1. In section 2 a linear classifier for this range is proposed. Its properties
are illustrated by some examples in section 3, concluded with a discussion in section 4.

For a general discussion on the small sample size problem we refer to Jain and Chandraseka-
ran [1] and to Raudys and Jain [2]. Here it will be shortly discussed why the classic families
of classifiers need sufficiently large training sets. See also Fukunaga [4].

Parametric classifiers based on the Bayes rule. Here one tries to estimate from the training
set the class probability density functions assuming a parameterized model. The training set
is used for estimating the parameters. For one of the most simple classifiers in this family,
the Fisher Linear Discriminant, it is still necessary to estimate and invert the average class
covariance matrix. This is only possible for n > k. In order to avoid numerical problems re-
lated to the matrix inversion, the sample size should be largely above this bound. For an ac-
curate solution close to the Bayes error, which is not the topic of this paper, even much larger
sample sizes are needed.
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Nonparametric classifiers based on the Bayes rule. Now the class density functions are es-
timated in a nonparametric way, e.g. the K-Nearest Neighbor Rule or the Parzen Window
Classifier. These methods generally need larger training sets than the parametric ones as the
knowledge on the density model lacks. One can also understand from a geometrical inter-
pretation that class sample size smaller than the dimensionality (the feature size) are insuf-
ficient. In these cases the set of samples of a single class are situated in a linear subspace of
the feature space. One cannot expect to get any sensible density estimation from that. On the
other side however, from a computational point it is possible to use these methods for any
sample size. Therefore, we will use in our examples the 1-Nearest Neighbor rule as a refer-
ence.

Empirical error minimizing classifiers. This family is not based on the estimation of class
density functions and the Bayes rule. Here directly a parameterized discriminant function is
optimized by minimizing the empirical error on the training set. Perceptrons and multilayer
perceptrons belong to this family, but also feed-forward neural networks using the MSE as
an error measure instead of the frequency of misclassifications. A first analysis of the gen-
eralization possibilities for this family can be found by Cover [5], who showed that for n <=
k + 1 always a zero error linear classifier can be found and that for a randomly labeled train-
ing set with n <= 2k in at least 50% of the cases a zero error linear classifier exists. For this
reason a linear classifier with n <= 2k is said to have no generalization capacity. By the more
general framework of Vapnik [7] an error bound can be given expressed in the classifier ca-
pacity and the training sample size. Here too, it has to be concluded that for n <= k no gen-
eralization is possible.

Mean distance maximizing classifiers. According to this principle classifiers are found by
optimizing their parameters such that the mean (squared) distance of the training samples is
maximized. Distances to objects on the wrong side of the classifier have a negative sign.
Sometimes distances are weighed by an arc tangent or sigmoid function in order to diminish
the influence of remote objects. The principle of distance maximization has no direct con-
nection with the classification error. However, relations with the Parzen window classifier
and the aposteriori error probability can be formulated for some cases. Training rules for
perceptrons and neural network classifiers belong to this family, see Pao [8]. The principle
of distance maximization does not yield a lower bound on the number of training samples.

In many pattern recognition problems objects are initially given by images, time signals or
spectra. The number of measurements representing a single objects can thereby easily be as
large as 100 or even much more. Traditionally this amount should be condensed to a small
number by a good definition of the features. If the knowledge to do this fails automatic fea-
ture extraction methods may be used. The neural network literature suggests that feature ex-
traction and classification might be combined into a single approach. However, in that case
it should be possible to train high dimensional classifiers with a relative small number of
samples. It is the purpose of this paper to investigate some possibilities. See also a previous
discussion [9].

That there should be something possible at very low sample sizes can be understood from
the following example. Suppose we have for each of two classes 10 samples given in a 100
dimensional features space. According to the problem of density estimation and also accord-



3

ing to the principles formulated by Cover and Vapnik as discussed above, this is a case for
which no generalization can be expected. However, suppose the class variances are small
compared to the differences in class means. Now the Nearest Mean Classifier, generating the
perpendicular bisector between the class means yields a perfect linear classifier. Even its
generalization capacity can be checked by estimating the classification error using the leave-
one-out estimator. So it is possible to find a good classifier and to know that it is good even
if n < k. However, the Nearest Mean Classifier does not take into account differences in vari-
ances and covariances. That is done by then the Fisher’s linear discriminant that needs sam-
ple sizes n > k. In the next section a linear classifier is discussed that can be used in between.

2. The small sample size classification problem

The Fisher Linear Discriminant is often defined as the optimal classifier for two Gaussian
distributions with means µA and µB and with equal covariance matrix Χ:

(1)
It is assumed that the classes have equal apriori probabilities and that the origin is shifted
such that Ex = 0 or µA = -µB. Equation (1) is also the solution of

(2)
which minimizes the expected difference between the discriminant function values and the
target outcomes +1 for class A and -1 for class B. The use of equation (1) gives problems
for small sample sizes, due to the fact that the use of the scatter for estimating the covariance
matrix yields for n < k a singular matrix that cannot be inverted. Equation (2) yields a direct,
unique solution if we demand simultaneously that the distances of the given sample points
xi (i=1,n) have a maximum distance to the discriminant function. This is equivalent to stat-
ing that we want that solution w with has a minimum norm ||w||. This solution can be written
in terms of the pseudo inverse:

(3)
in which we now for C substitute  For values of n > k this equation is identical to
Fisher’s linear discriminant (1). We will therefore call it the Pseudo Fisher discriminant.

Why should the linear discriminant that maximizes the distances to all given samples be a
good discriminant? Why should it be any better than all other linear discriminants that give
an exact solution for (2)? We will illustrate by some simulations that this is indeed question-
able. However, there is one good argument: If n < k, all the given data samples are in a linear
subspace. As (3) maximizes the distances between these samples and the discriminant
plane, w should be in the same subspace as the data and the discriminant is perpendicular to
that subspace. This makes sense as it corresponds with an indifference to directions for
which no samples are given.

In the next section the behavior of the pseudo Fisher discriminant as a function of the sample
size is illustrated by an artificial example (see Fig. 2.). For one sample per class this method
is equivalent with the Nearest Mean and with the Nearest Neighbor method. If the total sam-
ple size is equal to or larger than the dimensionality (n >= k), the method is equal to Fisher’s
linear discriminant. For n = k, where Fisher’s discriminant starts, the error shows a maxi-
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mum. Surprisingly the error has a local minimum somewhere below n = k. This can be un-
derstood from the observation that the pseudo Fisher discriminant succeeds in finding
hyperplanes with equal distances to all training samples until n = k. There is, however, no
need to do that for samples that are already classified correctly. Therefore we modified this
method to the following procedure in which we iteratively add misclassified objects until all
objects in the training set are correctly classified:
1. Put all objects of the training set in set U. Create an empty set L.
2. Find in U those two objects, one from each class, that are most closest. Move them from

U to L.
3. Compute de Pseudo Fisher discriminant D for L.
4. Compute the distance of all objects in U to D.
5. If all objects are correctly classified, stop.
6. Move of the objects in U that are misclassified the one at the largest distance to D (the

“worst” classified object) from U to L.
7. If the number of objects in L is smaller than k (the dimensionality) go to 3.
8. Compute Fisher’s linear discriminant for the entire set of objects, L ∪ U.

This procedure, which we call the Small Sample Size Classifier (SSSC) uses only those ob-
jects for the Pseudo Fisher discriminant that are in the area between the classes and that are
absolutely needed for constructing a linear discriminant that classifies all objects correctly.
If this appears to be impossible, due to a too large training set relative to the class overlap,
Fisher’s discriminant is used.

The result of the SSSC for our example is shown in Fig. 2.It doesn’t show any peaking, but
it can still be improved, however. We noticed that from roughly n = k/2 to n = 2k, the SSSC
showed just a minor improvement. We therefore decided to use subsets from the training set
of the ‘optimal’ size, i.e. n = k/2: From each class at random k/4 objects were selected and
were fed into the SSSC. This was repeated for a large number of randomly selected subsets.
All resulting discriminant vectors were averaged. The SSSC-8 result in Fig. 2. is obtained
by using subsets of 8 objects per class (n = 16).

3. Examples

In order to illustrate the possibilities of the two classifiers discussed in the previous section
an artificial example has been constructed in which the covariance structure is such that the
Nearest Mean classifier gives a bad result and the low sample size properties of the Nearest
Neighbor rule are also bad. It is a two class Gaussian problem with equal covariance matri-
ces in a 30 dimensional feature space. The first class has a zero mean in all directions. The
mean of the second class is (3,3) for the first two features and 0 for all other features. The
covariance matrix is a diagonal matrix with a variance of 40 for the second features and a
unit variance for all other features. We studied this example in a rotated version in order to
spread the separability over all features. A 2-dimensional projection is shown in Fig. 5. The
intrinsic class overlap is 0.064 (Bayes error). Training sets with 1 to 200 samples per class
were generated. The errors for the estimated Nearest Mean discriminants, and the Pseudo
Fisher discriminants are computed analytically. The error for the 1-Nearest Neighbor rule is
estimated by a test set. Experiments were repeated 50 times. The average results are present-
ed in Fig. 2., showing the effects discussed above.
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The results for the Small Sample Size Classifier are presented in Fig. 3. This shows that this
classifier can avoid the deterioration around n = k as discussed above. It is noteworthy that
it improves Fisher’s discriminant up to n = 10k in this example. That the SSSC is not a global
improvement is shown by the results of a similar example in Fig. 4. Here the variances of
the features 2 - 9 of the previous example set to 40, keeping all other variances at 1. Again
the result was rotated in the 30-dimensional feature space.

Finally an example with real data is investigated. We used the sonar data set as originally
published by Gorman [10]. The way we have adapted this data set is described in [11]. In
total there are 208 objects in two classes, 111 from reflections of a metal cylinder, 97 from
rock. Each object is 60 dimensional vector, representing the energy in 60 wave bands. In the
present experiment training sets of 1 up to 80 objects per class are drawn randomly. The re-
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Fig. 1. Scatter plot of a 2-dimensional projection of the 30-dimensional example used
for the experiments.

Fig. 2. True classification results for some classifiers as a function of the number of
samples per class in an artificial 30-dimensional example. Results are averaged over
50 experiments.
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maining objects are used for testing. This is repeated 50 times. The averaged results are pre-
sented in Fig. 5.The same effects as in the artificial example are found: Pseudo Fisher has a
maximum for 30 samples per class (n = 60) at the point where starts to become equivalent
to the Fisher Discriminant. The Small Sample Size Classifier with 8 objects per subset has
around this point a much better performance and is the best linear classifier for the investi-
gated domain. The result of the Nearest Neighbor classifier shows that the optimal classifier
is probably nonlinear.

4. Discussion

The Pseudo Fisher linear discriminant presented in this paper can be used for all sample size.
It has for very low sample sizes already a reasonable performance. The deterioration of the

Fig. 3. True classification results of the Small Sample Size Classifier compared with the
Pseudo Fisher method for the same artificial 30-dimensional example. Results are av-
eraged over 50 experiments.

Fig. 4. True classification results of the Small Sample Size Classifier compared with the
Pseudo Fisher method for the same artificial 30-dimensional example. Results are av-
eraged over 50 experiments.
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performance for samples sizes between half and three time the feature size can be overcome
by the newly introduced Small Sample Size Classifier. Using averages over subsets better
results can be obtained than Fisher’s discriminant up to sample sizes of n = 10k. for some
problems.

Let us reconsider why it is possible to find reasonably well performing linear discriminants
for small sample sizes. First, density estimates are not necessary for constructing classifiers.
In fact they offer a full description of the data and for classification purposes we are only
interested in a generalizable separation. So density estimates are an overkill. Something
might be gained by taking a less demanding approach.

On the other side, the arguments based on the work by Cover [5] and Vapnik [7] for the ne-
cessity of sample sizes larger than the dimensionality are entirely focussed on possible di-
chotomies of the data set neglecting any possible generalization based on some data
structure. This approach treats the data as a structureless set of random points. Something
might be gained by introducing some realistic types of structure.

In real applications there are at least two types of structure visible in almost any high dimen-
sional data set:
1. Classes have different means and the means represent a significant mass of the class den-

sities.
2. Classes are not just clouds of points with about the same variance in all directions, but

have directions with low variance and directions with high variance. Sometimes these
differences are that large that the data can be described as being structured in subspaces.
This implies that the problem has an intrinsic dimensionality lower than the feature size.

Because of the first type of structure the Nearest Mean Classifier shows some generalization.
Because of the second type of structure the Small Sample Size Classifier (SSSC) as de-
scribed in this paper works. In a previous paper it has been suggested that in many real ap-
plications with large feature sets the intrinsic dimensionality of the data is much smaller than

Fig. 5.  Estimated true classification results for some classifiers as a function of the
number of training samples per class for a real sonar data set with 60 features. Re-
sults are averaged over 50 experiments.
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the feature size [9]. This might be one of the reasons that neural nets can be used as classi-
fiers for these problems. The SSSC might help to understand why. See also a useful discus-
sion by Raudys [3].

Due to the relation between the SSSC and subspaces, it is also related to other classifiers
based on subspaces, e.g. the ones discussed by Oja [6]. An important difference is that Oja
uses the subspaces as class descriptions, yielding quadratic classifiers, while in this paper
the subspaces are used as data descriptions in which a linear classifier is found. However,
the mathematical descriptions are close. As far as the author is aware of, the small sample
size properties are not reported earlier.
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