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Abstract. The paper considers the problem of increasing the generalization ability of classification systems by creating an ensemble of classifiers
based on the CNN architecture. Different structures of the ensemble will be considered and compared. Deep learning fulfills an important role in
the developed system. The numerical descriptors created in the last locally connected convolution layer of CNN flattened to the form of a vector,
are subjected to a few different selection mechanisms. Each of them chooses the independent set of features, selected according to the applied
assessment techniques. Their results are combined with three classifiers: softmax, support vector machine, and random forest of the decision
tree. All of them do simultaneously the same classification task. Their results are integrated into the final verdict of the ensemble. Different forms
of arrangement of the ensemble are considered and tested on the recognition of facial images. Two different databases are used in experiments.
One was composed of 68 classes of greyscale images and the second of 276 classes of color images. The results of experiments have shown high
improvement of class recognition resulting from the application of the properly designed ensemble.
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1. INTRODUCTION
The generalization of artificial intelligence systems represents
the ability to adapt to the new, previously unseen testing data
that come from the same distribution as learning data. The
knowledge acquired in the learning process is automatically
transferred to the new situation. The previous experience, which
is similar in one or more ways to the new one is applied to de-
velop decisions regarding the tested data samples. The learning
process of the intelligent system (neural network or other in-
telligent solutions) is aimed at understanding the mechanism,
based on which the learning data have been created [1–4].

In the typical situation, the network may not be sufficiently
complex to learn this mechanism properly, or the population
of learning data is too scarce and does not present sufficiently
well the modelled process. This problem is especially difficult
in deep learning structures, like convolutional neural networks,
which contain millions of adapted parameters. According to
Vapnik theory [4], the generalization ability strongly depends
on the relation between the size of learning data and the com-
plexity of network architecture. The higher this ratio, the better
the expected generalization ability.

Many different techniques have been developed to improve
the generalization. One of them is based on expanding the
size of a training dataset by augmentation of data, like flips,
translations, rotations, scaling, cropping, adding the noise, non-
negative matrix factorization, creating synthetic images using
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self-similarity, application of GAN technique or variational au-
toencoder, etc. [3, 5]. However, in deep structures, where the
number of parameters is counted in millions such a technique
is of limited efficiency.

Another way to increase the generalization is the regulariza-
tion of the architecture, achieved by such techniques, as modi-
fying the structure by cutting some weight connections, weight
decay, dropout, batch learning normalization, etc. [2].

An important method for increasing generalization capabil-
ity is arranging many parallel solutions integrated into the en-
semble [6, 7]. Different, independent team members, who look
at the modelled process from a different point of view, form
a so-called expert system, which makes it possible to generate
a more precise decision for the data samples not taking part in
the learning process.

However, to create a well-working ensemble we should pro-
vide the independence of its members [6, 7]. To achieve this
goal different techniques are applied, such as random choice
of learning data used in training of members of an ensemble,
application of mini batches created randomly in the adaptation
process of parameters, diversification of dropout ratio of learn-
ing data, differentiation of the type of units forming the ensem-
ble, etc.

In this paper, we will analyse different strategies for form-
ing an ensemble. The proposed ensemble is created based on
many runs of the convolutional neural networks (CNN) [8, 9].
Among many existing deep neural networks, like Resnet, In-
ception, EfficientNet, etc., we have chosen Alexnet as the basic
CNN architecture, since its application in this task was very
efficient (relatively better accuracy and very efficient Matlab
implementation). In our solution, we applied transfer learning
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based on the ALEXNET architecture of CNN [10]. The full set
of numerical descriptors of the size 4096 is taken from the fc6
layer of the network. These descriptors are subjected to selec-
tion for creating the diagnostic features. Five different selec-
tion methods: stepwise fit, nearest neighbour analysis, relief,
Chi2 test, and minimum redundancy and maximum relevance
methods [11-13] are applied. Since each method uses a differ-
ent selection mechanism, the selected features form different
sets. Each set represents the input signals to the classifier.

Two, carefully selected classical classifiers have been applied
in forming the ensemble. One is the support vector machine
(SVM) [14] and the second is the random forest of decision
trees (RF) [15]. Both have the reputation of the best classical
solution in a classification task. Associating them with 5 selec-
tion procedures allows the creation of 8 classifying members
of the ensemble. Additionally, the softmax classifier built into
ALEXNET [10, 16] is the next potential member of an ensem-
ble. It is supplied by the randomly selected activation signals
from fc7 layer according to the assumed value of the dropout
ratio. In this way, in each run of image processing, the ensemble
may be formed of up to 9 members. Moreover, the classification
task may be repeated many times generating the results, which
are integrated into the final verdict of an ensemble. Integrating
them by majority voting into one final verdict of the whole en-
semble can potentially increase the accuracy of the system.

Different arrangements of classification units have been cre-
ated and tested. One is the composition of only one type of clas-
sifier (softmax, SVM, or RF), each combined with the specific
set of diagnostic features. The second represents the combina-
tion of many types of classifiers in the ensemble. The results of
these combinations will be compared, and the best choice used
in the final experiments.

The numerical simulations will be performed on the task of
automatic recognition of facial images using Matlab [16]. Auto-
mated facial recognition plays nowadays a very important role
in many branches of our everyday life (biometric authentication
of the person as a part of the inspection program that compares
a face to their photo stored on the passport, identification of the
identity of wanted individuals, etc.).

Face recognition is the topic that received the most attention
from the research community. The studies proposed building ef-
ficient classification models concentrating on a different aspect
of data processing, such as data augmentation, loss function de-
sign, or model design to combat adversarial attacks [17].

Many different solutions to the problem have been proposed
in the past. In general, traditional methods attempted to rec-
ognize human faces by one- or two-layer representations, such
as filtering responses, histogram of the feature codes, or dis-
tribution of the locally based descriptors [18]. The important
approach used the linear principal component analysis (PCA)
or linear discriminant analysis (LDA) and their different mod-
ifications (so-called Eigenface method) applied either directly
or indirectly in the definition of diagnostic features, which are
used as input signals to the classifiers [19, 20]. Good results of
recognition have been obtained at the application of neural type
classifiers (multilayer perceptron, support vector machine, etc.)
or a random forest of decision trees [20].

Nowadays the best results of image recognition are obtained
using deep learning (autoencoder, convolutional neural net-
works, etc.) [21]. Convolutional neural networks use a cas-
cade of multiple layers of processing units for feature extraction
and transformation. Different levels of abstraction, representing
multiple views on the image are learned in this way. The in-
ternally developed numerical descriptors of the image are well
correlated with the recognized classes, and thanks to this great
improvement of the class recognition accuracy are possible.

The most important advantage of the deep approach is a com-
bination of two basic steps (generation of numerical descriptors
and final classification) in one common architecture. Thanks to
this the process is very simplified since the most important and
difficult stages of image processing are done automatically by
the system.

The efficiency of the proposed solution is studied by recog-
nizing facial images representing different people (treated as
classes). Two databases are used for the numerical experiments.
The first one consists of 68 classes of images represented in
greyscale, and the second one consists of 276 classes of colour
images [22]. The results are presented when applying each clas-
sifier, including the average of their actions, and when inte-
grating their results into a differently organized ensemble. The
experiments have confirmed a very high improvement in class
recognition resulting from the application of many classifiers
integrated into the ensemble.

2. ARCHITECTURE OF CLASSIFICATION SYSTEM
The proposed solution is based on the application of CNN
as a workhorse. The set of locally connected convolutional
layers generates the numerical descriptors of the input im-
age. These numerical descriptors, subjected to various pre-
processing methods, form the diagnostic features for the classi-
fication units that constitute the ensemble.

2.1. convolution neural network
The convolutional neural network used in the system is built
based on ALEXNET architecture [10, 16] presented below

1 ’data’ Image Input 227x227x3 images with ’zerocenter’ normalization
2 ’conv1’ Convolution 96 11x11x3 convolutions with stride [4 4] and padding [0 0]
3 ’relu1’ ReLU
4 ’norm1’ Cross Channel Normalization with 5 channels per element
5 ’pool1’ Max Pooling 3×3 max pooling with stride [2 2] and padding [0 0]
6 ’conv2’ Convolution 256 5×5×48 convolutions with stride [1 1] and padding [2 2]
7 ’relu2’ ReLU
8 ’norm2’ Cross Channel Normalization with 5 channels per element
9 ’pool2’ Max Pooling 3×3 max pooling with stride [2 2] and padding [0 0]
10 ’conv3’ Convolution 384 3×3×256 convolutions with stride [1 1] and padding [1 1]
11 ’relu3’ ReLU
12 ’conv4’ Convolution 384 3×3×192 convolutions with stride [1 1] and padding [1 1]
13 ’relu4’ ReLU
14 ’conv5’ Convolution 256 3×3×192 convolutions with stride [1 1] and padding [1 1]
15 ’relu5’ ReLU
16 ’pool5’ Max Pooling 3×3 max pooling with stride [2 2] and padding [0 0]
17 ’fc6’ Fully Connected 4096 signals (numerical descriptors)
18 ’relu6’ ReLU
19 ’drop6’ Dropout 50% dropout
20 ’fc7’ Fully Connected K neurons % K set individually by the user
21 ’relu7’ ReLU
22 ’drop7’ Dropout 50% dropout
23 ’fc8’ Fully Connected M neurons
24 ’prob’ Softmax
25 ’output’ Classification results of M classes
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It contains five locally connected convolution layers and
three fully connected layers. In the standard application of
CNN, the images of the last locally connected layer are flat-
tened to the vector form and represent 4096 numerical descrip-
tors used as the input signals to the softmax classifier. It is com-
posed of K hidden neurons of rectified linear unit (ReLU) ac-
tivation and an output layer of M neurons representing the rec-
ognized classes. In our solution, this network will represent one
member of the ensemble.

2.2. Other potential classifiers in ensemble
The other members of the ensemble will be created based on
two different classification units: the support vector machine
of Gaussian kernel and random forest of decision trees. Both
classifiers will be supplied by the specially selected numerical
descriptors formed from signals of the fc6 layer of the CNN.

The support vector machine [4,14] is regarded as the most ef-
ficient classical classifier. It is a supervised classification model
strictly associated with a very special learning algorithm de-
veloped by V. Vapnik. The learning procedure constructs a hy-
perplane in a high-dimensional space providing a good separa-
tion between classes of data, characterized by the largest dis-
tance between the nearest training data of the classes (so-called
margin of separation). Nonlinear mapping of the set of original
vectors x into the hyperplane using a kernel function K(x, xi)
allows much better discrimination between the data of two op-
posite classes that are not convex in the original space.

Thanks to this the SVM classifiers perform very well (good
generalization ability) in difficult high-dimensional classifica-
tion problems at a relatively small population of learning data.
The SVM of the Gaussian kernel was used in our solution. The
regularization constant C and Gaussian kernel width have been
adjusted in an introductory stage by repeating the learning ex-
periments for the set of their predefined values and choosing the
best one based on the validation data set.

The Breiman random forest [15] represents a special ensem-
ble of decision trees, that operates by constructing many deci-
sion trees at training time and outputting the class pointed by
their majority. The very good generalization ability of the clas-
sifier is obtained by applying randomness in selecting the learn-
ing data, as well as using the limited set of randomly selected
features chosen in each node of the tree.

3. FEATURE SELECTION PROCEDURES
Feature selection methods play an important role in the pre-
sented solution. They work with the set of 4096 numerical
descriptors generated in the fc6 layer of the CNN. The cru-
cial point in this phase is to provide the independent opera-
tion of the selection technique. This is achieved here by select-
ing methods that rely on different data validation mechanisms.
There are many selection methods based on different princi-
ples, like statistical hypotheses, correlation principle, minimum
redundance-maximum relevance, the distance of neighbouring
samples, genetic algorithms, decision trees, etc. As a result of
their application different sets of chosen descriptors can be se-
lected. Our preliminary experiments have shown, that increas-
ing their number beyond some limit does not sufficiently in-
crease the efficiency of the system, however, results in slower

operation. Based on this observation we have limited their num-
ber to five, carefully selected methods. The following methods
have been used: stepwise fit, the nearest neighbour analysis,
the relief test, the Chi2 test, and the minimum redundancy-
maximum relevance criteria [11–13, 23].

Stepwise fit (SWF) selection [16] is based on adding and re-
moving variables from the set of features. The continuous pro-
cess of adding or removing variables to the selected set of fea-
tures is controlled by checking if some variables from the set
can be deleted without significantly increasing the error of clas-
sification. The selection procedure terminates when the actual
quality measure of the classification results is maximized, or
when the available improvement from step to step falls below
some critical value.

The nearest neighbour analysis (NCA) is a special method of
selection [13] based on the application of the K nearest neigh-
bours (KNN) classifier. In the process of selecting the winners,
the distances between input vectors xi and x j are subjected to
scaling and in the case of N-dimensional feature vectors this
distance is defined in the form

D(xi, x j) =
N

∑
l=1

w2
l

∣∣xil − x jl
∣∣ . (1)

The parameter wl , which is assigned to the l-th feature, is sub-
ject to adjustment in the learning procedure. The rank of the
variable in the set depends on this value.

The relieff (Relf) is another method of selection used in our
solution [12]. In this method, each data instance represented by
the actual feature vector x looks for the closest instances from
each class in the database. The “nearHit” represents the closest
same-class and the “nearMiss” – the closest different class. The
i-th component of the vector x is associated with the weight wi,
subject to adaptation [24].

wi := wi − (wi −nearHiti)
2 +(wi −nearMissi)

2 . (2)

The weight wi decreases if it differs from that near feature
of the same class more than nearby instances of the other class
and increases in the reverse case. After n iterations, each weight
is normalized and represents the relevance vector. The selected
set is composed of features of values greater than the assumed
threshold.

In the minimum redundancy and maximum relevance
(MRMR) selection method [23], we look for the minimum
set of features which are highly “correlated” with class and at
the same time the least “correlated” within themselves. In this
method the “correlation” is replaced by the statistical depen-
dency between variables and the mutual information is used to
quantify this dependency. In this sense, the MRMR tends to
maximize the dependency between the joint distribution of the
selected features and the classification variable.

The last method of selection will apply the chi2 test [16]. It
is used to test the independence of two events. Chi2 test mea-
sures how expected count E and observed count O of two vari-
ables (here feature and target class) deviate from each other. If
the observed count of the feature is independent of the target
(class) the score of chi2 is close to the expected count and the
chi2 value is very small. So, a high chi2 value indicates that the
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hypothesis of independence is incorrect (the feature is strictly
correlated with the class). In other words, the higher the chi2
value the class is more dependent on the feature, and it can be
selected for the model.

As it is seen the applied selection methods have relied on
different principles and hence their results are expected to be
highly independent.

3.1. Ensemble of classifiers
Ensemble of classifiers is composed of a set of classification
units, whose individual predictions are combined in some way
to classify the new examples. Different fusing methods are ap-
plied in practice: majority voting, dynamic voting, Bayes rule,
Kulback-Leibler principle, etc. Their complexity differs a lot,
however, the fusion results are still comparable. Therefore, we
have decided to apply the least complicated majority voting,
which is most often exploited in the classification tasks.

The base classifiers differ in the algorithm used, hyperparam-
eters, representation or the training set, etc. To provide proper
operation of ensemble its members should be of comparable
accuracy and act independently. The independent operation of
classifiers forming the ensemble may be provided in many
ways:
• The most typical is to apply different mechanisms of de-

ciding on a classification. It is achieved by applying dif-
ferent types of classification principles, for example, neural
network, support vector machine, Bayes classifier, softmax,
decision tree, etc.

• Also important is the application of different sets of diag-
nostic features selected from the set of all available numeri-
cal descriptors defined in the analysed process. This can be
achieved by applying various selection procedures, which
rely their operation upon different principles.

• Good results of independence are achieved also by differing
the contents of the learning samples used in teaching the
classification members of the ensemble. Usually, it is done
by selecting randomly the learning smaller subsets from the
whole available data set. This method is widely explored in
a random forest of decision trees.

• The common practice is also the application of different hy-
perparameter choices in the applied classifiers. This may re-
fer to a different number of hidden layers and the number
of units in each layer of the multilayer classifiers or a varied
dropout ratio in the case of the softmax classifier.

In our solution, we will apply and investigate all these mecha-
nisms and compare the results of their application. The mem-
bers of the ensemble will be selected from three classifier
types: SVM, RF, and softmax. Moreover, we will investigate
the effect of reducing the number of selected numerical de-
scriptors. These descriptors are generated in the fc6 layer of
CNN and then are subjected to selection by applying various
selection mechanisms. Five selection procedures presented in
the previous section (Stepwise fit, NCA, relieff, MRMR, and
chi2) act on 4096 numerical descriptors taken from fc6 of the
ALEXNET. Thanks to different mechanisms of selection, dif-
ferent sets of features are generated. Combining their results
with two classifiers results in 8 different potential members of
the classification system. The system may be supplemented by
the softmax classifier built directly into the ALEXNET [10,16].
In this way, the complete ensemble system will contain a maxi-
mum of 9 members. Different arrangements of these classifiers
are tried and their efficiency in class recognition will be com-
pared.

Figure 1 presents the general structure of the proposed en-
semble classification system. It is the maximum possible archi-
tecture tried in the experiments. By omitting some units, we can

Fig. 1. CNN-based ensemble structure used in experiments. The pre-trained ALEXNET delivers the set of 4096 numerical descriptors of the data.
They are subject to 5 selection procedures delivering a much smaller number of descriptors as the diagnostic features. These features represent
the input signals to SVM and RF. The 11th classifier is built directly in the CNN structure and used the softmax method in classification. The

ensemble structures can be formed by applying only some selected classifiers and omitting the others
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investigate different arrangements of them and compare their
efficiency in class recognition. All investigated architectures are
run many times, delivering the results for fusion in developing
the final verdict of class membership of the testing samples.

The condition of independent operation of ensemble mem-
bers presented in Fig. 1 is achieved in various ways.
• The classifiers are trained based on the numerical descrip-

tors taken from the fc6 layer of ALEXNET. Application of
different selection procedures (5 of them are used in exper-
iments) results in different reduced sets of diagnostic fea-
tures. They form highly independent sets of input attributes
applied to the classifiers.

• In the case of the softmax classifier, the structure of a fully
connected network was varying, by applying a different
number of hidden neurons in the fc7 layer (the population
of neurons was changing from 700 to 900). Additionally,
a different dropout ratio, changing from 0.3 to 0.6 was ap-
plied.

• Three different types of classifiers have been used: the soft-
max, SVM of Gaussian kernel, and random forest com-
posed of a varied number of decision trees in each case.

• The learning stages of classifiers were performed using dif-
ferent, randomly selected sets of learning and validation im-
ages, keeping the testing data the same in all runs. The re-
sults of each run are combined in the ensemble results.

Since all systems have applied randomness in all phases of
their learning operation (random choice of learning and vali-
dation data, random initialization of internal parameters, ran-
domness included in some selection procedures, it was possible
to increase the ensemble population by repeating the learning
and testing processes few times, keeping the same set of testing
data in each run. In this way, the integration of testing results
was done on all results of individual runs of the classification
systems.

4. DATABASES USED IN EXPERIMENTS
The developed classification system was tested using two differ-
ent databases. The first database contained the faces of 68 per-
sons [20,24], which are treated as 68 classes subject to recogni-
tion. Each class was composed of 20 photographs of the same
person made in very different poses at varying lighting condi-
tions. The size of the original images in all cases was the same
and equal 100×100.

Figure 2 presents some chosen set of original images tak-
ing part in experiments. The same persons are photographed in
different poses and at varying illumination. Some images show
the face with glasses and some without glasses. The faces are
shown in different scales, representing either full-face or only
a limited part of it. Therefore, they represent a large variety
of poses and viewpoints. The significant differences among the
representatives of the same family of persons are visible.

The second database, called MUCT [22] is much larger (276
classes of images). Each class is represented by approximately
15 colour samples taken in a different position. The size of the
images was the same and equal 480× 640. The database con-
sists of 3755 face images of different 276 subjects. Different

Fig. 2. The examples of face images represent 3 classes of data. Each
column represents the images of persons belonging to the same class

poses were obtained thanks to the application of five differ-
ent cameras at the same time. Additionally, everyone was pho-
tographed with 4 different lighting sets.

The database provides a diversity of lighting, age, and eth-
nicity of the people taking part in experiments. The images are
taken in frontal and three-quarter views, different lighting sets,
manual landmarks. The typical examples of images showing the
variety of ethnicity of samples in the database are depicted in
Fig. 3.

This time the images represent photos of the persons in-
cluding not only faces but also the upper part of their body.
The images seem to be easier in recognition, since the differ-
ences among class representatives concern many factors, like
the colour of the skin, dress, hair, and ethnicity characteristics.
Moreover, samples representing the same class are taken more
similarly, showing only frontal and three-quarter views (see for
example the last row of Fig. 3).
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Fig. 3. The exemplary representatives of the MUCT database. The
first two rows show persons of different ethnicity at varied lighting
conditions. The last row depicts the exemplary differences in the pre-

sentation of the same person

5. NUMERICAL RESULTS OF EXPERIMENTS
The results of numerical experiments will be presented for two,
presented above databases representing greyscale and colour
images. Experiments aim to check how the inclusion of many
independently working classifiers arranged in the form of an
ensemble affects the quality of results. This quality will be as-
sessed based on the accuracy, sensitivity, and precision in rec-
ognizing the class. The statistical results of different arrange-
ments of an ensemble will be compared to the individual results
of its members.

5.1. Results of numerical experiments for grey-scale
images

The database was split into teaching parts (70% of randomly
selected samples representing all classes) and the remaining
30% of the data representing the testing part (common to all
classifiers in the ensemble). The learning part was once again
randomly split into learning (80%) and validation part (20%).
The cross-entropy formulation of the cost function was applied.
ADAM learning algorithm with an initial learning rate of 1.3e-
4 was applied in teaching. The mini-batch size was equal to 10

and the number of epochs was limited to only 20. The typical
validation accuracy at the application of the softmax learning
algorithm achieved in training on the validation set achieved
a value around 98%.

The signals from the fc6 layer representing 4096 numerical
descriptors of the images form the basis for further processing.
These signals will be subjected to many different operations in
the classification stage of the algorithm.

The quality measures presented here will show the results of
different arrangements of the ensemble. The first investigated
ensemble applied only a softmax classifier and was based on
the results of 10 runs of experiments. The independence of the
results of each run has been provided by different random se-
lections of learning and validation data, various dropout ratios
in softmax learning, and different number K of hidden units
(random choice around mean of 800).

The important problem is to find the optimum number of
components of the ensemble. Big data dimensions, a small pop-
ulation of databases, and limitations of available resources in
terms of time and memory represent the most important issues
and decisions of the best ensemble size. Therefore, the first ex-
periments have been directed to estimate the proper choice of
the ensemble.

Table 1 depicts such results, related to the quality mea-
sures corresponding to different statistics, including accuracy of
the ensemble (ACCen), mean of accuracy in individual results
(ACCmean), a median of individual results (ACCmed), maxi-
mum (ACCmax), and standard deviation of results (std). They
correspond to the testing data not taking part in training and
show the results at changing the number n of ensemble mem-
bers.

Table 1
The statistical results in 68 class recognition at the application of en-
semble applying different numbers of softmax classifiers (testing data

only)

n ACCen ACCmean ACCmed ACCmax std

5 96.3% 90.7% 90.9% 93.4% 1.84%

10 97.3% 91.4% 92.0% 92.9% 2.53%

55 97.8% 91.3% 91.9% 96.1% 2.39%

Based on these results and taking into account the calculation
time, which is proportional to the number of members, it seems
reasonable to limit the number of ensemble members to 10. In-
creasing this number to higher values has resulted in a non-
significant increase in accuracy, compared to a sharp increase
in calculation costs.

The advantage of the application of many members and in-
tegrating their results into one final verdict by majority voting
is evident. The accuracy of the ensemble is much higher than
the average of non-integrated individual members and this dif-
ference is very high (97.8% of ensemble versus 91.3% of the
mean in the case of 55 members of ensemble). The interesting
point is the increase of accuracy over the best individual mem-
ber (97.8% of ensemble versus 96.1% of the best individual
result).
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The next experiments have been directed to apply different
types of classifiers to form an ensemble. Two solutions have
been tried: the SVM and random forest of decision trees. To
achieve good generalization ability of these classical classi-
fiers, we must limit the number of their input signals. Since the
existing feature selection methods apply different mechanisms
of feature assessment their results might differ. Therefore, few
feature selection algorithms based on different principles have
been used in experiments. They aimed to find the most impor-
tant numerical descriptors among the 4096 generated by CNN
and used them as input signals to the classifiers. Five different
selection procedures have been applied (stepwise fit, NCN, re-
lieff, MRMR, and chi2) and combined either with SVM or RF
in an ensemble. The number of selected features was limited
to only 2000 among the highest rank descriptors. The results
of the application of individual classifier (SVM and RF) asso-
ciated with five sets of preselected features (5 results in each
run) for 10 runs of experiments are shown for the testing data
in Table 2.

Table 2
The statistical results in 68 class recognition problems at the applica-
tion of ensemble composed of either SVM or random forest classifiers

Classifier ACCen ACCmean ACCmed ACCmax std

SVM 96.3% 90.9% 90.9% 94.4% 1.6%

RF 83.3% 76.3% 76.1% 80.6% 2.6%

The results show the advantage of SVM over the random for-
est. The RF is much more sensitive than SVM to the size of the
population of images. However, both are inferior to the clas-
sic softmax classifier application. This is the result of a very
small number of learning resources, which is a crucial point in
obtaining good generalization ability of classical classifiers.

It is interesting to examine how increasing the number of
units in an ensemble by combining Softmax with the other com-
binations of classifiers affects the performance of the classifica-
tion system. The statistical results of such experiments for the
same test data that did not participate in the training are shown
in Table 3.

Table 3
The statistical results in 68 class recognition at the application of en-
semble combined from different types of classifiers: softmax, SVM,

and random forest at 10 runs of experiments

Classifier ACCen ACCmean ACCmed ACCmax std

Softmax 97.3% 91.4% 92.0% 92.9% 2.5%

Softmax+
SVM

96.4% 91.3% 91.4% 94.8% 1.5%

Softmax+
RF

87.3% 81.0% 79.3% 95.1% 5.6%

SVM+RF 93.9% 85.0% 85.4% 94.6% 6.9%

Softmax+
SVM+RF

92.4% 84.0% 87.9% 93.6% 7.5%

Figure 4 presents the graphical comparison of the accuracy
of different forms of ensemble arrangements in recognition of
grayscale images. It is evident, that the best results correspond
to the structure applying softmax classifiers.

Fig. 4. The comparison of the accuracy of 68 class recognition
achieved by different arrangements of the ensemble. The best results
are due to the application of softmax as the basic unit of the ensemble

These results show the advantage of the softmax strategy
over classical approaches to classification at a very small num-
ber of learning samples. The small size of the database results
in a significant decrease of generalization ability in the case of
classical classifiers, for which the proper number of learning
samples is a crucial point. The deep learning algorithm was pri-
marily tailored for such a case and thanks to this CNN is less
sensitive to the limitation of learning resources.

The best choice of the ensemble was assessed also from the
point of view of other quality measures. They included the re-
call, precision, and F1 coefficient. Recall R (often called sen-
sitivity) of the class recognition is the fraction of the relevant
instances that have been retrieved from all class samples in the
testing stage of the classification system. On the other side, the
precision P of the class recognition is the fraction of relevant
instances among the retrieved instances. F1 measure is the ratio
of the product of R and P related to their average value. For i-th
class, this measure is defined as [11]

F1(i) = 2
R(i)P(i)

R(i)+P(i)
. (3)

Figure 5 presents the values of R(i), P(i), and F1(i) for 68
classes considered in experiments. These results correspond
to the best ensemble built at the application of softmax-based
units. As it is seen most classes have been recognized perfectly
(100% of the quality measures). The representatives of only
10 classes among 68 subjected to recognition have been rec-
ognized with some errors: one misclassified representative in 9
classes and 2 misclassifications in one class (results of Recall
in Fig. 5).
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Fig. 5. The plot of recall, precision, and F1 measures for all 68 classes
of greyscale images subject to recognition

5.2. Results of numerical experiments for color images
The next experiments are done using the MUCT database
representing 276 classes of colour images [22]. Each person
forming the class was represented by 15 sample images. The
experiments were arranged in the same form as for greyscale
images. 70% of samples representing each class were used
for training and 30% left for testing purposes. The testing set
was the same in each arrangement of an ensemble, while the
learning and validation data were randomly selected from the
training set in the runs.

The arrangements of the ensemble were organized simi-
larly to the previous experiments with the greyscale images.
They represent the structures applying only individual classi-
fiers (softmax, SVM and RF), the combination of two classifiers
in an ensemble (softmax+SVM, softmax+RF, SVM+RF), and
the system applying all three classifiers (softmax+SVM+RF).
The statistical results concerning the testing data are presented
in Table 4.

Table 4
The statistical results in 276 class recognition problem at the applica-
tion of ensemble combined from different types of classifiers: softmax,

SVM, and random forest

Classifier ACCen ACCmean ACCmed ACCmax std

Softmax 100% 98.9% 99.0% 99.7% 0.55

SVM 99.3% 97.9% 97.8% 98.8% 0.59

RF
(no Stepwise – 40)

94.5% 85.4% 86.0% 89.9% 2.56

Softmax+
SVM

99.9% 98.9% 99.1% 99.8% 0.59

Softmax+RF 95.5% 86.0% 84.9% 99.8% 6.72

SVM+RF 99.5% 90.0% 92.5% 98.8% 8.45

Softmax+
SVM+RF

99.3% 91% 97.8% 99.5% 8.56

The best results were obtained for the ensemble based on
the softmax classifier (the combination of results obtained in
many runs with a different arrangement of the softmax structure
(number of hidden units, different dropout ratio, etc.). The en-
semble achieved 100% accuracy, although the individual runs
resulted in different accuracies. Note that the best member of
the ensemble achieved 99.7% accuracy, while the mean was
98.9%.

The interesting thing is the very high accuracy in detect-
ing 276 classes, although the data population was rather small
(15 representatives of each class). In our opinion, two factors
are here of great importance. First, the individuals forming the
classes were photographed in a similar position, so the diversity
within the class was relatively low. Second, the MUCT database
contains classes represented by very diverse individuals, vary-
ing by ethnicity, skin colour, etc. This fact increases the vari-
ance between classes, which is very helpful in classification.

We also studied the influence of colour on the recognition
process. Some additional experiments were performed for im-
ages converted to grayscale. The results were only slightly
worse (the overall accuracy of the best ensemble arrangement
dropped from 100% to 99%).

6. SUMMARY AND DISCUSSION
The paper has studied different forms of creating the ensemble
of classifiers to provide the best generalization ability of the
classification system in the recognition of facial images. The
proposed system was based on the deep neural network of the
ALEXNET structure.

Experiments aimed to develop the optimal ensemble system,
which provides the highest accuracy of face image recognition.
The main role of the CNN structure is delivering the large set
of numerical descriptors of the analysed images. They are gen-
erated in the last locally connected convolution layer of CNN
and flattened to a form of vector.

These descriptors are subject to a few different selection
mechanisms, responsible for creating the optimal subsets of
class discriminating features. Thanks to the application of dif-
ferent selection methods, they provide independence of applied
classifier operation, which is an important condition in creating
the ensemble. However, it should be remembered that the se-
lected sets are not globally optimal. Their optimality depends
on the applied mechanism of selection, which may vary from
method to method.

The developed sets of features are combined with three effi-
cient classifiers: softmax, support vector machine, and random
forest of the decision tree, which are employed in the final stage
of image recognition. Their results are integrated into the defini-
tive verdict of the ensemble. Different forms of arrangement of
the ensemble have been considered and tested using two dif-
ferent datasets. One composed of 68 classes (persons) was in
greyscale and the second representing 276 classes was in colour
RGB representation.

The results of experiments have shown, that the most effi-
cient in operation is the ensemble composed of softmax clas-
sifiers, employing different values of hyperparameters. Its effi-
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ciency was significantly better than the mean of individual op-
erations of the ensemble members. Moreover, the accuracy of
the integrated ensemble was higher, than the result of the best
individual. This is confirmed for both, greyscale and colour im-
ages. It is an interesting observation, that the performance of the
proposed ensemble is practically not dependent on the number
of the recognized classes. The generalization ability of the en-
semble was very good despite a very small number of samples
representing different classes.

It should be noted that such an ensemble arrangement based
only on Softmax is the best for the actual database of face im-
ages. The other arrangements based on a mixture of Softmax,
SVM, and RF were slightly worse, mainly due to the very small
number of learning samples, which were insufficient for proper
learning of the classical classifiers. The results may be different
if the population of the database is larger.

The comparison of our results with other papers will be
done on the example of the internationally recognized MUCT
database available free on the internet.

The MUCT database was used in the past by many other re-
searchers. For example, the paper [24] has declared the recogni-
tion accuracy changing from a minimum of 88.69% to an aver-
age of 98.3% (maximum). Their results were obtained for only
199 classes selected from the total of 276 classes in MUCT.

The paper [25] has investigated the influence of low resolu-
tion of images on the reliability of face detection and recog-
nition and applied it to the whole MUCT database. The best
recognition efficiency obtained for the original images of the
resolution 256×256 was below 80%.

The paper [26] has investigated different arrangements of
SVM networks for recognizing the face images in the MUCT
database. The best-declared accuracy obtained for the set of
1512 images (1212 learning and 300 testing) selected from the
database was equal to 93.7%.

Our best result obtained for all 3755 images is almost
100% in recognition for all 276 classes existing in the MUCT
database.

The paper [27] has investigated the MUCT database in ap-
plication to pose-invariant face recognition in robotics. Out of
all original images of the database they have pre-selected only
1221 faces used in experiments. Only images of persons with-
out glasses and with their mouths closed were used. The ac-
curacy was reported in the form of a plot composed of a false
acceptance ratio (FA) in the horizontal axis and a false rejec-
tion ratio (FR) in the vertical. At FA = 1.1×10−4 the value of
FR = 0.03, while at FA = 0.01 the FR = 0.05.

The results of numerical experiments have shown, that al-
though significant progress has been made in recent years with
the deep learning approaches to face recognition there is still
space for improving the efficiency of the class recognition sys-
tems, especially when a limited amount of data is available. The
presented approach is of universal application and can be used
in classification problems associated with other types of im-
ages.
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