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Abstract: In this paper, we compare three different models of multilayer neural networks in terms
of their success in the classification phase. These models were designed for EmguCV, ML.NET and
Tensorflow.Net libraries, which are currently among the most widely used libraries in the imple-
mentation of an automatic recognition system. Using the EmguCV library, we achieved a success
rate in the classification of human faces of 81.95% and with ML.NET, which was based on the
pre-trained ResNet50 model using convolution layers, up to 91.15% accuracy. The result of the
success of the classification process was influenced by the time required for training and also the
time required for the classification itself. The Tensorflow.Net model did not show sufficient classi-
fication ability when classifying using vector distances; the highest success rate of classification was
only 13.31%. Neural networks were trained on a dataset with 1454 photographs of faces involving
43 people. At a time when neural networks are becoming more and more used for applications of
different natures, it is necessary to choose the right model in the classification process that will be
able to achieve the required accuracy with the minimum time required for training. The application
created by us allows the insertion of images and the creation of their own datasets, on the basis of
which the user can train a model with its own parameters. Models can then be saved and inte-
grated into other applications.

Keywords: classification; convolution nets; neural nets; detection; face recognition

1. Introduction

Current automatic recognition systems that contain all three phases (detection, ex-
traction and classification) work with different methods. One of the currently most used
methods is the application of neural networks [1,2].

A neural network is a series of algorithms that try to recognize certain relationships
between data through a process based on how the human brain works. They can also
process and adapt foreign input data, learn to classify them and adapt their own process
based on them [3].

The advantage of neural networks is that they can be used not only in one phase but
in essentially all three phases. However, they are mostly used in the last
phase —classification—when the amount of input data based on a trained set (dataset)
can very accurately determine (classify) what the output will be [4-7].

There are several tools that make working with neural networks easier. They pro-
vide certain predefined algorithms that allow users to build their own neural network
relatively quickly and without deep mathematical knowledge [8-10]. In this paper, we
focus on comparing the models created using the most used libraries: EmguCV (a subset
of OpenCV), ML.NET and Tensorflow.NET. The Related Work section is focused on an
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overview of research on the results achieved, depending on the design to the application
of neural networks and selected algorithms that multilayer neural networks use in the
classification and re-learning phase. The Experiment Preparation section describes the
technologies that were used to create the individual models of neural networks. The
procedures of data extraction and pre-preparation are described here, together with the
creation, training and testing of individual created models of neural networks. In the
Discussion section and the evaluation of results from experiments, we present the
achieved results and the overall comparison of models.

2. Related Work

The first significant step for artificial intelligence in the use of neural networks oc-
curred almost 80 years ago when the very first neural network model was created using
electrical circuits (formal neurons consisting of basic logic operations). However, this
model was not able to learn [11]. Nevertheless, it turned out later that even such a neural
network model could be trained to be able to recognize and classify objects itself [12,13].
This type of network was called a “perceptron”. It is able to work with the so-called
number of weighted inputs of any size, not only binary, and can adjust its weights, which
allows more accurate classification of results. The problem with these early designs of
perceptrons was the fact that they could not be trained to recognize many classes of pat-
terns. This caused stagnation in neural network research.

Multilayer perceptrons, commonly called artificial neural networks in machine
learning, are parallel processes with the ability to store different knowledge and learning.
By connecting artificial neurons, a neural network is created, and by connecting several
neural networks, a so-called multilayer neural network is created. An artificial neuron
mimics the process of a biological neuron’s function by a mathematical function that re-
ceives evaluated data as input, transforms this signal and sends it on to the neurons with
which it is associated [14].

Perceptron is the simplest form of single-layered network with forward propaga-
tion, which consists of four parts:

e Input values or input layer;

e  Weights and optional neuron bias;
e  Weighed sum;

e  Activation function [15].

The multilayer perceptron is thus an extension of the forward neural network. After
each evaluation of the result, the network adjusts the weights, which results in so-called
network learning [16].

One of the most widely used algorithms for weight adjustment in forward neural
networks is the backpropagation algorithm. The backpropagation algorithm is also con-
sidered the simplest and most common in training learning networks assisted by a
teacher. This algorithm is based on the principle of approximation of a nonlinear rela-
tionship by adjusting the values of internal weights. Backpropagation has two phases,
training and testing [17]. With the learning algorithm assisted by the teacher, the neural
network (during training) also has access to the correct results, on the basis of which it
can retrofit its weights to achieve the desired value in the result and thus train its model,
which will be able to predict correct results unknown data. This type of learning is used
for classification and regression. Without a teacher, learning algorithm models must look
for patterns in the data themselves and group the data into unlabeled data with minimal
human intervention. Such a model has only input data available without the required
output. It is up to the model to find connections in the input data [18].

A number of proven methods already exist at present for the classification phase
[19-23]. However, the two basic methods are used the most, which are based on face
recognition using extracted areas of interest and face recognition based on the classifica-
tion of the whole input image. The idea of classifying users only on the basis of areas of
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interest (from the features of the face) lies in the speed of the model. The positional co-
ordinates of the areas of interest represent the inputs for the neural network model,
which may be able to recognize a specific person based on their values. Normally, there
are several points that represent the face (position of the eyes, mouth, eyebrows, nose and
other items that as a whole represent the person’s face). Khashman [24] described the
process of creating a multilayer forward neural network learning with teacher assistance
with the purpose of classifying the human face. He modeled this neural network from
three layers, an input layer containing 100 neurons, a hidden layer containing 45 neurons
and an output layer consisting of 30 neurons. Sigmoid was selected as the activating
function of the hidden and output layer. Images of people were used as input data to this
neural network. The data on which the neural network was trained consisted of 270 im-
ages and 30 people of different ages, ethnicity and gender. The results of this model were
measured by classification accuracy on test data, resulting in 83.33% success [25].

For the individual phases of the recognition process (and thus also the classifica-
tions), the so-called convolutional neural networks are used [26]. These are used, for
example, for object detection, detection and classification of emotions from a person’s
voice or face, etc.

Several main types of such networks are known, among the best and most important
ones are:

. LeNet;

e AlexNet;
e  ZfNet;

o VGG

e GoogleNet [27].

LeNet is the first convolutional neural network ever created. It was created by
LeCun, and the most recent version of this network is currently the LeNet-5. It is used to
recognize handwritten or typewritten numbers. It consists of five convolutional and
pooling layers that alternate, followed by two fully connected layers [28].

AlexNet is a convolutional neural network for object detection. This net consists of
eight layers with weights. The first five are convolutional, and the rest are fully connected
layers. The network maximizes multinomial logistic regression [29].

ZfNet is used to detect objects, similar to AlexNet. It is a combination of the first two
mentioned networks with modifications. Its principle is the use of standard fully con-
trolled convolution models. These networks map a color 2D image. Each layer consists of
a convolution of the output of the previous layer. For the first layer, a set of learned filters
is used [30].

VGG is a convolutional network used to detect objects. It is based on AlexNet with a
different configuration. This network is used on a much larger pool of samples. The
network configuration is not fixed, although each of these networks consists of several
convolution layers, followed by three fully connected layers. The last layer is the
so-called soft-max layer [31].

GoogleNet is another object detection network. It is currently one of the most suc-
cessful networks, based on the LeNet network. It uses convolutional blocks for classifi-
cation. It uses average pooling instead of completely connected layers. It consists of a
total of 22 layers [32].

Ref. [33] described the development of a convolutional neural network for facial
classification. The formed neural network had an input, two convolutional, a coupling
and a dense output layer. The model was trained on the “Yale Face Database” containing
165 single-channel images of 15 people. Each person was represented by 11 images. The
input images were chosen with a size of 64 x 64 pixels. The first convolution layer con-
tained six characteristic tables with a dimension of 58 x 58, and the individual values in
the characteristic tables were calculated from the partial data of the input image with a
size of 7 x 7 pixels. The second merging layer contained six characteristic tables with a
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dimension of 29 x 29, and the partial data were selected with a size of 2 x 2 pixels. The
third convolution layer contained 16 characteristic tables with a size of 22 x 22 pixels, the
values of which were calculated from partial data with a size of 8 x 8. The fourth merging
layer contained 16 characteristic tables of size 11 x 11 with partial data 2 x 2. The output
layer is dense and classified into 15 different people. Their resulting successful classifica-
tion value was 88.88% on training data and 80% on test data. Based on this experiment, it
can be stated that both the application of the forward and convolutional networks pro-
vide a classification success of over 80%, which is normally considered an effective use of
the classification algorithm.

An example of the basic architecture of a convolutional network is shown in Figure 1.
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Figure 1. Basic architecture of a convolutional network [34].

The fact that the use of convolutional networks is really very wide is also demon-
strated by an experiment carried out by Severyn and Moschitti, who focused on the
analysis of tweet sentiment from Twitter. They used stochastic gradient sinking (SGD)
and then backpropagation algorithms to train the network. They also chose the Adadelt
rule, which automatically tunes and updates the learning rate. They also had to be careful
not to overfit the network, which occurs with small and medium-sized datasets. To pre-
vent overfitting, they have extended the cost function with standardization conditions.
They also used a technique called dropout, which prevents the network from adapting to
the data by setting the values of some parts of the hidden units to zero during the for-
ward phase of training. They followed three main steps in initializing the weights: they
provided high-quality inputs to the network, they needed a suitable in-depth learning
system when handling a small amount of marked data and they used the parameters
obtained in step 2 to initialize the network. They used the Twitter13 dataset to validate
testing [35].

The biggest known problem with convolutional neural networks is the area of
training. In particular, when training a network, a large number of parameters need to be
tuned to make the network architecture suitable for use. There are many problems and
shortcomings of neural networks, but these are mostly solved in the works themselves
[34]. For parameter tuning, it is possible to use, e.g., Bayesian optimization [36]. One of
the basic problems is the so-called conflicting picture where the CNN classification is
completely different. The problem with such networks is that the network gives the
wrong answer with high confidence. This means that even though the network is highly
reliable, such an image can cause a malfunction in its classification. This phenomenon is
due to the linear nature of neural networks, which means that different networks with
different architectures and training on different datasets classify the same example as
conflicting. To reduce the malfunction, it is possible to use adversarial network training.
However, this method does not solve the problem in the long run [37].

3. Material and Methods

The aim of the experiment was to create and design models of multilayer neural
networks in EmguCV, ML.NET, Tensorflow.NET, comparing the results from the models
in relation to their ability to successfully classify people’s faces (over 80%). The devel-
opment of the application for testing models was carried out on a computer system with
the Windows10 operating system, a 6-core processor with a maximum core frequency of
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4.2 GHz and an allocated RAM memory of 4GB. The main logic of the application was
programmed in C # (via Visual Studio using the Windows Form library), and the code
was compiled by the Roslyn compiler.

EmguCV is a multiplatform image processing library. It is an extension of the
OpenCV library [38]. In EmguCV, images are represented in Mat or Matrix formats. They
represent data about individual pixels in the image, which are stored in their columns
and rows. Unlike a typical data matrix, they contain other essential information needed
to work with an image, such as what color channel the image is encoded in. The Mat data
type cannot be managed. Data of this type can only be read, loaded or cloned, but not
edited. The Matrix is used for managed work with data. This data type is used by the
ANN_MLP method, which requires data encoded in this format when creating, training,
and testing a neural network. ANN_MLP is an abbreviation for artificial neural networks
of multilayer perceptrons and is the main tool for creating multilayer neural networks in
EmguCV.

The robust Viola—Jones algorithm can be used for the recognition process phases in
EmguCV as well as in OpenCV [39,40]. The Viola—Jones algorithm itself consists of four
parts [41-43]:

e Selection of haar attributes;

e  Creation of an integral image;
e  Adaboost;

e  (Cascade classificators.

Tensorflow is a software library with publicly available source code developed by
Google to facilitate the creation, modeling and training of machine learning models,
neural networks and other statistical and predictive analytical tasks. Tensorflow creates
graphs of data flows that represent the structure of data on how data are to be processed
in a model or series of process nodes. Each node in the graph represents a certain
mathematical function, and each connection between the nodes represents a multidi-
mensional array of data represented by the Tensor data type [44].

ML.NET is a free and open source machine learning software library from Microsoft.
It allows you to create, train and export machine learning models. In order for a model to
be able to classify unknown data, it must be trained on a sufficiently large amount of
data. In the experiment, we decided to use the publicly available “Extended Yale Dataset
B” [45] dataset (Figure 2). It contains 39 subjects and more than 1200 front-face images
shot under various lighting conditions.

Figure 2. Preview of the Yale Face Dataset B Cropped [45].
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As this is a public database, we have provided a test sample of respondents in this
way without the need to ask them for permission to work with sensitive data in any way.
Application creation procedure:

1. Design of a multilayer neural network model in EmguCV focused on human face
recognition based on the Viola—Jones algorithm and pixel identification of input
images;

2. Design of a model for the Tensorflow.NET framework focused on face recognition
based on extracted facial features;

3. Design of a model for the Microsoft framework for machine learning ML.NET for
face recognition based on convolutional networks;

4. Testing of created models on individual images of human faces and testing of clas-
sification abilities of models.

4. Multilayer Neural Network in EmguCV

In addition to providing imaging tools, EmguCV also enables neural networks,
which are often associated with image extraction. Because multilayer perceptrons are a
form of the deep neural network, we must first design the layout and size of the layers
that the multilayer neural network will contain. It should be noted that the size of the
image that this neural network will process will directly affect the training speed and
dynamics of the model. If the network were to process images with a resolution of 800 x
600, the input neurons would also be 800 x 600, which, given the large amount of data
needed to train the neural network, would be very computationally intensive for many
computer systems (this can be solved by PCA—Principal Component Analysis). In our
neural network design, we chose the size of the input data of 28 x 28 pixels, i.e., 784 input
neurons. The hidden layer contains a smaller number of neurons to reduce the size of the
input data entering the output layer but at the same time a sufficient number of neurons
to be able to properly represent the data patterns of individual faces. The number of
neurons in the hidden layer was chosen to be 400. The output layer does not have a di-
rectly determined number of output neurons but is defined during the application dur-
ing model training. The number of neurons in the output layer is equal to the number
determining the number of classification classes, in our case, individual persons.

The content of the method that defines the model of the formed neural network can
be described by the following code (Figure 3):

Matrix<int> layerSize = new Matrix<int>(new int[] { 28*28, 20*20, distinctLabelCount.Count});
ANN_MLP network = new ANN_MLP();

network.SetlLayerSizes(layerSize);
network.SetActivationFunction(ANN_MLP.AnnMlpActivationFunction.SigmoidSym, 0, 9);
network.TermCriteria = new M rmCriteria(300, le-6);

network.SetTrainMethod (ANN_MLP.AnnMlpTrainMethod.Backprop, ©.001, 0.001);

return network;

Figure 3. Code example: CreateNetwork method (own creation).

LayerSize defines a numeric array of values representing the number and size of
layers in a multilayer neural network, with the first element representing the input layer,
the last output layer, and the values hidden between them. ANN_MLP is a class pro-
vided by the EmguCV library, which is defined to instantiate it in program memory.
After defining the network, we can start entering parameters into it. The first parameter
is the definition of the layers, which we mentioned in the first step of the method. Then,
the activation function is selected. In our case, we opted for the SigmoidSym activation
function. TermCriteria is a method based on which the training process of the model
ends. The first input argument represents the number of iterations after which the train-
ing process is to end. The second argument is a value that terminates the process if the
network accuracy value changes in the next iteration by a smaller number than that val-
ue. The last method, SetTrainMethod, determines the principle on which the neural
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network will adjust the values of its weights. ANN_MPL offers three learning options,
namely the aneal method, resistant back promotion or back promotion. We have chosen
the already mentioned method of back promotion in our model. The other two parame-
ters determine the speed at which the neural network adjusts its weights. The higher the
value of these parameters, the more the values of the weights are affected when adjusting
them. After defining all the elements that the neural network should contain, it uses the
“return” method to transmit the resulting model, which is ready for training.

4.1. Data Preparation

We created a simple user interface in the application in order to facilitate work with
the neural network model by convenient processing of training and test data and to dis-
play classified results. Figure 4 shows a preview of the “Emgu Model” card. The first step
is to pre-process the data from the dataset—change the resolution size for each image to
the desired shape with a size of 28 x 28 pixels (by pressing the “Crop images” button).
The next step is to convert the image to the desired color scale, which is provided by the
following part of the code:

Bitmap loadedImage = (Bitmap)(Image.FromFile(appDir + @"\emguANN\rawPictures\" + f));
ge<Bgr, > ImageFrame = loadedImage.ToImage<Bgr, ()i
Mat grayImageSinglePic = new Mat();

vInvoke.CvtColor(ImageFrame, grayImageSinglePic, Emgu.CV.CvEnum.ColorConversion.Bgr2Gray);
e ngle[] faces = cascadeClassifier.DetectMultiScale(grayImageSinglePic);

e.EqualizeHist(grayImageSinglePic, grayImageSinglePic); // image enhancement

VectorOfVectorOfPointF landmarks = new VectorOfVectorOfPointF();

VectorOfRect rects = new VectorOfRect(faces);
bool faceDetected = facemarkLBF.Fit(ImageFrame, rects, landmarks);

Figure 4. Viola—Jones facial extraction and landmark algorithm (own creation).

In the application on the “Emgu Model” tab, pressing the “Populate dataset” button
activates a method that individually goes through all the images of cropped faces, ex-
tracts individual pixels and divides them by the number 255, which also normalizes
them, and then stores these data in memory (Figure 5). Since the individual pixels contain
a value from 0 to 255, dividing these values by 255 gives a value from 0 to 1, which re-
duces the variance of the input values. A large variance of the input values could have an
unwanted effect on adjusting the neural network weights. At the end of this cycle, the
stored value field is divided into two parts. Ten percent of the data will be randomly se-
lected to represent the test part of the “test.csv” model, and the remaining 90% will be
used to train the “train.csv” model. One line in the csv file represents one face. In addi-
tion to the extracted pixel data, it also contains the name of the person whose face belongs
to it and the identification number required by the EmguCV neural network.

Camera Roll Emgu Model ML Model Keras Model Multiple faces

Select picture Crop images
Classffy Populate dataset
Predicted: Retrain model
Test model

Last message:

Figure 5. Example of the Emgu Model user interface (own creation).
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4.2. Model Training

Model training is the most important part of creating a model. The success of the
model classification directly depends on how the neural network adjusts its internal
weights during the training process. For this reason, it is appropriate to repeat this step
several times or to identify inaccuracies in the classification of the model and extend the
dataset with additional data samples of the incorrectly classified class. By selecting im-
ages from the YaleB dataset, we created a dataset with a size of 1300 images and 39 peo-
ple. Pressing the “Retrain Model” button calls the method starting the training phase.
Data are read from a training csv file, where one line represents one datum, and each line
is divided into three parts. The first part of the line is the ID, which represents the iden-
tification number of the person. The second part of the line is the person’s name, and the
third part contains the values of 784 normalized pixels. The training time depends on the
number of data and the neural network settings. One of the disadvantages of EmguCV
ANN_MLP is that it does not allow access to its information during training, so it is not
possible to monitor the progress or accuracy of the network during the training phase.
After training the network, clicking on the “Test model” button starts the test function,
which then starts the test phase of the model. Similarly to the training function, the data
are read from the test csv file, divided into three parts and cycled after each test sample.
After the prediction is generated, this value is then compared with the ID number of the
person under whom the test data are requested, the classification is displayed to the user
in the application, and the number of correct predictions is increased by one. This process
is repeated until all test samples have been tested, and finally, the percentage success rate
is calculated depending on the successful classifications from the total number of test
samples.

We trained the model 10 times on a dataset containing 43 people and 1545 images.
The average success rate of the model classification from the observed data was 81.95%,
with an average time required to train the model at 117.1 s. The model was tested on a
data sample with a size of 10% of the total dataset.

5. Multilayer Neural Network in Tensorflow.Net

We decided to create a model in the Tensorflow framework due to the fact that it is
currently one of the most used tools for the development of neural networks. Its strength
is what provides the possibility of more detailed modification of neural network param-
eters compared to other tools that allow the creation of neural networks.

The main goal in the design of the model was the ability to process a small number
of data at the input, compared to other methods for face recognition, and thus speed up
the training and testing process of the neural network.

5.1. Data Preparation, Facial Feature Extraction

Similar to the data preparation in EmguCV, we chose the Viola—Jones algorithm in
combination with the facial feature extraction algorithm for face extraction. The resolu-
tion of the images from which the training data are extracted must be in the same reso-
lution dimension because the model uses the distance between the points of interest on
the face. In the application on the “Keras Model” tab, it is possible to call all the functions
needed to train and test the model. We pre-process the data by activating the “Resize
images” button, which calls the function to convert all images from the dataset to sin-
gle-channel color depth. This function detects faces and uses the extracted features to
trim the face, resize the face to the desired size, and save it to the “Faces” folder located in
the Tensorflow model file. We have set the image resolution to 255 x 255 pixels (for easier
normalization of pixel values in the single-channel color interface and for eliminating
inaccuracies in the detection of facial features in very low-resolution images).

The “Extract landmarks” button activates a function that redetects facial features on
individual images of cropped faces, and the data on the detected features are stored in
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the “VectorOfVectorOfPointF” data type (Figure 6). Each face contains 68 points, which
describe its external and internal shapes. It is then verified whether a face has been de-
tected in the cropped face image. This avoids possible inaccuracies that may occur when
trimming the face in the previous step or in a situation where the face is too distorted
when changing the resolution.

ctorOfPointF landmarks = new VectorOfVectorOfPointF();

VectorOfRect rects = new VectorOfRect(faces);
bool = facemarkLBF.Fit(ImageFrame, rects, landmarks);
if (faces.Length == 1)

{
Vector2 anchorVector = new Vector2(landmarks[@][3@].X / 255, landmarks[@][3@].Y / 255);
string[] name = f.ToString().Split('_");
string vectors = name[0]+";";
foreach (var i in selectedlLandmarks) // Distance from anchor point

{
Vector2 variableVector = new Vector2(landmarks[@][i].X / 255, landmarks[@][i].Y / 255);
float outputFloat = Vector2.Distance(variableVector, anchorVector);
vectors = vectors + outputFloat + ";";

}

if (eyeDistance)

Figure 6. Sample of the function for extracting facial features (own creation).

When calculating the vector distances, the 31st point representing the tip of the nose
was chosen as the anchor point (from which the vector distances of the other facial fea-
tures are calculated (Figure 7). The default face landmarks are then selected in the cycle,
and their X and Y coordinates are divided by 255 so that their value is in the range from 0
to 1. A vector is created from them, and the distance between the calculated and an-
choring vector is calculated using the “Distance” method.
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Figure 7. Sketch points of a face (landmarks) (own creation).

5.2. Tensorflow Model Training

To work with the Tensorflow framework in our application, we must first import a
NuGet package called Tensorflow NET. It is a wrapper that allows calling Python
methods in C #. Although this wrapper does not support all of the methods Tensorflow
offers, it is sufficient to create a multilayer neural network. Tensorflow works mainly
with the Tensor data type. It is a data type of vectors or matrices of different dimensions
and is used to represent all data. Its shape is determined by its data. First, we need to
define the model. By using the keras.Input method, we can define the size of the input
layer. As a first argument, the method takes a value that specifies the number of neurons.
The second argument specifies the name of the layer. Based on it, it will be possible to
access it later. We set the number of input neurons to 24, as we decided to represent the
individual faces with 24 values of vector distances. In the next step, we will create a var-
iable containing information about the first hidden layer. By calling the layers.Dense



Appl. Sci. 2022, 12, 3730

10 of 16

method, we create a densely connected, so-called “dense” layer, where each neuron of a
given layer contains a connection with each neuron of the previous layer. The first ar-
gument of this method specifies the number of neurons that the layer should contain,
while the second argument specifies the activation function. We decided to choose the
relay activation method based on its speed and the nature of our input data. In the end,
the created input layer is applied to this layer, and thus, the information about the layers
created so far is stored in one variable. Then, another hidden layer is created. As with the
first hidden layer, we chose the dense architecture of the second hidden layer. We set the
number of neurons of the second hidden layer to 20 and the activation function on the
relay. In the end, all that remains is to define the output layer. By creating the variable
outputs, we define the output layer, in which we again selected the dense type of layer.
The number of neurons in this layer will determine the number of classification classes.
We have selected softmax as the activation function. The softmax activation function
converts all classification values into a probability scale and classifies the output class
based on the largest value (Figure 8).

var layer = layers.Dense(24, activation: "relu").Apply(modellnput);
layer = layers.Dense(20, activation: "relu™).Apply(modellnput);
var outputs = layers.Dense(disc.Count(), activation: "softmax").Apply(layer);
.myKerasModel = keras.Model(modellnput, outputs, name: "output");
.myKerasModel.compile(optimizer: keras.optimizers.RMSprop(le-3f),
loss: keras.losses.CategoricalCrossentropy(from_logits: true),
metrics: new[] { "acc" });
.myKerasModel.fit(x_train, y_train,
batch_size: 16,
epochs: 50,
verbose: 1,
validation_split: 0.1f);

Figure 8. Code sample of a Tensorflow model creation (own creation).

After defining the layers, we will define the “myKerasModel” model, based on
which we will then classify human faces. The first argument of this layer requires a de-
fined input layer, the second argument a hidden and output layer, and a third neural
network name. By calling the compile method on the created Tensorflow model, we
specify the parameters of the model in more detail. The first input parameter is specified
by the model optimizer. Tensorflow.NET offers three options, Adam, SGD and RMSprop
Optimizer. We set the learning speed of the RMSprop optimizer to “le-3” or “10%”,
which is one-millionth. Another parameter of the compile method is the loss function, in
which we chose the categorical cross-entropy function. This loss function is commonly
used for classifications with multiple output classes. The third parameter determines
how the success of the model classification should be displayed. After defining all the
components, the neural network model is ready for the training phase. Calling the fit
function on the created model is used to activate the neural network training process. The
input parameters of the fit function require data in the form of Tensor, where “x_train”
represents data of individual vector distances of the face features in float, and “y_train”
represents numeric ID data, based on which the neural network verifies the correct clas-
sification during training. Epochs determine how many times to reiterate after input da-
ta. The verbose value represents how detailed the training report should be, which is
displayed on the console. The last parameter determines the division of data into their
validation part.

The maximum achieved value of the Tensorflow model prediction was only 15.12%,
which makes this model unusable in a real deployment. This small prediction value is
caused by inaccuracies in the extraction of facial features from the YaleB dataset and in-
sufficient numbers of elements representing individual faces.

The model was trained 10 times on a dataset containing 43 people and 1545 images.
The average success rate of the model classification from the observed data reached the
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value of 13.31%, with the average time required to train the model at 14.3 s. The model
was tested on a data sample with a size of 10% of the total dataset.

6. Multilayer Neural Network in ML.Net

Working with the ML.NET library is directly accessible for all applications created in
the Windows Forms framework. We used convolution layers in this model, which
transform the input image into certain characteristic tables. Based on them, it is possible
to classify which output class it is. The neural network model needs to be taught how it
will receive input data, which we implement by creating a new class, “Inputlmage”, with
appropriately selected attributes. Defining this class allows you to instantiate each image
and train the network. The “Outputlmage” class contains the text value of the person’s
name that the neural network has classified and an array of float values representing the
percentage of the model prediction consideration.

By calling the “Data.LoadFromEnumerable” function, we go through all the input
images of the “Inputlmage” type and load them into one variable of the “IDataView”
type (Figure 9). It is also the required type for model training. Using the “ShuffleRows”
method, we randomly shuffle the input data so that they are not sorted in the order in
which they were read.

var imageData = mlContext.Data.lLoadFromEnumerable(images);

var imageDataShuffle = mlContext.Data.ShuffleRows(imageData);
IEstimator<ITransformer> trainingPipeline = BuildTrainingPipeline(mlContext);
ITransformer mlModel = TrainModel(mlContext, imageDataShuffle, trainingPipeline);
Evaluate(mlContext, imageDataShuffle, trainingPipeline);

SaveModel(mlContext, mlModel, MODEL_FILEPATH, imageDataShuffle.Schema);

Figure 9. Sample of the CreateMode method code.

6.1. ML.NET Model Training

By calling the “BuildTrainingPipeline” function, we specify the processing of input
data and the form of classification that the model will perform. In the first step of this
method, we determine how the neural network model should classify people. In the case
of this model, we represent the subjects with their names or with values converted to
numeric value IDs. In the multiclassification type of image classification, the epoch value
is set to 200, the learning speed to 0.001 and the batch size to 10. The concatenated in-
structions defined in this way allow the model to be used for training. By calling the
“TrainModel” function, the model starts training on the supplied input data. Based on
the information specified when creating concatenated instructions, the model begins to
test the input data on multiple neural network models that it has specified in advance.
The advantage is that the training process is carried out on several pre-prepared models
of neural networks, and the one that demonstrates the highest accuracy of correct classi-
fications is chosen. After selecting the most efficient neural network model, the “Evalu-
ate” method is called, which, based on cross-validation, calculates the accuracy of the
model in percent and displays them to the user in the application in the form of a dialog
box. Finally, the “SaveModel” method is called, which saves the created model in the
application folder.

6.2. ML.NET Model Results

ResNet50 was identified as the most suitable model after training in the ML.NET
framework. ResNet50 is a model of a multilayer neural network of trained characters,
which contains 50 layers composed of convolutional and associative layers. The ad-
vantage of pre-trained models is their internal weights, which are assigned to individual
objects in the image. Such models are usually trained on a large amount of data, and the
training process can take several days.
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The model was trained 10 times on a dataset containing 43 people and 1545 images.
The average accuracy value for this model is 91.15%, with an average training time of
1441.8 s. We can consider this model a success, as it classifies in any case with an accuracy
of over 80%. The model automatically determined the test set.

7. Complex Discussion—Evaluation of Results from Experiments

We tested the ML.NET model by selecting other different predefined pre-trained
ResNet models. The model was tested with the integration of ResNet50, ResNet101 and
ResNet152. Epochs were tested with values of 50, 100 and 200 and learning speed values
of 0.01 and 0.001. The number of samples determined between one forward and reverse
learning cycle was tested with values of 10, 15 and 30.

The EmguCV model demonstrated classification capability with an average success
rate of 81.95%, and the model created in ML.NET, based on the pre-trained ResNet50
model, demonstrated classification capability with an average of up to 91.15% accuracy.
The success rate of both models exceeded 80%, and therefore, we can consider them
successful. We created the third model in the Tensorflow.Net software library. The aim of
this model was to create a model of a multilayer neural network that would be able to
classify the face of a person in an image based on the data of vector distances between
individual facial features. Based on the selected network settings and input data type,
this model demonstrated the ability to successfully classify with only 13.31% on average.
Therefore, we consider this model not applicable for face classification based on vector
values of distances of individual areas of interest. However, these data could be suitable
as supplementary data to other neural network models, which would serve as extra data
describing individuals.

The EmguCV model implements the classification directly from the extracted pixel
values of the image with a resolution of 28 x 28 pixels. The ML.NET model converts the
input image with a resolution of 224 x 224 pixels by a series of convolutional and associ-
ative layers, and classification is then performed based on their outputs. For this reason,
the time required to train the model created in EmguCV is significantly less. The average
training time for this model is 117.1 s, while the average training time for the ML.NET
model is 1441.8 s, as the input dimension of the image is much larger and contains many
layers. ML.NET has a higher success rate in classifying faces by 9.2%, and the time re-
quired for classification is longer, though. This makes the EmguCV model more suitable
for real-time classification. The summary table shows the significant differences between
the individual models, both in terms of the time needed for training and the overall ac-
curacy of the classification (Table 1).

Table 1. Overall accuracy of the classification.

EmguCV Tensorflow.Net ML.Net

No. Accuracy (%) Time (s) Accuracy (%) Time (s) Accuracy (%) Time (s)
1 84.55 117 14.29 14 92.53 1428
2 83.19 119 15.12 15 91.75 1393
3 84.87 120 14.29 15 92.14 1453
4 81.51 115 11.9 13 91.84 1427
5 80.67 113 12.62 15 89.73 1461
6 83.19 117 13.45 14 90.18 1431
7 79.83 114 12.62 14 90.32 1478
8 80.67 117 14.29 13 89.84 1488
9 79.83 121 11.9 14 91.73 1402
10 81.19 118 12.62 16 91.42 1457

Average 81.95 117.1 13.31 14.3 91.148 1441.8
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Our experiments successfully demonstrated that the multilayer neural network
model in the EmguCV framework is capable of reliable classification of the faces on
which it was trained. EmguCV is a popular library used mainly for face detection and
extraction by pre-trained models with the possibility of their modification. Many scien-
tific articles and publications [38], ref. [43] use the EmguCV library for only two phases:
detection and extraction. Neural network models are often created in other frameworks,
which provide more algorithms and also the possibility of more detailed modification of
models when creating neural networks, but the training is implemented on a smaller
amount of data. The EmguCV model we designed was trained on a dataset containing
1454 face images belonging to 43 different people. Although our dataset contains a larger
number of classification classes compared to them, the model is still able to correctly
classify faces with approximately the same accuracy as the described models [38,43].

Provided the EmguCV model was trained with a much larger number of people and
facial images, it might be able to achieve even higher accuracy. This is also confirmed by
research [46], in which the authors addressed the issue of language translation (from
Chinese to English). The translation model has been trained on a huge amount of article
data extracted from the Internet. These articles were not modified in any way and also
contained a lot of unwanted data, such as links and images. As a result, the translation
model learned to recognize certain patterns based on a large amount of data and then
used them to translate phrases with great success.

ML.NET achieved a higher classification success by implementing an already pre-
defined (pre-trained) convolutional network, while the differences in successful classifi-
cations could be reduced by expanding the dataset.

8. Conclusions

Neural networks are becoming more and more used for applications of various
kinds these days. The application designed by us enables the insertion of images and the
creation of your own datasets, based on which the user can train his own model with the
parameters that we predefined in the work. Models can then be saved and integrated into
other applications. The paper describes how to design and test three different models
within this application.

In this paper, we used convolutional neural networks in individual models (Em-
guCV, ML.NET and Tensorflow.Net). The use of convolutional networks makes it possi-
ble to train networks with high classification success in various application areas, for
example, in the detection of invisible cracks in ceramic materials [47] or the classification
of operation cases in electric arc welding machines [48].

The EmguCV library is an extension of the OpenCV. From the available databases of
professional articles (e.g., Scopus), we can see that the issue of applying EmguCV is more
oriented to its use in the first phase of the recognition process—detection [49,50]. Currently
not exist many relevant sources that refer to extraction or classification phases. In this paper,
we compared different ways of classification using EmguCV, ML.NET and Tensorflow.Net.
The last two mentioned are among the most used. However, as we state in the paper, Em-
guCV contains cascade classificators very similar to the one used in the application of the Vi-
ola—Jones algorithm. In the article, we, therefore, showed that we could successfully use the
EmguCV model to train and test the speed also in the classification phase.

We consider the ability of the EmguCV model to train and test the speed and the classi-
fication accuracy of the ML.NET model to be the advantages of the created models with
classification accuracy above 80%. We consider the inaccuracies of the classification in a sig-
nificant rotation of the person’s face and the inaccuracies of the classification in very low light
conditions to be the disadvantages of the created models. These problems could be elimi-
nated by expanding the dataset by adding photos of faces that are tilted or rotated in differ-
ent lighting conditions. Other disadvantages are the inaccuracies in face extraction with the
Viola—Jones algorithm, which is not able to detect a face in very dark images, or the face de-
tected in such situations does not represent the actual face shown in the photo.
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