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MONITORING DATA AGGREGATION  

OF DYNAMIC SYSTEMS USING INFORMATION TECHNOLOGIES 

 

The subject matter of the article is models, methods and information technologies of monitoring data aggregation. The goal of  

the article is to determine the best deep learning model for reducing the dimensionality of dynamic systems monitoring data.  

The following tasks were solved: analysis of existing dimensionality reduction approaches, description of the general architecture  

of vanilla and variational autoencoders, development of their architecture, development of software for training and testing  

of autoencoders, conducting research on the performance quality of autoencoders for the problem of dimensionality reduction.  

The following models and methods were used: data processing and preparation, data dimensionality reduction. The software was 

developed using the Python language. Scikit-learn, Pandas, PyTorch, NumPy, argparse and others were used as auxiliary libraries. 

Obtained results: the work presents a classification of models and methods for dimensionality reduction, general reviews of vanilla 

and variational autoencoders, which include a description of the models, their properties, loss functions and their application to  

the problem of dimensionality reduction. Custom autoencoder architectures were also created, including visual representations  

of the autoencoder architecture and descriptions of each component. The software for training and testing autoencoders was 

developed, the dynamic system monitoring data set, and the steps for pre-training the data set were described. The metric  

for evaluating the quality of models is also described; the configuration of autoencoders and their training are considered. 

Conclusions: The vanilla autoencoder recovers the data much better than the variational one. Looking at the fact that the architectures 

of the autoencoders are the same, except for the peculiarities of the autoencoders, it can be noted that a vanilla autoencoder 

compresses data better by keeping more useful variables for later recovery from the bottleneck. Additionally, by training on different 

bottleneck sizes, you can determine the size at which the data is recovered best, which means that the most important variables  

are preserved. Looking at the results in general, the autoencoders work effectively for the dimensionality reduction task and the data 

recovery quality metric shows that they recover the data well with an error of 3–4 digits after 0. In conclusion, the vanilla autoencoder 

is the best deep learning model for aggregating monitoring data of dynamic systems. 

Keywords: data dimensionality reduction; deep learning; autoencoders. 

 

 

Problem statement and its relevance 

 

A dynamic system is one where the function 

describes the time dependence of a point in the 

surrounding space. An example of such a system is 

an economic system based on monitoring data, where 

there is a time dependence of system variables  

(days, months, years, etc.). The results of monitoring can be: 

– data samples. These are sets of values for a certain 

period of time, which can vary significantly depending on 

the conditions of the system; 

– time series. They are presented as sets of 

measurements of a variable that are closely related to 

each other and obtained within a certain period of time 

during which the values of the variable do not change 

significantly. Time series are discrete models for 

monitoring the state of a dynamic system, which usually 

contain parametric uncertainties, are non-stationary  

and noisy. 

In order to solve the problem of dimensionality 

reduction, it is necessary to define the basic provisions on 

this issue. Dimensionality reduction is the transformation 

of data from a high-dimensional space to a low-

dimensional space in such a way that the low-dimensional 

representation preserves some significant properties  

of the original data, ideally close to its intrinsic 

dimensionality. Working in high-dimensional spaces  

can be undesirable for many reasons: raw data is often 

sparse due to the curse of dimensionality, and data 

analyses are usually hard to compute (difficult to control 

or work with). The main advantages of using 

dimensionality reduction methods are: 

– removal of variables that do not have important 

information; 

– reduction of multicollinearity in the data; 

– reduction of the required data storage space; 

– reducing the time required for data-related 

calculations; 

– presenting the data in a way that allows for 

visualisation. 

Usually, it is necessary to preprocess the data in 

time series and data samples by removing missing values 

and preparing the data for submission to dimensionality 

reduction techniques. Once the data has been 
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preprocessed, the dimensionality reduction techniques 

can be used. 

The task of reducing the dimensionality of 

monitoring data in dynamic systems should be defined  

as a sequential performance of interrelated tasks, namely:  

– monitoring the state of a dynamic system; 

– pre-processing of the data, which makes it 

possible to give them a certain form that is allowed for 

the use of dimensionality reduction methods; 

– reduction of the dimensionality of the monitoring 

data of a dynamic system. 

Considering the theoretical and practical problems 

of the dimensionality reduction of monitoring data of 

dynamic systems is of great interest to scientists in 

Ukraine and abroad. To date, a number of papers have 

been published describing models and methods for 

dimensionality reduction [1–15]. V. Hrusha’s work [1] 

discusses basic methods for dimensionality reduction, 

such as: the use of geometric parameters of the FEM; 

selection of FEM values on a nonlinear scale; use of 

coefficients of approximating polynomials; application  

of the principal components method. In their studies,  

V. Martsenyuk, Y. Droniak, I. Tsikorska [2] and  

E. Kozak [3] rely on the principal component method  

to solve data aggregation problems. Paper [4] outlines the 

theoretical and practical foundations of using a deep 

learning model to predict monitoring data of dynamic 

systems using data aggregation modules. Researchers  

M. Korabliov and S. Lutskyi in [5] described the main 

methods for information processing, where they 

identified the task of dimensionality reduction as one  

of the important components of processing. The existing 

methods and models for dimensionality reduction  

are considered in [6–8, 11, 15]. The authors theoretically 

described various methods and models without practical 

support. It is also worth mentioning [9, 14], where 

scientists developed new deep learning models for 

dimensionality reduction based on supervised learning. 

The use of autoencoders for unsupervised learning is 

discussed in [10], where an autoencoder is defined as  

the main model for dimensionality reduction and data 

recovery. It is also worth mentioning foreign works by 

the following authors: P. May, H. Rekabdarkolaee [12], 

K. Matchev, K. Matcheva, A. Roman [13] and others. 

There are two basic approaches to dimensionality 

reduction: Feature Selection and Dimensionality 

Reduction. The feature selection approach is based  

on the fact that the most important variables are  

selected, thus reducing the dimensionality of the data.  

In addition, the methods of the dimensionality reduction 

approach perform certain transformations in order to 

obtain data of lower dimensionality. The classification  

of dimensionality reduction models and methods is 

shown in Fig. 1. 

The classification offers most of the popular models 

and methods for dimensionality reduction, which are 

actively used depending on the requirements and goals.  

In this paper, we will consider deep learning models [16] 

in more detail, namely the autoencoder and the 

variational autoencoder. 

 

 
 

Fig. 1. Classification of models and methods of dimensionality reduction 
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Having analysed the works devoted to solving 

dimensionality reduction problems, it should be emphasised 

that they do not determine the best deep learning model, 

which are shown in Fig. It is also worth noting that the 

information support developed to date does not allow 

solving the problem of dimensionality reduction in data 

samples and time series with a high level of reliability. 

Therefore, there is a need to choose the best deep learning 

model and information technology implementation tools 

to reduce the dimensionality of monitoring data, which 

determines the relevance of the study. 

The purpose of the study is to determine the best 

deep learning model for reducing the dimensionality of 

monitoring data of dynamic systems. The object is dynamic 

systems, and the subject is models, methods and information 

technologies for aggregating monitoring data. 

1 Standard autoencoder 

 

A standard autoencoder can be described as a type 

of feed-forward neural network where the input is  

the same as the output. It compresses the input data  

into a bottleneck (lower dimensional data) and then 

reconstructs the output data from this representation.  

The bottleneck is a compact summation or compression 

of the input data, also called a latent space representation. 

An autoencoder has three components: an encoder, 

a bottleneck, and a decoder. The encoder compresses  

the input data and creates a narrow throat, the decoder 

then reconstructs the input data using only this  

throat. The architecture of the autoencoder is shown  

in Fig. 2, which shows all the main components of  

the neural network. 

 

 
 

Fig. 2. General architecture of a standard autoencoder 

 

An autoencoder is basically a dimensionality 

reduction (or aggregation) algorithm with several 

important properties: 

– data dependence. An autoencoder is only able to 

compress the data significantly, similar to what it has 

been trained on. Since it learns functions specific to the 

given training data, it differs from a standard data 

compression algorithm. Therefore, it should not be used 

on data that differs from the training distribution; 

– there are losses. The output of the autoencoder  

(or the reconstructed input data) will not be the same as 

the input data. It will be a close but degraded representation; 

– learning without a teacher. The autoencoder 

belongs to mathematical models with unsupervised 

learning techniques, as it does not need explicit labels  

to learn, but only needs to be given input. However, to be 

more precise, the autoencoder is self-supervised, as  

it generates its own labels from the training data.  

The model is trained by minimising a chosen loss 

function that explores the error between the input and 

reconstructed data. 

Considering an autoencoder for the task of data 

dimensionality reduction, it can be determined that  

the data generated in the bottleneck is the target data. 

That is, to use an autoencoder for dimensionality 

reduction, it is necessary to train it on the input data and 

apply the encoder to obtain dimensionality-reduced data.  

 

2 Variational autoencoder 

 

A variational autoencoder is an extension of the 

above autoencoder. The variational autoencoder shares 

properties with the standard autoencoder, including  

data dependence, loss, and unsupervised learning.  
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The difference is that the variational autoencoder 

provides a probabilistic way to describe an observation  

in a bottleneck (latent space). So, instead of designing 

an encoder that outputs a single value to describe each 

attribute of the latent state, an encoder is created to describe 

the probability distribution for each latent attribute. 

The architecture of the variational autoencoder  

(see Fig. 3) is similar to that of the standard one, except 

for the bottleneck. Now, the encoder extracts two values, 

such as the mean and variance, which are used in the 

subsequent formation of the bottleneck. 

 

 

 
 

Fig. 3. General architecture of a variable autoencoder 

 

Considering the process of training such 

a mathematical model, it can be noted that the loss 

function used is different from the one used in the 

autoencoder. Instead of the root mean square error,  

the loss function is used, defined as follows: 

   , ,L MSE X X KL    ,                   (1) 

where MSE  – standard error; KL  – Kulbak–Leibler 

divergence. 

If we consider a variational autoencoder for  

the dimensionality reduction task, then, similarly to 

an autoencoder, the data generated in the narrow throat  

is targeted. This means that you need to train the 

variational autoencoder on the input data and take the 

data from the bottleneck in order to obtain the reduced 

dimensionality data. 

 

3 Description of autoencoder architecture 

 

There are many variations in the architecture of 

autoencoders depending on the type and complexity  

of the task. If you use an autoencoder to reduce the 

dimensionality of tabular data, you should use 

a conventional feed-forward neural network. In this case, 

it makes no sense to use convolutional neural networks, 

as they are usually required for working with images. 

Both types of autoencoders have been designed with 

the same architecture, except for the difference between 

a standard and a variation autoencoder. The auto-encoders 

have three linear layers in the encoder, one layer in  

the narrow throat and three linear layers in the decoder. 

The same architecture was chosen in order to determine 

the best model for dimensionality reduction with high 

accuracy, based on studies where the difference in their 

results depends only on the specific differences that 

characterise standard and variation autoencoders. 

 

3.1 Architecture of a standard autoencoder 

 

The architecture of the standard autoencoder that 

will be used in this paper is shown in Fig. 4. The diagram 

clearly identifies three parts of the autoencoder: the 

encoder, the bottleneck, and the decoder. The labels 

above the arrows indicate the size of the data fed to the 

next layer of the neural network. The size is determined 

by variables that can be controlled, namely: 

 batch_size characterises the size of the data 

packet fed to the neural network; 

 input_dim defines the size of input state variables; 

 h1, h2 are the sizes of the hidden layers of  

the neural network; 

 latent_dim – is the size of the data in the 

bottleneck. This variable determines the dimensionality 

of the data that will be obtained after dimensionality 

reduction.  
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Fig. 4. Autoencoder architecture 

 

Also in Fig. 4, the variables characterising the types 

of neural network layers are defined, in particular: 

 Linear. This layer uses a linear transformation to 

the input data: Ty x A b   . 

 Activation. Uses the activation function before 

the input data. 

 Dropout. During training, the layer randomly 

zeroes some of the input data elements with a certain 

probability using samples from the Bernoulli distribution. 

It has been proven as an effective method of regularization 

and prevention of neuronal coadaptation, as described in [17]. 

 BatchNorm. Applies batch normalization to 

input data with dimension 2 (for example, data with 

dimension 16 x 128), as described in [18]. 

 

3.2 Architecture of the variational autoencoder 

 

The architecture of the variational autoencoder that 

will be used in this paper is shown in Fig. 5. The diagram 

identifies four main parts: the encoder,   and  ,  

the narrow throat, and the decoder. The labels above  

the arrows indicate the data size, similar to the diagram  

of a standard autoencoder. Their definitions are described 

in p. 3.1. 

The diagram shows the variables characterizing  

the types of neural network layers. They are similar  

to those described in section 3.1. The variational 

autoencoder provides distribution parameters (   and  ), 

which are then used to generate data in the narrow throat.  

 

Fig. 5. Architecture of the variational autoencoder 

 

This process of sampling from the distribution 

parameterized by the model cannot be differentiated. 

Therefore, an additional layer type was added – 

Reparametrize. It allows you to build a gradient path 

through a non-stochastic node and further differentiate this 

node. The main idea of this layer is to add noise, which  

is obtained from the normal distribution, to   and  .  

This layer can be described by the following formula: 

y     ,                             (2) 

where   is the mean;   is the variance;  is the noise 

obtained randomly from a normal distribution. Thus, the 

random element was separated from the studied 

parameterization, and now it is possible to differentiate 

the model completely.  
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4 Overview of model results and performance 

 

4.1 Data set 

 

To train and test the auto-coders, we use 

a proprietary dataset that reproduces monitoring data in 

an economic dynamic system. It reproduces the socio-

economic development of countries for 2012–2020.  

The set consists of 115 alternatives with 32 state variables.  

The overview part of the dataset is shown in Fig. 6. 

This dataset was preprocessed by removing/replacing 

missing values, applying min-max normalization in  

the range from 0 to 1 inclusive, and given a form that  

is acceptable for training and testing of autoencoders. 

Moreover, the dataset is divided into two parts to be  

used for training and testing, where 70% of all  

data relates to the training part and the rest to the  

testing part. 

 

 
 

Fig. 6. Data set 

 

4.2 Quality assessment metrics 

 

In order to determine the best model for 

dimensionality reduction, the root mean square error  

is used as a metric to evaluate the quality of the model. 

This metric is calculated by the following formula: 

   
2

1

1
,

n

i ii
MSE X X X X

n

 


  ,               (3) 

where, in the case of autoencoders, X  is the input data; 

X   is the reconstructed input data. There is an inverse 

relationship between the metric and the quality of the 

model. That is, the lower is the metric value, the higher  

is the quality of the model, and it reduces the data 

dimensionality better, preserving more useful variables.  

 

4.3 Autoencoders configuration and training 

 

Part 3 describes the architectures of autoencoders 

and introduces variables that control the sizes of data  

and the corresponding layers of the neural network.  

Also, such layers as Dropout and Activation have their 

own parameters. All the values of variables and 

parameters are shown in Table 1. 

An optimization algorithm called Adam [19] was 

used to train autoencoders.  

Standard parameters for this algorithm were used, 

namely: 

– learning rate 1 3e  ; 

– coefficient used to calculate the gradient moving 

averages = 0.9; 

– the coefficient used to calculate the square of the 

gradient = 0.999. 

 

Table 1. Configuration of autoencoders 
 

Variable, parameter Value 

batch_size 16 

input_dim 32 

h1 128 

h2 64 

latent_dim 20 

Probability with a layer Dropout 0.2 

Activation function in the layer Activation  ReLU 

 

The loss functions used in training the autoencoders 

are also defined. They are different for the standard and 

variational autoencoders. Thus, the MSE loss function (3) 

is used for the autoencoder, and the function defined in 

(1), which is a combination of MSE and Kulbak-Leibler 

divergence, is used for the variational autoencoder. 
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4.4 Software 

 

The software was developed using the Python 

language. The following libraries were used as auxiliary 

libraries:  

– scikit-learn for applying normalisation, quickly 

dividing the data set into training and testing parts; 

– Pandas for working with data, processing it, etc. 

– PyTorch for working with neural networks, 

training and testing them, creating loss functions, etc. 

– NumPy for working with matrix calculations and 

initialising model parameters; 

– argparse for working with console parameters 

– and others, which are insignificant for their 

description. 

As a result, a console application was developed 

that allows you to perform the following actions: 

– loading a tabular dataset, extracting the specified 

state variables, and splitting it into training and testing parts; 

– training of standard and variation autoencoders 

using configuration parameters; 

– saving the best version of the autoencoder; 

– continue training the model with the existing 

version of the model; 

– calculation of performance indicators and loss 

functions; 

– testing standard and variation autoencoders using 

configuration parameters; 

– use of trained autoencoders with four options: 

encoding, encoding + sampling, decoding, and full  

model pass. 

The software supports the execution of the program 

on the central processing unit (CPU) and the graphics 

processing unit (GPU). It should be noted that the use  

of the GPU significantly increases the speed of training 

and testing of autoencoders. 

 

4.5 Results of training and testing of autoencoders 
 

The training of the autoencoders was carried out 

with a fixed number of epochs, namely 1000 epochs for 

each training. After every ten epochs, the models were 

tested using the metric described in Section 4.2. Based  

on the test results, the best version of the model was 

selected after the training. Additionally, the training  

was performed by changing the latent_dim parameter, 

which is responsible for the dimensionality of the data 

placed in the bottleneck, i.e. the target data for the 

dimensionality reduction task. The results of testing  

the autoencoders are presented in Table 2. 

Based on the results of testing the autoencoders, it 

can be determined that the standard autoencoder recovers 

data much better than the variational one. Given that  

the architectures of the autoencoders are identical, except 

for the features of the autoencoders, it can be noted that 

the standard autoencoder compresses data better, 

preserving more useful variables for further recovery 

from the bottleneck. Also, by training on different sizes 

of the bottleneck, you can determine the most effective 

size at which the data is recovered best, which means that 

the most important variables are preserved. In this case,  

if the size is 10, both autoencoders work most efficiently. 

 

Table 2. Results of autoencoders testing 
 

Autoencoder type latent_dim MSE 

Standard 
20 

7.1 х 10–4 

Variational 16.7 х 10–4 

Standard 
15 

6.8 х 10–4 

Variational 15.8 х 10–4 

Standard 
10 

6.6 х 10
–4

 

Variational 14.8 х 10–4 

Standard 
5 

7.6 х 10–4 

Variational 15.2 х 10–4 

Standard 
2 

12.6 х 10–4 

Variational 15.4 х 10–4 

Standard 
1 

10.9 х 10–4 

Variational 14 х 10–4 

 

It should be noted that when aggregating  

to dimension 1, the variational autoencoder recovers  

the data best. This phenomenon encourages future 

research. On the other hand, it is a good reason to reduce 

the dimensionality for data visualisation. 

Accordingly, general autoencoders work well for 

the dimensionality reduction task, and the data recovery 

quality metric shows that they recover data well with 

an error of 3–4 digits after 0.  

 

Results and conclusions 

 

The paper presents a classification of models and 

methods for reducing the dimensionality of monitoring 

data of dynamic systems, which involves the division  

into two approaches, such as variable selection and 

dimensionality reduction. Considering deep learning 

models in relation to the dimensionality reduction 

approach, standard and variational autoencoders  

are selected. 

A general overview of the selected autoencoders  

is offered, including a description of the models, their 
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properties, loss functions, and their application to the task 

of data dimensionality reduction. We also created our 

own autoencoder architectures, described in Section 3, 

including a visual representation of the autoencoder 

architecture and a description of each component. 

To train and test the autoencoders, we developed 

software using the Python language and auxiliary 

libraries (see p. 4.4). We also present the monitoring  

data set of the dynamic system used in this work. 

Additionally, the steps for preliminary preparation of the 

dataset to give it a form that can be used in the developed 

software are described. In the course of the study  

of training and testing of autoencoders, a metric  

for evaluating the quality of models is described,  

the configuration of autoencoders and their training  

is considered, the sizes of autoencoder layers, parameters 

of the optimisation algorithm, loss functions,  

etc. are given. 

As a result of training and testing the autoencoders, 

the best values of the metric were obtained for different 

sizes of the narrow throat, which characterises data  

of reduced dimensionality. A total of 12 autoencoders 

were trained and tested, half of which were variational. 

After testing them, conclusions were drawn on the results 

and it was determined that the standard autoencoder 

performs better on all narrow-neck sizes that were 

investigated. It should be noted that the variational 

autoencoder requires more training time and converges 

more slowly. 

Therefore, the standard autoencoder is the best  

deep learning model for reducing the dimensionality  

of dynamic system monitoring data. In further research, 

a model such as the standard autoencoder can be used  

to recover monitoring data in automated process control 

systems, reduce data dimensionality in machine learning 

using Big Data technologies. 
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АГРЕГУВАННЯ ДАНИХ МОНІТОРИНГУ ДИНАМІЧНИХ СИСТЕМ  

ІЗ ВИКОРИСТАННЯМ ІНФОРМАЦІЙНИХ ТЕХНОЛОГІЙ 
 

Предметом роботи є моделі, методи та інформаційні технології агрегування даних моніторингу. Мета статті – визначити 

найкращу модель глибокого навчання для зменшення розмірності даних моніторингу динамічних систем. Завдання,  

що вирішуються: аналіз наявних підходів зменшення розмірності, опис загальної архітектури стандартного й варіаційного 

автокодувальників, розроблення їх архітектури, створення програмного забезпечення для тренування й тестування 

автокодувальників, дослідження якості роботи автокодувальників для зменшення розмірності. Застосовано такі методи: 

підготовка та оброблення даних, зменшення розмірності даних. Програмне забезпечення було розроблено за допомогою 

мови Python. Допоміжними бібліотеками використані такі: scikit-learn, Pandas, PyTorch, NumPy, argparse тощо.  

Здобуті результати: у роботі запропоновано класифікацію моделей і методів для зменшення розмірності та подано  

загальні характеристики стандартного й варіаційного автокодувальників, що містять опис моделей, їх властивості, функції 

втрат та їх застосування для зменшення розмірності даних. Також створено власні архітектури автокодувальників, зокрема 

візуальне подання архітектури автокодувальників та опис кожного складника. Розроблено програмне забезпечення для 

тренування й тестування автокодувальників, розглянуто набір даних моніторингу динамічної системи та дії з попередньої 

підготовки набору даних. Крім того, описано метрику для оцінювання якості моделей, розглянуто конфігурацію 

автокодувальників та їх тренування. Висновки: стандартний автокодувальник відновлює дані набагато краще, ніж 

варіаційний. Зважаючи на те, що архітектури автокодувальників однакові, за винятком особливостей автокодувальників, 

можна зазначити, що стандартний автокодувальник стискає дані краще, зберігаючи більше корисних змінних для подальшого 

відновлення з вузького горла. Також за допомогою тренувань на різних розмірах вузького горла можна визначити розмір,  

за умови якого дані відновлюються найкраще, а це означає, що зберігаються найважливіші змінні. Відповідно до загальних 

результатів автокодувальники ефективно працюють над завданням зменшення розмірності, і метрика якості відновлення 

даних показує, що вони добре відновлюють дані з похибкою, яка становить 3–4 знаки після 0. Отже, стандартний 

автокодувальник є найкращою моделлю глибокого навчання агрегування даних моніторингу динамічних систем. 

Ключові слова: зменшення розмірності даних; глибоке навчання; автокодувальники. 
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