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The object of this paper is the procedure of 
applying a forward-propagation artificial neu-
ral network of surface learning for the purpose 
of short-term forecasting one of the weather ele-
ments – the temperature of the near-surface air 
layer. Known methods to forecast weather ele-
ments, namely, hydrodynamic, physical-statis-
tical, and synoptic, have been successfully sup-
plemented in recent years by forecasting using 
artificial neural networks. It has become possi-
ble to build large networks for a large amount 
of training data for deep learning. However, 
the level of development of the theory of artifi-
cial neural networks does not make it possible 
to build the required network. Therefore, when 
solving applied tasks such as the one reported 
in this paper, the developer has to build a fore-
casting system blindly or based on some heuris-
tic considerations, experimenting with neural 
networks. At the same time, the path of network 
complexity often does not lead to a qualitative 
improvement in forecasting results. Therefore, 
during the research, the main problem to be 
solved was to optimize the use of a simple neu-
ral network with a well-developed training algo-
rithm for the purpose of nowcasting meteo-
rological elements. The optimization criterion 
adopted was the surface air temperature short-
term forecast accuracy at different time inter-
vals. The parameters enabling the achievement 
of optimality are the parameters of the data that 
train the network and the parameters of the net-
work itself. By selecting these parameters, a high 
accuracy rate for short-term forecasts of differ-
ent timeliness has been achieved. The accuracy 
of a three-hour forecast reaches 100 percent. The 
same value is achieved for the forecast accuracy 
with a one-day lead time. Predicting tempera-
ture values for three days has an accuracy rate 
exceeding 90 percent

Keywords: forward propagation artificial 
neural network, nowcasting of weather ele-
ments

UDC 004.8: 551.509.32
DOI: 10.15587/1729-4061.2025.321664

How to Cite: Perelygin, B., Borovska, H., Hnatovska, H., Sergienko, A., Tkach, T., Shtefan, N. (2025). Devising 
a forward propagation artificial neural network application technology for nowcasting weather elements. 

Eastern-European Journal of Enterprise Technologies, 1 (2 (133)), 18–32.  
https://doi.org/10.15587/1729-4061.2025.321664 

Received 06.11.2024
Received in revised form 18.12.2024
Accepted date 10.01.2025
Published date 27.02.2025

Copyright © 2025 Authors. This is an open access article under the Creative Commons CC BY license

1. Introduction

Weather is a set of weather phenomena and values of 
weather elements over a certain area at a certain time. There 
are not many primary weather elements: air temperature, at-
mospheric pressure, air humidity, visibility, insolation. Fore-
casting of these weather elements is carried out in three well-
known main ways – hydrodynamic, physical-statistical, and 
synoptic. Obtaining a forecast by the hydrodynamic method 
involves solving a system of nonlinear aerohydrodynamic 
equations for a point or for a region. The physical-statistical 
method provides a forecast based on the analysis of a fairly 
long series of observations of weather elements at the point of 
observation or in the region. The synoptic forecast is obtained 
by analyzing the fields of weather elements.

Weather forecasting is carried out with different lead 
times – ultra-short-term, short-term, medium-term, long-
term, circular.

Forecasting is one of the most important tasks that require 
prompt solutions in almost all areas of science and life. Fore-
casting weather elements is one of the oldest forecasting tasks 
due to their great impact on all aspects of human life. Meteoro-
logical weather forecasts are scientifically based assumptions 
about the future state of the weather. Studies and development 
of weather forecasting methods have been carried out in many 
countries. The success of modern short-term weather forecasts 
is quite high but there are also those that did not come true, es-
pecially in the cases of turbulent atmospheric conditions (pres-
ence of atmospheric fronts, cyclones, etc.). Therefore, research 
in this area is relevant.

2. Literature review and problem statement

In various fields of science, artificial neural net-
works (ANNs) are widely used for forecasting purposes. For 
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learning of the network on large initial data, the issues of 
their optimization are not considered.

Paper [10] tackles weather forecasting using deep learn-
ing 3D ANNs. The issues of medium-term forecasting are 
being considered. To avoid overtraining, random rearrange-
ment of the raw data is assumed. Unfortunately, the issues of 
optimization of network parameters and output data are not 
considered.

In [11], to increase the probability of forecasting, a meth-
odology of weather forecasting was devised based on the 
combination of ANNs. It has been proven that this approach 
to forecasting increases the quality of forecasts. However, the 
WeatherBench training data set is more than 300 gigabytes. 
It is planned to reduce this volume by reducing the number 
of combined ANNs at the same time. But all the same, this 
approach to forecasting remains very resource intensive.

In [12], the authors proposed a new ANN paradigm de-
vised by them – a multimodal graph neural network. It is 
intended to improve weather forecasting in areas without 
specialized weather stations. These areas remain without 
meteorological coverage and do not have the detailed mete-
orological data necessary for accurate forecasts. Therefore, 
this network is designed for area forecasting and requires 
satellite data for forecasting. That is, it is a very resource-in-
tensive system both from the point of view of computers and 
in terms of raw data.

Work [13] is the closest to our research area. It deals with 
the definition of an appropriate ANN model with a proper 
architecture (multilayer perceptron type) and its application 
for visibility (fog) prediction. Of the set of forecasting quality 
parameters, only visibility is investigated, and only for a set of 
fixed parameters of this ANN. The methodology of preparing 
initial data, numerical evaluations of the quality of forecast-
ing, and the influence of initial data parameters on these 
evaluations are not covered.

Therefore, the following conclusions can be drawn from 
our review of available literature related to the subject of the 
current research.

Previously, due to the resource-intensive nature of the 
learning task, the modest success of ANNs was explained by 
the small size of the trained ANNs. Now it is possible to build 
a significantly larger ANN, but this often does not lead to a 
qualitative improvement in forecasting results. The level of 
development of the ANN theory currently does not provide a 
constructive method for building the desired network. There-
fore, when solving applied tasks, it is necessary to experiment 
with different ANN paradigms, the number of hidden layers, 
the number of neurons in each layer, and the topology of 
connections between them, practically blindly or on the basis 
of some heuristics.

In scientific publications, papers on the optimization 
of ANN meta-parameters when using them for forecasting 
periodically appear. At the same time, making the proposed 
changes to the ANN topology most often entails its complete 
retraining, which, in turn, leads to a significant increase in 
the necessary computing resources. Moreover, the modern 
tendency to increase the size of training samples and the 
search for increasingly complex dependences also lead to the 
need to increase the size of ANNs and to the same need for 
computing resources.

There are many methods for weather forecasting using 
ANNs based on extrapolation but all of them have limited 
abilities to capture non-linear dependences of changes in 
weather elements. Therefore, the vector of research turned 

example, in work [1], the application of ANN for forecasting 
impurities in atmospheric air is considered. Along with the 
conventional methods for weather forecasting mentioned 
above, the use of ANNs for prediction is also considered as 
a promising area of research. For example, it is proposed to 
use fully connected ANNs of forward propagation to fore-
cast time series of moisture in mountain soils. To forecast 
geophysical time series, it is suggested to use multi-wavelet 
polymorphic ANNs. However, the work does not address the 
issue of selecting network parameters and optimizing output 
data because the networks used are complex and require 
deep learning on a large amount of data.

In paper [2], it is proposed to use extreme learning ma-
chines for forecasting long-term series, and in [3] the use of 
convolutional ANNs is considered for forecasting the energy 
of time series. These works consider general issues of con-
struction and training of networks but the issues of optimiza-
tion of constructed networks and, even more so, optimization 
of initial data, are not touched upon.

Work [4] deals with the forecasting of electric load using 
an ensemble of weather forecasts, which definitely compli-
cates the artificial neural network and requires an increase 
in computing resources.

Paper [5] reports the results of combining different ANNs 
and their learning paradigms as an ensemble for weather 
forecasting and evaluates the weighted sum of their combina-
tion. But the questions related to the method of preparation of 
initial data, numerical evaluation of the quality of forecasting 
and influence on these estimates of ANN parameters and 
selection of initial data remained unresolved.

In [6], the results of a comparative analysis of the use of 
direct propagation ANNs, radial base networks, and feed-
back networks for weather forecasting are given. However, 
issues related to the method of preparation of initial data, 
numerical assessment of the quality of forecasting and influ-
ence on these estimates of ANN parameters and selection of 
initial data also remained unresolved.

Work [7] reports the results of a comparative analysis 
of radial-base networks, Hopfield, Elman networks as part 
of an ensemble for forecasting various weather elements. 
In the work, the questions related to the methodology for 
preparation of initial data, numerical assessment of the 
quality of forecasting and influence on these estimates of 
ANN parameters and selection of initial data also remained 
unresolved. The reason for this may be the sufficient amount 
of resources available to researchers, which makes relevant 
research impractical.

In [8], a probabilistic rainfall forecasting model based on 
Bayesian ANN with variational inference is proposed. It in-
cludes a combination of epistemic and aleatoric estimates of 
uncertainty. The model coped well with forecasting. Howev-
er, this is a very resource-intensive model with a large volume 
of raw data. In addition, the methodology for preparing raw 
data is not covered.

In work [9], the problem of short-term, up to 12 hours in 
advance, precipitation forecasting is considered. The authors 
claim that the existing grid forecasting of weather elements 
requires powerful computing resources and there is a time 
delay in obtaining the result. They consider deep learning 
ANNs to be a promising alternative. It is proposed to make 
a hybrid network from the standard MetNet deep learning 
ANN by supplementing it with additional statistical process-
ing. It is clear that such a system cannot be installed on a 
personal computer. Since the prediction is made with deep 
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towards deep learning methods, which are considered to better 
represent nonlinear regularities. The way of using complex 
computer systems for forecasting units of the hydrometeoro-
logical service is problematic because it is resource intensive. 
Therefore, there is an urgent need to use ordinary personal 
computers for forecasting with not very complex ANNs, with a 
well-developed learning algorithm, and with optimized ANN 
parameters and output data. This combination of methods and 
tools for data processing make up forecasting technology.

Therefore, in our opinion, the problem related to the 
development of technology for forecasting weather elements 
using ANN of forward propagation on personal computers 
remains unsolved. As part of this task, it is necessary to de-
termine the optimal parameters for the ANN itself and the 
parameters of the output data.

A likely option to overcome these challenges is the ap-
proach used in work [14]. This approach gives reasons to 
assert that it is appropriate to conduct a study aimed at de-
vising a technology for the use of a not very complex ANN 
to forecast meteorological elements in order to meet the need 
for such technology by the production and forecasting units 
at the hydrometeorological service organizations.

3. The aim and objectives of the study

The purpose of our study is to devise a technology for the 
application of ANN with a well-developed learning algorithm 
to forecast weather elements with optimized ANN parameters 
and output data. This will allow the production and forecast-
ing divisions at the hydrometeorological service organizations 
to forecast meteorological elements with different short-term 
lead times. This lead time is 3 hours, 1 day, and 3 days.

To achieve the goal, the following tasks must be solved:
– to determine the influence of the parameters of the 

data used to train the ANN on the accuracy of forecasts with 
the specified advance (length of training vectors, number of 
training vectors, types of output data) and to determine the 
values that ensure the best accuracy of forecasts;

– to establish the effect of ANN parameters on the ac-
curacy of forecasts (number of hidden layers, presence of 
limitations in the activation functions of neurons of hidden 
layers) and optimal parameters of ANN, which ensure the 
best accuracy of forecasts with the specified lead time.

4. The study materials and methods

The object of our study is the process of using forward 
propagation ANN for forecasting air temperature values.

The subject of the study is a forward propagation ANN 
intended for short-term forecasting of air temperature values, 
and the parameters of the output data and the network.

The basic hypothesis assumes the possibility of build-
ing, using a personal computer, the technology of applying 
forward propagation artificial neural ANN for short-term 
forecasting of weather elements with optimization of the pa-
rameters of the initial data and network.

A well-known network of the following architecture was 
used as an ANN – a forward propagation ANN with surface 
learning using the error backpropagation procedure. The 
Levenberg-Marquardt algorithm was used for training.

Based on our technical capabilities, short-term forecast-
ing was carried out.

As an example of a weather element, the results of a study 
on forecasting air temperature values are given. This parame-
ter is selected as the main one among all weather parameters, 
although another weather element could be selected.

The previously described types of data should be under-
stood as the actual series of observations, the so-called “raw” 
data, and its transformation: the centered series is obtained 
by subtracting the arithmetic mean value of the series from 
all the values of the series. This transformation of the series 
was performed in order to assess the quality of forecasting de-
pending on the type of data and their variable characteristics.

Our research was carried out by the method of forecast-
ing modeling using ANN. Appropriate input data were used 
to train and operate the network. The initial data for weather 
forecasting are, as a rule, the results of regular measurements 
of weather elements in the form of numerical series.

The value of air temperature was chosen as the data for re-
search because of the continuity of these data and the visibility 
of the results obtained. The data represent a long 15-year series 
of air temperature values obtained during regular eight-time 
observations at weather station 33837, Odesa, from Febru-
ary 1, 2005, to December 31, 2019 (Fig. 1). Graphically, this 
series is shown in Fig. 2.

Fig. 1. A fragment of the used data on the air temperature of 
weather station 33837, Odesa

The data processing methodology for obtaining the re-
sults was as follows. Due to the large variability of meteo-
rological values in space and time, the specific value of any 
value specified in the forecast should be considered as the 
most likely value that this value would take during the fore-
cast period. After the expiration of the short-term forecast, an 
assessment of its precision is performed, which is based on 
accuracy. Accuracy is the degree of correspondence between 
forecast and actual meteorological values, phenomena with 
certain established tolerances. The accuracy of the tempera-
ture forecast is evaluated alternatively [15]. If the forecast 
temperature differed from the actual temperature by no more 
than 2.0 °С, then the accuracy of the forecast is 100 %, if the 
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difference is 3.0 °С, then the accuracy of the forecast is 50 %, 
if the difference is greater than or equal to 4.0 °С, then the 
accuracy of the forecast is 0 %. During the research, the ac-
curacy was calculated similarly to the above methodology. 
However, alternative scores (50 %, 0 %) were not used. Accu-
racy was quantified as the ratio of the number of forecasts 
that were accurate (which fell within the range of ±2 °С) to 
the total number of forecasts at a given lead time. That is, 
stricter conditions were used to determine accuracy.

The entire series of observations was divided into two 
large groups: the first group of data – for training, and the 
second group of data – for forecasting (Fig. 3).

From the first group of data intended for training, the nec-
essary arrays of initial data were formed in the following way. 
The entire first group was divided into 3 parts. The first part 
(I in Fig. 3) was used for training ANN (training set). The second 
(II in Fig. 3) was used as a verification (control) set to check the 
quality of training. Multiple repetition of experiments leads to 
the fact that the control set begins to play a key role in the con-
struction of the model, that is, it becomes part of the learning 
process. Thus, its role as an independent criterion of model qual-
ity is weakened – with a large number of experiments, there is a 
risk of choosing a network that gives a good result on the control 
set. In order to give the final model adequate reliability, the 

third part of the first group of data constituted 
a reserve (test) set of observations (III in Fig. 3). 
Therefore, the final model was tested on the 
data from the last set (III in Fig. 3) to make sure 
that the results achieved on the training and 
control sets are real. Based on the obtained data, 
the learning quality indicator was calculated as 
the difference between the temperature values 
of the training array and their approximation 
by the network. Subsequently, forecasting was 
carried out based on the second group of data.

From the first group of data, all arrays neces-
sary for training (training, verification, and test) 
were built by the method illustrated in Fig. 4.

We shift along the original array of “raw” (or 
centered) data, starting from a given reference 
(which is chosen for the analysis of a certain sea-
son of the year). At each step, the “window”, the 
size of which is equal to the specified length of 
the training (control, test) vector plus one count, 
is shifted to the right by one count. The training, 
verification, and test arrays were formed from 
the temperature values that fell into the “win-
dow”, and the target and both reference arrays 
(for the verification set and for the test set) were 
formed from additional samples. The length 
of the “window” varied widely, so the training 
vectors also varied widely.

For the training of ANN, a training array 
and a target array corresponding to it were 
presented. For control over training, veri-
fication (or test) and reference arrays were 
presented. In the course of our research, the 
length and number of training vectors were 
changed, as well as the starting point of the 
array was changed to assess the seasonal im-
pact of the data on the quality of the forecast.

After training the ANN from the second set 
of data to obtain a forecast in the order shown 
in Fig. 4, a data array for forecasting and a refer-
ence array for assessing the accuracy of the fore-
cast were formed. The network was presented 
with an array of data for prediction, on the basis 
of which the network produced an extrapolated 
temperature value (forecast), which was com-
pared to a reference temperature value (true 
temperature value). The timeline of the forecast 
with such array construction was determined 
by the number of vectors. In the case of fore-
casting for 3 hours, it is one vector, in the case of 
forecasting for one day, it is 8 vectors, and in the 
case of forecasting for three days, it is 24 vectors.

 

 

  Fig. 2. A series of temperature values used to forecast air temperature values 
applying an artificial neural network (43,569 samples from 02/01/2005 	

to 12/31/2019)
 

 
  

Fig. 3. Dividing the raw data into groups and arrays necessary for training an 
artificial neural network (data group 1: I – training set, II – control set, 	

III – test set) and forecasting (data group 2)
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The above procedure for obtaining a forecast was 
termed the one-time simulation procedure. When per-
forming this procedure, the values of the quality of ANN 
training and the values of the forecast accuracy of fore-
casts were obtained in the form of plots. The results are 
obtained for different types of data, different length of 
training vectors and their number, different number of 
hidden layers and different activation functions of neu-
rons, as well as different seasons of the year.

5. Results of investigating the use of an artificial 
neural network of forward propagation for short-term 

forecasting of temperature values

5. 1. Determining the influence of data parameters 
on the quality of forecasting and finding their optimal 
values

The process of using ANN for forecasting includes several 
stages, namely:

– data collection for training;
– preparation and normalization of data;
– selection of ANN topology;
– experimental selection of ANN characteristics;
– experimental selection of learning parameters;
– training;
– checking the adequacy of training;
– adjustment of parameters;
– final training;
– verbalization of the ANN for further use.
In the research process, not all stages were completed; 

no attention was paid to the last three. This is due to the fact 
that during the research, proving the solution to the problem 
to the level of developing a software package for forecasting 
was not considered.

During the formation of the array of initial data, missing 
air temperature values were interpolated as the arithmetic 
mean of neighboring temperature values. There were only 
6 such omissions in the data, therefore, for the length of the 

series of 43569 samples, their correction did not have a signif-
icant impact on the research findings.

As a result of one procedure of one-time modeling, 
72 three-dimensional plots were constructed. Since the scope 
of the paper does not make it possible to represent them all, 
two of them, as an example, are shown in Fig. 5. This is an 
indicator of the quality of training and the accuracy of the 
forecast for one day with a nonlinear activation function, two 
hidden layers, and “raw” data.

The length of the vectors is plotted along the abscissa 
axis, the number of training vectors along the ordinate 
axis, and the value of the parameter of the quality of train-
ing or the value of the parameter of the accuracy of the 
forecast of the corresponding timeliness are plotted along 
the axis of the application. Each point of these plots was 
calculated for the given length of the vector, the number of 
vectors, the number of hidden layers of the ANN, the type 
of activation function, and the type of output data. From 
a mathematical point of view, the plot in Fig. 5, a reflects 
the quality of approximation by the network of the training 
array, and in Fig. 5, b – the quality of data extrapolation by 
the trained network. The plot in Fig. 5, b clearly shows the 
instability of forecasts (highly variable value of accuracy) 
for any length of training vectors and for a small number 
of them.

In addition, the values of the approximation error and the 
distribution of the value of the approximation depending 
on the number of the training vectors were estimated for 
different lengths of the training vectors. As an example, 
they are shown in Fig. 6, 7 for the conditions described 
above, namely, with a nonlinear activation function, two 
hidden layers, “raw” data and with a length of training 
vectors equal to 15.

Of all the ANN paradigms, forward-propagation ANN 
using one-shot simulation was chosen for research. All pa-
rameters of the ANN (number of inputs corresponds to the 
length of the training vector, number of layers, type of activa-
tion function) were set and changed within the capabilities of 
the employed personal computer.

 

 
  

Fig. 4. The principle of forming arrays for training an artificial neural network and for forecasting temperature values with its help
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  a

 

 
  b 

Fig. 5. An example of displaying parameters: a – quality of training; b – accuracy of forecasts 

 
  

Fig. 6. Approximation error of the temperature values for the training array depending on the number of training vectors for 
the length of the training vectors equal to 15 and for the nonlinear activation function, two hidden layers, and “raw” data
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The number of hidden layers was changed from one 
to three since their further increase is impractical due to 
the complexity of the ANN and the increase in training 
time, which, however, did not lead to an improvement in 
the forecast accuracy of predictions. The activation func-
tion of artificial neurons was used in two ways: linear 
without limitation and sigmoidal type with limitation.

During the determination of the optimal length of 
the training vector and the optimal number of vectors 
that train the ANN, from the point of view of the fore-
cast accuracy of the predictions, the simulation of the 
training procedure and the prediction procedure using 
the network was performed. As a result, the size of the 
training array (the length of the vectors and their num-
ber) was selected so that the training procedure was com-
pleted in no more than one hour. Otherwise, the sense of 
short-term forecasting was lost since the result could be 
obtained after the predicted time.

For the number of training vectors up to 500 values 
and for the length of each of them up to 300 values, as 
a result of simulation, 150,000 values of the parameters 
of the quality of training and the accuracy of forecasts 
appear. Solving a problem of this size on a personal 
computer takes more than 24 hours, and the results 
of calculations of neighboring points of the plot are 
very close. Therefore, after several simulation runs, the 
modeling step for the number of training vectors was 
taken equal to 20, and for the size of training vectors it 
was taken to be equal to 5. As a result, the plot began to 
contain 1500 points and turned out to be more compact 
and clearer, which can be seen in Fig. 5.

During the simulation, the quality of training and 
the accuracy of all three forecasts of different timeline 
were evaluated. At the same time, the following changes 
were made: the type of initial data (“raw”, centered); 
number of hidden layers (1, 2, 3); activation function 
from linear to sigmoidal for hidden and output layers; 
seasons of the year.

According to the research results, it was found that the 
type of initial data does not affect the quality of forecasting, 
the accuracy does not change significantly when replac-
ing “raw” initial data with centered ones. Plots in Fig. 8 
illustrate this using the example of a three-day forecast.

 

 
  

Fig. 7. Distribution of the values of approximation error of the training array temperature for the length of the training vectors 
equal to 15 and for the nonlinear activation function, two hidden layers, and “raw” data 

 
 
  a 

 
  b 

Fig. 8. Accuracy of forecasts for 3 days with one hidden layer and a 
linear function of neuron activation for different types of input data: 	

a – “raw” data, b – centered data



Information technology

25

Similar results were obtained with other forecast time-
lines.

5. 2. Determining the impact of artificial neural 
network parameters on the quality of forecasting and 
finding their optimal values

Analysis of all three-dimensional plots with simulation 
results proved that the presence of non-linearity (limitation) in 
the activation function significantly worsens the indicator of 
forecasting quality – accuracy. This is well illustrated by Fig. 9.

Significant instability of accuracy values is observed for 
a forecast with an advance of 3 days with a small number of 
vectors and with an arbitrary length of vectors. For forecasts 
with a different lead time, the picture is similar.

In addition, the presence of a non-linear activation 
function increases the training time of the network by 
more than 3 times. Therefore, when solving such a task, 
the neurons of the network must have a complete linear 
activation function.

Increasing the number of hidden layers of the network 
does not improve, but also does not worsen the quality of 
prediction, the accuracy does not change significantly. In 
Fig. 10, using the example of a one-day forecast by a network 
with one, two, and three hidden layers, it is clearly visible; the 
fluctuations of the accuracy values are very similar.

However, if the number of hidden layers increases, the 
architecture of the network becomes more complicated, and 
with the same learning algorithm (the Levenberg-Marquardt 
algorithm in the procedure of error backpropagation), the 
learning time increases several times.

In addition, analysis of our data on the quality of network 
training and the accuracy of predictions reveals that good 
quality of training does not guarantee obtaining high accuracy 
of predictions. Moreover, this effect is observed with different 
power of the network, that is, with different numbers of neu-
rons and layers. This thesis is well illustrated by Fig. 11, 12. 
Fig. 11 shows that the quality of training is good and slightly 
decreases with a large number of training vectors. 

 
   

 
  

a

b

Fig. 9. Validity of forecasts for 3 days for the same type of initial data (“raw” data) and the same number of hidden layers (one 
layer) for different activation functions of neurons: a – for a linear activation function, b – for a nonlinear activation function
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a

b

c 

Fig. 10. Accuracy of forecasts for 1 day based on “raw” data and with a linear activation function based on the presence of: 
a – one hidden layer, b – two hidden layers, c – three hidden layers
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However, with an acceptable quality of training, the 
assessment of accuracy is unstable and fluctuates strong-
ly (Fig. 12, a–c).

This may mean that the concept of good training 
quality is very conditional, i.e. a good approximation of 
the training data network is not synonymous with correct 
learning. This effect is very similar to human learning.

The studies described above were the first stage at 
which it became possible to determine the optimal type of 
input data, amount of output data, and main parameters 
of forward propagation ANN for forecasting temperature 
values.

Based on the results of the first stage of research, to ob-
tain further numerical estimates of the parameters of the 
quality of learning and forecasting, a single-layer forward 
propagation ANN was used with linear functions of neu-
ron activation, with training based on “raw” data, using 
the Levenberg-Marquardt algorithm, and with the volume 
of initial data in in the form of 150 vectors with a length 
of 15 each (the areas of stable forecasting are outlined in 
Fig. 8–10). Moreover, during training on such an insignif-
icant amount of data, one mandatory condition must be 
observed: while forecasting in a certain season (time of 
the year), earlier data must be taken for training, but nec-
essarily from exactly the same time of year. Otherwise, the 
prediction error will be unacceptably large.

The second stage of research involved the application 
of the specified network with the above parameters during 
short-term forecasting three hours, one day, and three days 
in advance and obtaining numerical estimates of parame-
ters for the quality of training and forecasting. The results 
of the second stage of research are shown in Fig. 13–15.

The value of the error during operation, obtained as a 
result of the first stage of research of the network on the 
target set, is actually the result of the approximation of the 
objective function by the network (Fig. 6). The training 
quality indicator was 72 %, and the root mean square er-
ror (RMS) of approximation was 1.57 °С.

Fig. 13 shows the result of a one-time forecast for 
3 hours. Since the short-term forecast for 3 hours is a 
forecast one step ahead in eight-time forecasting, we get 

one forecast value as a result. Fig. 13 demonstrates the ref-
erence temperature, network output value, and prediction 
error. From these data, it can be seen that the accuracy of 
the forecast for three hours was 100 %.

The desire to obtain a complete set of reliable forecast-
ing statistics for three hours for plotting error values and 
error value distribution histograms requires multiple (at 
least 50 times for statistical reliability) repetition of the 
one-time simulation procedure.

While with a one-time simulation of the forecast for 
3 hours, one can only get an alternative estimate of accu-
racy of 0 % or 100 %, then with a one-time simulation of the 
forecast for one day and three days, it is already possible 
to reasonably construct a histogram of the distribution of 
the forecast error value, estimate the root mean square de-
viation, and obtain the value of the evaluation of forecast 
accuracy.

Fig. 14 shows the result of one-time forecasting for 
one day. This short-term forecast for one day is a forecast 
eight steps ahead of an eight-term forecast, so we get eight 
forecast values as a result. Fig. 14, a shows the prediction 
error, and Fig. 14, b–a histogram of distribution of the er-
ror value. The accuracy of the forecast for one day is 100 %, 
and the RMS of the forecast for one day is 1.78 °С.

As in the first case, the desire to obtain a complete set 
of reliable statistics for constructing a plot of error values 
and a histogram of the distribution of error values requires 
multiple (at least 50 times for statistical reliability) repeti-
tion of the one-time simulation procedure.

Fig. 15 shows the result of a one-time forecast for three 
days. This three-day short-term forecast is twenty-four 
steps ahead of the eight-day forecast, so we end up with 
24 forecast values. Fig. 15, a shows the prediction error, 
and Fig. 15, b – a histogram of the distribution of the error 
value. The accuracy of the three-day forecast is 91.7 %, and 
the RMS of the three-day forecast is 2.28 °С.

As in the first two cases, the desire to obtain a complete 
set of reliable statistics for constructing a plot of error val-
ues and a histogram of the distribution of error values re-
quires multiple (at least 50 times for statistical reliability) 
repetition of the one-time simulation procedure.

 

 
  

Fig. 11. Illustration of the quality of network training with one hidden layer and with a linear activation function
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Fig. 12. Illustration of the quality of forecasting with one hidden layer and with a linear activation function: a – accuracy of the 
forecast for 3 hours, b – accuracy of the forecast for 1 day, c – accuracy of the forecast for 3 days
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Fig. 13. Result of forecasting for three hours 
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Fig. 14. Results of one-time forecasting for one day: a – forecasting error; b – histogram of the distribution of the error value



Eastern-European Journal of Enterprise Technologies ISSN-L 1729-3774; E-ISSN 1729-4061	 1/2 ( 133 ) 2025

30

6. Discussion of results base investigating the application 
of artificial neural network of forward propagation for 

short-term forecasting of temperature values

There are many technologies for the use of artificial neural 
networks for forecasting weather elements, as well as various 
ANNs. But there is a need for simple means and methods of 
short-term forecasting for use in the production and forecasting 
units at the hydrometeorological service organizations. These 
means and methods are ordinary personal computers with 
not very complex ANNs, with a well-developed learning algo-
rithm, and with optimized ANN parameters and output data. 
The advantage of the proposed forecasting technology is its 
simplicity. A not very complex ANN is a forward propagation 
network with training using the method of error backpropa-
gation and with the Levenberg-Marquardt learning algorithm 
as the fastest. In contrast to [13], in which only the parameters 
of neural networks considered the influence on the quality of 

visibility prediction, the influence of the parameters of the initial 
data was also studied. This prompted the idea to formulate the 
technology of using a relatively simple artificial neural network 
for forecasting air temperature values with the help of personal 
computers. This approach was formulated in [14]. Based on this 
approach, the technology of using an artificial neural network of 
forward propagation for forecasting weather elements has been 
developed. It demanded, among other things, investigating how 
the parameters of both the ANN and the source data affect the 
quality of forecasting. As a result, the best (optimized) param-
eters of the ANN and the best (optimized) parameters of the 
initial data have been determined. 

As a result of our study, it was established that the type 
of initial data does not significantly affect the quality of fore-
casting (Fig. 8). The optimal length of training vectors and 
their number are equal to 15 and 150, respectively (outlined 
areas in Fig. 8–10). Such ANN and data parameters provide 
the best accuracy for short-term forecasts (Fig. 13–15).

 

 
  

a
 

 
  b

Fig. 15. Results of one-time forecasting for three days: 	
a – forecasting error; b – histogram of the distribution of the error value
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An unexpected result of the study is that high-quality 
ANN training does not always ensure the quality of the fore-
cast (Fig. 11, 12). This result requires clarification.

Our research has also revealed that ANN parameters 
significantly affect the quality of forecasting. The presence 
of any limitation in the neuron activation function leads to a 
sharp deterioration in the quality of forecasts, therefore the 
neuron activation function must be completely linear (Fig. 9). 
The number of hidden layers does not significantly affect the 
quality of forecasts (Fig. 10).

Thus, the proposed technology for short-term forecast-
ing of weather elements, in particular, air temperature, 
will make it possible to achieve this with simple means and 
methods, without the involvement of powerful computers 
and cloud systems. Based on the developed technology, short-
term forecasts of temperature values were obtained, and their 
quality was assessed. The quality of the obtained short-term 
forecasts is high (the accuracy of the forecast for three hours 
and one day is almost 100 %, and the accuracy of the forecast 
for three days is at least 91 %).

With the practical application of such technology, there 
is a need to forecast other weather elements in a similar 
way. However, significant problems could arise when fore-
casting atmospheric pressure. The normal pressure value 
is 1013 hPa, and its changes are less than 10 percent of this 
value. The behavior of ANNs when trained on such data re-
quires additional research.

The drawback of the research is that all the reported 
research findings are based on data that reflect a calm 
atmosphere in some seasons. Both network training and 
forecasting were carried out on such data. Therefore, in the 
development of this study, it is of undoubted interest to study 
the impact on the quality of short-term forecasting of the 
temperature values of the disturbed atmosphere. It is also 
necessary to carry out multiple simulations of the forecast, 
during which the number of obtained estimates increases, 
the possibility of obtaining statistical estimates of accuracy 
appears, which increases the reliability of the forecast. The 
use of ANNs for medium- and long-term forecasting of 
weather elements is also of particular interest.

7. Conclusions 

1. The optimal data sample for training the forward propa-
gation ANN has been determined, which provides the best ac-
curacy of short-term temperature forecasts. This training sam-
ple consists of 150 training vectors with a length of 15 counts 
each. Larger and smaller sizes of vectors and their larger and 
smaller number lead to a deterioration in the quality of fore-
casts and to instability of forecasts. The impact on the validity 
of short-term temperature forecasts of the parameters of the 
data used to train the neural network and the optimal parame-
ters of the data have been determined. Optimal parameters are 

“raw” data and the same seasonality of data for training and 
forecasting. “Raw” data and centered data give close accuracy 
values, but “raw” is the best because it does not require any ad-
ditional processing unlike centered. The condition of the same 
seasonality of the data arose due to the fact that the length of 
the training vectors turned out to be small.

2. The optimal parameters of the ANN have been de-
termined. First, it is the requirement for neurons to have 
a complete linear activation function. The presence of any 
non-linearity (constraint) in the activation function leads to 
unacceptable accuracy errors in prediction. Secondly, it is the 
presence of one hidden layer in the network. Increasing the 
number of hidden layers does not improve the quality of pre-
diction. This is due to the nature of the initial data, namely, 
a simple harmonic numerical series with seasonal period-
icity and an imposed noise component in the form of daily 
temperature fluctuations. According to the understanding 
of the operation of such a neural network, two hidden layers 
would be optimal for the task of temperature forecasting, 
one to respond to seasonal fluctuations, the second to daily 
fluctuations. However, the energy of the noise component 
turned out to be very insignificant and did not manifest itself 
in the experiment. Thirdly, training was carried out on the 
basis of the procedure of error backpropagation using the 
Levenberg-Marquardt algorithm. The error backpropagation 
procedure is well established, and the Levenberg-Marquardt 
algorithm is the fastest. Applying other training algorithms 
more than doubles the training time of the network without 
significantly improving the accuracy.
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