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Abstract. To model and forecast complex time series data, machine
learning has become a major field. This machine learning study examined
Moscow rainfall data's future performance. The dataset is split into 65%
training and 35% test sets to build and validate the model. We compared
these deep learning models using the Root Mean Square Error (RMSE)
statistic. The LSTM model outperforms the BILSTM and GRU models in
this data series. These three models forecast similarly. This information
could aid the creation of a complete Moscow weather forecast book. This
material would benefit policymakers and scholars. We also believe this
study can be used to apply machine learning to complex time series data,
transcending statistical approaches.

1 Introduction

Among one of the most compactly populated areas in the nation, the Moscow region ranks
second among federal regions in terms of population density. Moscow is the biggest
monocentric agglomeration in Europe, with a population of over 10 million people [1,2].
Government authorities are spread across Moscow and other areas in the oblast, therefore
there is no administrative hub. The 2010 census counted 7,095,120 people; the 2015 census
counted 7,231,068. The city is at 55 degrees, 45 minutes, and 7 seconds North and 37 degrees,
36 minutes, and 56 seconds East. Regional industrialization is high [3]. Moscow has a humid
continental climate with short, warm summers and long, cold winters. The average
temperature is 3.5°C (38.3°F) to 5.5°C (41.9°F). The coldest months are January and
February. Western temperatures average -9°C (16 °F), whereas eastern temperatures average
-12°C (10 °F).
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The lowest recorded temperature is -54 °C (-65 °F) (2, 3). This study uses a deep learning
Long Short-Term Memory (LSTM) model and Google Earth Pro data from 1901 to 2019 to
predict precipitation patterns. The current study found Moscow precipitation increased. Time
series data prediction depends on the sequence being modeled and may have spatial
dependencies across dimensions. Rainfall prediction has historically used physical and
conceptual models [4]. Physical models can make near-daily forecasts and predictions,
whereas conceptual models are better for daily time-scale phenomena. Conceptual and
physical models that use temporal scales cannot accurately predict precipitation and runoff,
especially when spatial resolution is low [5,6]. Additionally, these models require specific
physical features that limit their capacity to reliably forecast sequence data with uncertain or
limited quasi-periodic dynamics [7-10]. Rainfall predictions used LSTM, the closest
statistical method to deep learning. According to Poornima and Pushpalatha [11], statistical
methods are only accurate for time series data with non-uniform trends within and between
seasons. A data analysis method could improve precipitation forecasts. The ability to estimate
string data patterns and dynamics without parameters is responsible for this skill. It also
accounts for observation randomness and system noise. Deep learning is preferred for
examining precipitation time-series trends (Kratzert 2018). [12] noted that [13] suggested
utilising LSTM for rainfall forecasting because to its higher performance in long-term
analysis. The RBF network and empirical decomposition models are used in other
precipitation forecasting studies, such as [14] study. The samples showed that the approaches
failed to include seasonal degradation and cyclical oscillations in rainfall and runoff time
sequence data. [15] developed an artificial neural network (ANN) training software that uses
genetic algorithms to improve Kentucky River watershed flow-volume estimations. [16]
studied India's sparse Malaprabha River Basin. To precisely mimic rainfall and runoff
intensity, they used a modular neural network. [17] obtained better results than [18]. Internal
repetition allows the LSTM technique to dynamically integrate past learning experiences.
[19] found that LSTM is computationally more dependable and architecturally more coherent
than feed-forward neural networks without internal states. LSTM can accurately replicate
and imitate chaotic series by demonstrating time series data fundamental properties. LSTM
is good for long time delays and low- and high-frequency time-series signals. Long Short-
Term Memory (LSTM) can learn and capture time-series data better than ANN and statistical
models like ARMA and ARIMA. This makes LSTM beneficial for assessing different time-
series data [20,21].

LSTM is used to analyse and predict precipitation trends in Moscow, where
meteorological and hydrological monitoring networks are lacking. To understand a model's
significance in this setting. Due to a lack of meteorological data, LSTM benefits in
precipitation applications have not been compared in the literature. Google Earth Pro
meteorological data is used to analyse and predict Moscow rainfall patterns in this study.

2 Materials and Methods

A Recurrent Neural Network (RNN) uses the output from the previous step as input for
the next phase. In classic neural networks, inputs and outputs are usually independent.
However, earlier words are critical when predicting the next word in a sentence, so they must
be preserved. Thus, the RNN was created to solve this problem using a Hidden Layer. RNNs
are most known for their Hidden state, which stores sequence data. Recurrent Neural
Networks (RNNs) have "memory" that stores previous calculations. It uses comparable
parameters for each input because it produces the output by performing the same operation
on all inputs or hidden layers. This simplifies parameters compared to other neural networks.

LSTM Model: Recurrent neural networks like LSTM can learn sequence prediction order
dependency. The LSTM model network has had a big impact and can learn from sequential
data. LSTMs can capture long-range dependencies, making them more precise than RNNs.
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The backward flow of mistakes in the RNN architecture is complicated by back-propagation.
The back-propagation approach uses the chain rule to combine functions. Finding the local
loss function minimum with Stochastic Gradient Descent (SGD) is effective. After getting
the gradients from the computational network nodes, we may calculate the gradients of nodes
with a beginning point by finding its gradient and moving in the opposite way. Finding a
local minimum is most efficient with this strategy. LSTM memory cells store and transmit
unit outputs over several time steps. The LSTM memory cell uses cell states to store
information over time. It also has a forgetting gate, input gate, and output gate to manage
information flow between time intervals. This study predicted background radiation using
time-series rainfall data and LSTM neural networks. The vanishing gradient problem arises
when trying to explain recurrent neural network arrangement's persistent reliance. Initial
stages have less impact as the input sequence lengthens, leading gradients for the first few
input points to evaporate and reach zero. The LSTM activation function is the identity
function, hence its output equals its input. The derivative of this function is always 1.0
because the LSTM is recurrent. Thus, backpropagated gradients remain constant. Nodes
output according to their activation functions. LSTM networks use sigmoid and hyperbolic
tangent activation functions. Current LSTM architecture uses sigmoid function for forget
gate and input gate and tanh function for candidate vector that updates cell state vector.

BiLTSM Model: The hybrid BiLSTM model combines the strengths of the BIRNN and
LSTM models. Information is sent forward and backward using the BiLSTM model.
BiLSTM is a bidirectional neural network that captures past and future data. Among other
parallel processing models is BILSTM. The first step is encoding the wp and wq queries
using two LSTM models.

GRU Model: Standard recurrent neural networks are improved by GRUs. GRU employs
update and reset gates to tackle the conventional RNN vanishing gradient problem. The
output information is determined by these two vectors. They are unique because they can be
trained to retain old data without washing it or removing irrelevant data from the forecast.

3 Results and Discussion

From table 1, we found that; from January 1901 to December 2019, average rainfall
increased from 1.30mm to 159.40mm. A Kurtosis value (3.52) indicates that data follows a
mesokurtic distribution which shows the dataset has heavier tails than a normal
distribution (more in the tails). Followed by a positive value of skewness (0.87) which is
between more than 0.5, the distribution is approximately non-symmetric. These descriptive
statistics show asymmetry in data set. This is the main reason that we have to choose neural
network techniques.

Table 1. Descriptive statistics about the average monthly rainfall in Moscow from January 1901

to December 2019
M Minimum Maximum kurtosis skewness Standard deviation
0SCO
v 1.30 159.40 3.525279 0.8725834 2725184

From table 2, we came to know about the accuracy of training data, which is 65% of the
data set of monthly average rainfall in Moscow. For accuracy measurement, different
statistics are given like; Mean Error (ME), Room mean square error (RMSE), mean absolute
error (MAE), Mean absolute percentage error (MAPE), Mean percentage error (MPE) and
Auto correlation function (ACF).

Table 2. Accuracy of training data 65% of the data set of monthly average rainfall in Moscow

Model ME RMSE MAE MPE MAPE ACF1

LSTM 0.104294 | 23.259798 18.61297 | -24.963645 | 47.358616 | -0.011684
BI-LSTM | 1.608855 | 24.642836 | 19.637613 | -24.24154 | 49.081123 | 0.041935

GRU 1.993111 | 24.696203 | 19.640396 | -23.514741 | 48.790031 | 0.069637
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From Table 3, it is clear that the LSTM model performed well for the given data
set. LSTM networks were found to have more predictive skills after analyzing the data.
Thevalues of ME, RMSE, MAPE, MAE and the MPE for LTSM are 0.104, 23.25, 47.35,
18.61 and -24.96. The value of all the errors for the training data set is lower in the case of
LSTM model. For BILTSM and GRU all the values are higher than LSTM. It shows the
efficiency of the LTSM model. The value of ACF is -0.011 for LSTM, 0.041 for BILTSM
and 0.069 for GRU. The negative value of ACF showsa violation of independence. From
table 3, we see the accuracy of test data i.e. 35% of the data set. For this we used RMSE and
we see that the value of RMSE for the LSTM is 26.29, for BILTSM are 27.70 and for GRU,
itis 27.67.

Table 3. Accuracy of testing data 35% of the data set of monthly average rainfall in Moscow

Model RMSE
LSTM 26.299781
BI-LSTM 27.700437
GRU 27.674776

From table 4, we conclude that the LTSM is perfect for test data as well as trained data.
The accuracy of LSTM model is veryhigh because the values of the accuracy criteria (ME,
RMSE, MAE, MPE, MAPE and ACF1)are lower than the values of the accuracy criteria of
the BILTSM and GRU model. So we outperform the forecasting of rainfall in Moscow by
LSTM model.

Table 4. Forecasting monthly average rainwater in Moscow

Month 2020 2021 2022
January 44.973110 | 49.349667 | 50.016087
February | 45.687706 | 48.818470 | 49.829872
March 46.940685 | 48.726063 | 50.206001
April 48.281284 | 49.677433 | 50.815350
May 50.242065 | 51.326649 | 51.298695
June 53.373997 | 52.700985 | 51.568611
July 56.263359 | 53.088612 | 51.759712
August 56.956448 | 52.696297 | 51.916859
September | 54.769272 | 52.232498 | 51.902760
October 51.942791 | 51.900421 | 51.611423
November | 50.343182 | 51.432720 | 51.157558
December | 49.758602 | 50.699108 | 50.793095

In Table 4, monthly average rainfall is predicted by LSTM model. As the LSTM model
is the best among the different RNN models,so, table 4 gives the best forecasted values for
the present study. Forecasting is done for 36 consecutive months i.e. January 2020 to
December 2022. Figures 1-3 depicts the trend of the forecast dataalong with prediction of
training and testing data using all the three models LSTM, BiLTSM and GRU, models.
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Figures 4-6 gives a comparative picture between train loss and validation loss using
LSTM,BiLTSM and GRU models. Algorithms for the complete methodology for all the used
models viz LSTM, BiLTSM and GRU are shown in Fig 7.
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Fig. 4. Model Train vs Validation loss for BILSTM
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In this work we show that the rainfall data of Moscow can be used to predict future
behavior with machine learning technique. We obtained a good result using the deep RNN
approach. Three deep learning approaches i.e. LSTM, BiLSTM and GRU models are used to
predict the forecast of rainfall in Moscow, and tried to find out the best model based on
different goodness of fit in both the training and the testing data set. The LSTM model gave
a batter approach over the other two models. For testing data set 5.06% RMSE improvement
was observed int he LSTM than the BILSTM and 4.968% RMSE improvement than the GRU
model. Allover, these results confirmed a strong acceptance of a deep learning approach to
estimating the weather forecast.

4 Conclusion

In the projection model, every model shows a different error rate.In the present investigation;
there are different measures of errors, viz. ME, RMSE, MAE, MAPE, MPE and ACF1 for
the training data.For testing data, there is RMSE for checking the accuracy and efficiency of
the models. The best model for forecasting monthly rainfall in Moscow is the LSTM model.
This model shows minimum errors in all the aspects. For training data set, LSTM model has
a minimum RMSE that is 23.25, minimum MAPE, MAE, MPE and ME i.e.47.35, 18.61, -
24.96 and 0.10 respectively. For the testing data set, LTSM has a minimum RMSE i.e. 26.29.
So, for both the process,the LTSM model shows the best results. Although BiLTSM and
GRU models perform well but they are not best just because of their highest measures of
accuracy. The present investigation helps to study the irregular past trends and gives the best
prediction model.
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