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Artificial Neural Networks-based
methodological approach for Climatic
variables prediction
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was presented by Choudhurya and Bartarya [7]. Also artificial
Abstract— In this work it's presented a neural networks-basedeural networks have been used for creating model for the

methodological approach for obtaining climatic variables predictiogreenhouse climate [8] and for surface temperatures prediction
using artificial neural networks. In this methodology it's includeqn saudi Arabia [9].
statistical data analysis techniques and has been used for temperatur/g\

- - - rtificial Neural Networks [10] are a very useful intelligent
humidity and Pressure prediction using data collected from a weather | " . ", .
station in Ibarra, Ecuador. technique [11, 12], because of it capability for learning

behaviors from available data and having generalization

Keywords—Artificial neural networks, Climate prediction, capabilities for dealing with data different that the one that was

Environmental  pressure  prediction, Humidity predictionused for generating the models [13].
Temperature prediction. Some methodological approaches have been made for
constructing virtual sensors [14], general applications [12, 7,
. INTRODUCTION 15, 14] and classification activities using neural networks [16],
EATER forecast has been a widely studied area arml this work it's presented a methodological approach for
many international services are focus on this activity [Llimatic variables prediction using both statistical data analysis
2, 3], because of its impact to critical areas as safety, secur[fy/, 18, 19, 20, 21, 22] and Artificial Neural Networks
agronomical activities, tourism, building, social developmenincluding the most typical type of problems that can be found
among others. working with climatic measurements.

For making this climate predictions, there have been usedThis work is organized as follows: In section 2 it will be
mathematical models, statistical model and more recentiyesented the proposed methodological approach for climatic
intelligent models. Ruano el at [4] have used a multi-objectiwariables forecasting using data analysis and artificial Neural
genetic algorithms for designing off-line radial basis functioletworks. Section 3 will depict the design of the climatic
neural network models. Dombaycia and Golcli [5] haveariables prediction model using data analysis and Artificial
developed an artificial neural network model for predictinfNeural Networks for predicting the temperature, humidity and
daily mean ambient temperatures in Denizli, south-westeemvironmental pressure in Ibarra city in Ecuador, including the
Turkey. For adjusting the model they have used temperatfearacteristics and topologies used. In section 4 it will be
values, measured by The Turkish State Meteorologicpresented the found results for the diverse forecasting models
Service. Concerning other important climatic variablesreated and finally in section 5 will be presented the
prediction, Shank et al [6] have used artificial neural network®nclusions, recommendations and further works.
for predicting Dew point temperature from 1 to 12 h ahead

using prior weather data as inputs. . METHODOLOGICAL APPROACH FOR CLIMATIC VARIABLES
One work concerning the relationship between temperaturéREDICTION USING DATA ANALYSIS AND ARTIFICIALNEURAL
and other areas as tool wear using artificial neural networks, NETWORKS

In order to be able to create climatic variables prediction
models using statistical data analysis and neural networks, it is
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A. Stage 1. Analysis and Description of the climatic

prediction Problem

In this stage it should be well studied the climatic conditions
in the place where is going to be created the model, including
the variables characteristics and behavior, the measurement
devices used (meteorological stations, sensors, components,
among others). Also is important to know the complete list of
available information and the historical databases that will be
used for creating the model.

B. Stage 2. Feasibility analysis for climatic variables
prediction using Statistical Data Analysis and Neural
Networks

According to the information collected in the previous stage
it will be studied the feasibility of constructing a neural
networks-based model for predicting the climatic variables. It
will depend on the quality of the available data, the collected
historical data and the diverse measured variables and its
relationship with the variables wanted to be predicted.

C. Stage 3. Statistical data analysis of the Variables that

will be used for creating the climatic prediction model

Because the model will be created using artificial neural
networks, it will highly depend on the quality of the data and
the relationship between the variables that will be used for
creating the model. It will be used statistical data analysis tools
in order to take appropriate decisions concerning the variables
and patterns that will be used and to evaluate and complete the
data sets for making them useful for making the neural
networks-based model. It will be used statistical techniques
oriented to the detection of atypical observations, variables
transformations if it is required, relationship between
variables, data imputation, and data sets selection, among
others.

This stage has four important phases:

Phase 3.1 Available Data Description

This phase consists of the description for the data that
is going to be used for creating the prediction model.
It is necessary to specify the dimensions, ranges, units
and environmental meaning of each variable. In this
phase the missing values are detected and quantifie
in order to define if there is any pattern concerning
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Using this technique is important to verify the linear

relationship and correlation between variables and
detecting possible multicolinearity problems and this
will be an important activity for making the variables

and patterns selection.

Another important issue for using exploratory data
analysis is for Outliers (or atypical observations)
detection, that are data that do not correspond or are
not coherent with most of the available measurements.
There are many techniques for founding this outliers,
but the final decision of taking this data off or keep it
is based on the researcher criteria and also in the
registration of possible problems during the data
acquisition.

Phase 3.3 Data processing and imputation

In this phase it should be selected the variables that
are going to be used as neural network’s inputs
(independent or explanatory variables).

The treatment of atypical observations [25] is made
and it's decided if this outliers are going to be
eliminated, exchanged by other measurements or
kept.

Another important activity in this phase is the Data

imputation [26, 27, 28, 29] in case that there is some
missing values. In this case it should be decided if
there is going to be used simple imputation techniques
or multiple imputation techniques [30].

Phase 3.4. Training and testing sets Selection

For creating the climatic prediction model using
neural models, it is important to split the original data
set in two new ones: one of them will be used for
adjusting the neural network’s model and the other
one will be used for testing the model with non-
previously known data in order to verify the
generalization capabilities of the model. For this data
sets selection some random sampling procedures can
be used.

. Stage 4. Neural Networks-based prediction model
onstruction

this data loose, because for using imputation In this stage is given the neural networks training, using the
techniques it will be necessary to establish tha&ranged data set, the selected inputs and the defined training

missing data are random and do not present sgt. It's also selected the diverse topologies or neural
particular pattern or behavior. network’s architecture. It should be decided if there is going to
be used some time delay’s models in order to give temporal
Phase 3.2 Exploratory Data Analysis evolution information to the neural networks. It will be
Exploratory Data Analysis [24, 18, 21, 22] is used fo[svaluatt_'-:d the res_ults found with diverse neura! _network's
characterizing the set of climatic variabledopologies and which of them presents a better fitting to the

observations and is formed by four great groupé’.riginal data, and finally the same evaluation process should

central tendency measures, dispersion measures, fdffy done with the testing data set for determining the
measures and non-central position measures. It's usagjustment of the model to non-previously shown data set and

for determining the behavior of the data, as well abe generalization capabilities. All these activities can be
the possible structures that it present. reduced in two phases:
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Phase 4.1 Prediction Model Adjustment station [32] and the variables that have been measured during

It's selected the neural network’s architecture or topoloﬂbOre 'Fhan seven year. It was foupd that .thereT have been using
(number of layers, neurons in each layer, activation functio /o different meteorological stations with different sample

among others). The neural network’s inputs were selected RR0dS, so it was decided to keep the information with the
the previous stage and here can also be defined new inrmgst recently information, that is a station which takes more
corresponding to measurements of previous periods of tiffEn sixteen variables every five minutes.

(“me de|ay) It can also be evaluated combination of neural It was studied the relationship between the variables and it
networks with some other formal or intelligent techniques. was decided to create the climatic variables prediction model
using: Temperature, Humidity, Dew Point, Wind speed,
Pressure, Rain and Solar Radiation [33].

It's evaluated the diverse obtained neural networks-basedBecause it's wanted to predict the temperature, humidity
prediction models using the data set reserved for testing. It valhd pressure for one day in the future, it was created diverse
be evaluated the generalization capabilities of the obtainatbdel using information regarding the time stamp for the
prediction models and it will be selected the best modelimatic variables prediction and it was used information
according to the data fitness, simpler topology, less error gncerning the measurements just from one day before and
training and testing phases, among others criteria with theso with information from previous days up to five former
ma?n purpose of choosing .the model that better represents H&@/s. The general structure of the neural networks-based
variable wanted to be predicted. models can be seen in Fig.2, Fig.3 and Fig. 4.

Phase 4.2 Prediction Model Evaluation

E. Stage 5. Neural networks-based prediction model
implantation

In this stage it will be created the operational model that wilPavk
. . . . . Month(k)
be used for continuously predicting the climatic variable. Ityear)

will depend on the characteristics of the systems where thiurk)
. . . .. . Min(k)
model will be running and the periodicity for having a new on-remg-1)

. .. Temp (k)
line prediction. Hum(k-lk)
. . . Dew Pt(k-1
_In Fl_g. 1, it's dep|cte_d '_[he ge_neral rr_let_hodology scheme fof g sf,ee(),(k_l)ﬁ
climatic variables prediction using statistical data analysis anefessure(k-1) N N
Rain(k-1)
neural networks. solarkad (k1) INPULS o o Output
Analysis and Description of Temp(k-n)
the prediction Problem Hum(k-n)
Dew Pt(k-n)
Wind speed(k-n)
Feasibility analysis for climatic variables Pressure(k-n)
prediction using Statistical Data Rain(k-n)
Analysis and Neural Networks Solar Rad (k-n)
Statistical data analysis of the Variables AE\ZGI"SSEDE; tD:Zf’rg;tg;" Fig. 2. General structure of th ne.ural networks-based model for
that will be used for creating the " Dt processing and imputation temperature prediction in Ibarra, Ecuador
climatic prediction model Training and testing sets Selection
Neural Networks-based prediction Prediction Model Adjustment Day(k)
model construction Prediction Model Evaluation Mgnth(k)
. Year(k)
Neural networks-based prediction Hz?ur(k)
model implantation Min{k) L
Temp(k-1) Humidity (k)

Fig. 1. General Methodology Scheme for climatic variables Hum(k-1)
prediction using statistical data analysis and neural networks oo ") ‘
ind speed(k-1)

Pressure(k-1) N N
Rain(k-1)
solarRad (k1) INPULS @) 0 Output
IIl.  CLIMATIC VARIABLES PREDICTION MODEL DESIGN USING
THE DATA ANALYSIS AND ARTIFICIAL NEURAL NETWORKS Leu“;‘;‘kﬁ”)’
PROPOSED METHODOLOGY Dew Pt(k-n)

Wind speed(k-n)
It was used the proposed methodological approach fofressure(k-n)
predicting the temperature, humidity and pressure in Ibarré_f:;‘f'ﬁ{;‘fj (ken)
city [31], that is located in Provincia de Imbabura in Ecuador.
Ibarra is a city with a many climatic changes during the day Fig. 3. General structure of the neural networks-based model for
and is an interesting place for constructing a climatic variables humidity prediction in Ibarra, Ecuador
prediction models.

According to the methodology is was studied the climatic
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Day(k)
Month(k)
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Fig. 4. General structure of the neural networks-based model for
pressure prediction in Ibarra, Ecuador
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Temperature

Concerning the statistical data analysis, it was analyzed the
data taken every five minutes from January 1st 2012 until m~="-

15th 2015. It was detected the outliers and took decisio
about this data. Also it was found the incomplete data and
was made the data imputations in order to fill this spaces in t
data sets.

It was selected the data set that was going to be used
training the artificial neural networks (240.000 patterns) ar
the data set used for testing the model (116.640 patterns).

The model that gave better result for the temperatu
prediction (according to the general model depicted in figui
2) was the one created using information regarding all tt
previous days until the fourth day. The results can be seen
Fig. 5, Fig. 6 and Fig. 7.

Temperature

30

ommen Feal Data
o Predicted data
|

] 2 4 b g 1a 12
Observation i 104
Fig. 6. Result for the testing data set using temperature prediction
model
: R=0.9354

Output ~=087"Target +2

15 20 25
Target

5 10

Fig. 7. Regression plot for temperature prediction model

Concerning the humidity prediction, the model that gave
better result (according to the general model depicted in figure
3) also was the one created using information regarding all the
previous days until the fourth day. The results can be seen in

- Real Data
o Predicted data

i I ! I I
] 0.5 1 15 2

Observation

25
w1’
Fig. 5. Result for the training data set using temperature prediction
model
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Fig. 8. Result for the training data set using humidity prediction

model
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Figure 9. Result for the testing data set using humidity prediction
model
1 R=0.91212
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Fig. 10. Regression plot for humidity prediction model
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The model that gave better result for the environmental
pressure prediction (according to the general model depicted
in figure 4) was the one created using information regarding all
the previous days until the fifth day. The results can be seen in
Fig. 11, Fig. 12 and Fig. 13.

Pressure
1080
950 q
900 q
a0 5
800 q
R L e S S ] 1
- Real Data
o Predicted data
— ‘ ‘ ‘ .
0 05 1 15 2 2
Observation 5 105
Fig. 11. Result for the training data set using pressure prediction
model
Pressure

1020

e Real Data
o Predicted data
I

995 1 1 1 1
]

2 4 5 g 10 12
Observation i 104
Fig. 12. Result for the testing data set using pressure prediction
model
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IV. CONCLUSION

In this paper it was presented a methodological framewoyi)
proposed for creating climatic variables prediction models
using statistical data analysis and artificial neural networks.

. : . 16]

This proposed methodological approach considers tl[le
typical kind of problems found in climatic prediction problems
and the best statistical and analytical ways for handling this
problems. 17

It was used this methodological approach for creating
particular models for temperature, humidity and pressuls]
predictions for the city of Ibarra in Ecuador and it was foun
good results with diverse artificial neural networks structures,
founding that for each variable the best model contairi&0]
different  information  requirements  concerning th(le]
measurements from previous days

It will be continued this research, creating new models arzp]
it can be studied the feasibility of using other intelligent o[r23
hybrid techniques for having better results.
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