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Resumen. This work presents a model that forecasts the residential electricity 

demand of the City of Salta. The consumption habits of the residents of the 

dwellings helped the development of the proposed model, which include the 

turning on and off of the artifacts, aspects related to the presence or not of peo-

ple in the homes, including the day-night simulation, of temperature environ-

ment and relative humidity. Surveys and interviews were conducted to characte-

rize the electricity consumption routines in the city's housing. The techniques 

proposed in the theory of probability and statistics helped the development of 

the functions that are integrated to form the proposed model 

 

1   Introduction 

Electricity is essential for the operation of the various activities of any country, re-

gardless of whether it is developed or is in the process of being developed. However, 

the increase in global energy demand and the insufficiency of the development of new 

energy technologies combined with social aspects such as population growth, industri-

alization, and globalization have created problems to satisfy the growing demand for 

energy. 

 

Also, electric power cannot be stored in large quantities, so, at each moment of 

time, there must be a balance in the network, so that the supply is equal or slightly 

higher than the demand. This planning requires coordination in the production of en-

ergy, ranging from investment decisions in a generation to the transportation of elec-

tricity. Against this background, it is essential to forecast the demand for electric pow-

er most accurately, since such prediction can determine the most efficient action of 

each of the parties involved in the generation and distribution of electrical energy. 
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During the last decades, the authors have published methods that allow estimating 

the temporal evolution of the energy demand, with different considerations of time 

and space scale. This type of studies allows us to analyze the changes in demand in the 

face of changes in the environment, generating tools for the preparation of economic 

policies or the planning of the energy sector. 

 

The works listed in the bibliography can be classified into models based on analysis 

of trends and models based on artificial intelligence. Among the first ones we can find 

the works [1 – 3] were several models based on time series are proposed to estimate 

the annual electricity consumption. In all these works, they use as input variables the 

Historical Electric Consumption and the Variation of the gross domestic product 

(GDP) throughout the years of study; however, [4] proposes the use of the variation of 

the price of electricity, an essential factor in the development of the model, because 

this variable is strongly related to the costs of an organization; but, it does not take 

into account the evolution of GDP. 

 

The described models are presented as excellent tools for the simulation of the 

electrical consumption of a particular place, since the Mean Square Error (RSME) 

reported by the authors, varies between 3% and 10%. However, all focus only on the 

model that allows simulating the electrical consumption. The study of the impact that 

variations in inputs can have on electrical consumption cannot be observed. Also, they 

do not take into account the climatic variables, temperature, and relative humidity; 

both linked with the electrical consumption of refrigeration and heating appliances. 

 

Within this category of Trend Analysis, we can find jobs such as [5 - 8] proposing 

models based on linear and multi-linear regression. These authors include in their 

works the same variables that were previously considered, also incorporating the am-

bient temperature and in the case of [7] , to estimate the power consumption of a set of 

offices, take into account the thermal characteristics of the building as well as the in-

fluence of the environment. 

 

The models that take into account the variables of the environment are more active 

since the RSME obtained by the authors varies between 2.5% and 4%; However, these 

works only seek to determine the model to simulate and do not present between their 

future lines the study of how the electrical demand behaves in front of the variations 

that the input variables of the model may suffer. 

 

Models based on Artificial Intelligence, among which we find the works of [9 – 

15], use neural networks for the prognosis of electricity consumption in function of 

historical, climatic data, and those related to the socio-economic growth of a country 

(GDP, population growth). 
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These models have a slightly higher efficiency, since the RSME oscillates between 

2% and 4.5%; nevertheless, the models based on neural networks, require more com-

putational time, since they determine the optimal number of hidden layers, such as the 

number of neurons per layer; or, they determine the weights of each one of the neu-

rons. In the works [16 – 18] present the combined study of neural networks with dif-

ferent heuristics, in order to determine the optimal structure of the network, to subse-

quently make the corresponding predictions. These works present an advance in the 

field of simulations, since, by incorporating artificial intelligence, they produce better 

results than methods based on trends. 

 

The objective of this article is to present a tool capable of estimating residential 

electricity consumption and provide a solution to the decision-making process of the 

electricity sector of the City of Salta, in the province of Salta, in the north of the Ar-

gentine Republic. This software incorporates data from surveys conducted on electric 

consumption habits and their study using statistical techniques. 

  

It contains a first section describing the work methodology used, detailing in detail 

the various steps contemplated for the development of the model. The following sec-

tion shows the results obtained, compared with data provided by the literature. Finally, 

in section 3 presents the discussion of the results, conclusions and future lines of re-

search. 

2   Work Methodology 

The quantitative and qualitative logics provide a working guide, given the complex-

ity of the object of the study. Consultations with experts in the area of electrical ener-

gy of the University and professionals of the electricity distribution company of the 

province of Salta (EDESa), together with the surveys and interviews carried out with 

residents, provided the necessary tools to establish the modeling decisions. With these 

instruments, quantitative data matrices were elaborated, which were treated statistical-

ly, which allowed having an approach to the reality investigated and to validate the 

model. 

 

2.1 Data survey 
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The users of the different geographical areas of the city answered interviews and 

surveys with the objective of knowing the consumption habits of residential homes. 

An aspect related to the energy consumption of each appliance present in the home 

were consulted, discriminating them according to the following categories: 

 

 Illumination 

 Food refrigeration 

 Heating and cooling of the home 

 Entertainment 

 Kitchen appliances 

 Clothes washing and drying 

 

The users answered about the number of electrical devices present, the average time of 

ignition or the frequency of weekly use. Also, they answered on aspects related to:  

 

1. The number of members of the family group, discriminated by age  

2. Periods of time in which there are no people at home  

3. Periods of time in which there is a minimal activity that requires electrical 

energy in the home, assuming that people are resting 

 

These last two aspects are closely related to the electrical behavior of a home, be-

cause, the ignition of electrical appliances or their connection to the electrical network 

depends exclusively on human action. 

The optimal size of the sample must be determined, in such a way that the results 

obtained have statistical validity and the error committed is the least possible. In this 

line, the works [19 – 20] develop the necessary methods to determine the sample size. 

The following expression was used to calculate the sample size: 

 

 

 

(1) 

 

Where: 

 n: sample size 
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 N: size of the population 

 e: sample error that can be accepted 

 : standard deviation of the population. The literature establishes that this 

value should be 0.5, in case of not knowing its value. 

 : constant that depends on the level of confidence that we assign. The val-

ues most used in the literature are: 

Table. 1. Most used values for   [19] 
 

 1.15 1.28 1.44 1.65 1.96 2 2.58 

Confi-
dence level 

75% 80% 85% 90% 95% 95,5% 99% 

 

The sample must integrate the most extensive variety of housing types in the city, 

so it was necessary to consider the classification of the homes that EDESA proposes, 

according to its rate schedule, for conducting surveys and interviews. The total num-

ber of homes provided by EDESA was considered taking into account a 95% confi-

dence. 

 

Table. 2. Categorization of housing (EDESA) and number of homes to survey 

Category Maximum 
monthly con-

sumption (kWh) 

Total House-
holds 

Sub-Total to 
be surveyed 

R1 Until 192 160570 391 
R2 Between 192 

and 500 
116964 391 

R3 Between 500 
and 700 

13382 381 

R4 Between 700 
and 1400 

7765 373 

R5 More than 1400 1319 302 
Total to be surveyed: 1838 

 

2.2 Climate data simulation 

The variables related to climate play a fundamental role when forecasting energy 

consumption since these variables define the thermal comfort zone, which determines 

whether or not a person wants to turn on and turn off a heating or cooling appliances. 
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For this reason, it was necessary to introduce to the model the necessary procedures to 

be able to estimate both temperature and relative humidity. 

 

In [21] is proposed a procedure to simulate the relative humidity of a city, consider-

ing the same in time periods. For this, the minimum and average temperature are taken 

into account until the period before the one to be simulated. The following equation 

describes the procedure: 

 

 

(2) 

 

Where  corresponds to the saturation pressure (hPa), determined by the min-

imum temperature of the day. While  it also corresponds to the saturation pres-

sure but calculated from the hourly temperature. The expression that allows calculat-

ing these pressures is: 

 

 

(3) 

 

This procedure is valid with the data provided by the INTA, obtaining a value of 

the mean square error (RMSE) of 2.66. Therefore, the procedure is considered valid 

from the statistical point of view, to simulate the relative humidity of the city of Salta. 

 

In [22] several methods are proposed for the simulation of the hourly temperature 

of a city. For this, it is necessary to have the minimum and maximum temperature of 

the previous day and the apparent solar time of the period to be simulated. 

 

 

(4) 

 

Where   

 corresponds to the ambient temperature  
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 AST corresponds to the apparent solar time  

  correspond to the output of the following equations: 

 

 

(5) 

 

 
(6) 

 

This procedure allows to calculate only for a particular day; then it was modified to 

simulate the hourly temperatures of a whole year. 

 

 

 
(7) 

 

(8) 

 

Where, at the maximum and minimum temperatures to be considered for the calcu-

lation of the next day, they add value1 and value2, which are obtained from the analy-

sis of the distributions that follow the monthly variations of the temperatures. This 

study is carried out based on the data provided by INTA. 

The value of 4.23 obtained for the RSME allows us to ensure that this model can be 

considered valid from the statistical point of view, to simulate the hourly temperature 

during a whole year. 

2.3 Sunrise and Sunset 

Another essential aspect incorporated into the model, are the procedures that calcu-

late the sunrise and sunset since these values are closely related to the time interval of 

turning on or off of appliances, the following formulas were used [23] 
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(9) 

 

 

(10) 

 

Where  corresponds to the hour angle to the sunrise and sunrise and is calculat-

ed as: 

 (11) 

 

From this last equation is defined  

  as the latitude of the place  

  as the declination obtained from the following formula, which has as in-

put the day of the year, expressed in Julian time. 

 

(12) 

 

The results obtained by equations 10 and 11 are expressed regarding the Real Solar 

Time (HSR), but what we need to work is the Apparent Solar Time (HSA), and for 

this, the following equation is used: 

 

 (13) 

 

Where,  

 corresponds to the reference meridian  

 corresponds to the meridian of the place  

 corresponds to the equation of time that is obtained from the formula: 
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(14) 

 

Finally, the value of  B corresponds to the daily angle obtained from: 

 

 

(15) 

 

In the last equation, n corresponds to the day of the year expressed in Julian time. 

 

2.4 On/off switching of appliances 

The next step was to simulate the on/off switching of appliances, to calculate the 

energy consumed. The appliances were divided into the following categories; to de-

termine the period an appliance is on: 

 

Appliances that are connected to the electrical network throughout the day, such as 

wireless phones and modems. For them, the ignition time is 24 hours a day. 

 

Appliances whose operation depends on the amount of natural light that exists at a 

certain time of day. They are artifacts that are characterized because their operation 

has a close relationship between the current time and the hours of sunrise and sunset. 

In periods of low natural light, the appliance tends to be lit longer, than in periods of 

natural light abundance. The results of equations 9, 10 and 13 of section 2.3, allow 

simulating the on/off switching of appliances. Within this category are the artifacts 

related to the lighting of the house. 

 

Appliances related to refrigeration of the dwellings. It is necessary to simulate the 

hourly temperature, and relative humidity, with the equations, developed in section 

2.2, to determine the on/off switching of appliances. These values together with the 

psychometric charts - in particular with the region called comfort zone1 - made it pos-

sible to define the procedure for this category. Given a value for the temperature and a 

                                                           
1 Thermal comfort is defined in ISO 7730 Norm as “Condition of the ambient in which satisfac-

tion with the thermal ambient is expressed.” relative temperature and humidity are the most 

important variables in this definition. 
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value for the relative humidity, if these were within the comfort zone2, the appliance 

was expected to be off, or if it were on, the procedure would stimulate its 

off/switching. Otherwise, the appliance must be turned on according to the relation 

between the variables and the comfort zone.  

 

Appliances related to washing and drying clothes. The amount of use per day and 

the most used washing cycle was used to determine the operating time of the appli-

ance. For artifacts related to drying, the algorithm has an extra control condition, 

which considers ignition only if the use of a clothes washer is previously registered. 

 

The following category covers all the devices that have an internal battery giving 

them autonomy once they have been disconnected from the electrical network. For 

these devices, switching on depends solely on the battery running out or being about 

to run out. The procedure determines whether the appliance is not within its autonomy 

period, to be connected again to the electrical network. For example, cell phones are 

included in this category 

 

Finally, for the remaining appliances, the operating time is randomly generated, re-

gardless of the cases described above.   

 

Note that each of these procedures is carried out as long as the appliance to be 

turned on exists in the household and that the people are at home and they are awake. 

 

2.5 Generation of the households 

One of the most important processes is that which is responsible for the generation 

of the houses, that is, the one responsible for determining which artifacts a specific 

housing unit will contain, as well as the quantity. For this process, the results of the 

surveys and interviews, described in section 2.1, were analyzed and the density func-

tions corresponding to each of the random variables were determined, defined as the 

number of Appliances of a specific type.  

 

                                                           
2 For the city of Salta, the comfort zone is defined between the temperature values of 

20 and 35 degrees Celsius and the relative humidity between 30% and 60% (Psycho-

metric charts of the Province of Salta) 
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Once the generation process is finished, the results obtained are verified. Because it 

is a random process, it is necessary to impose restrictions at the time of generation. 

This restriction is that the monthly consumption of the house generated is within limits 

established for the category to which it corresponds, according to the EDESA rate 

chart. For this purpose, the house was simulated for June and January, where the con-

sumption maximums related to the winter and summer periods, are produced. This 

situation is justified by the fact that these months are the coldest and warmest months, 

and are the months where people tend to use heating and cooling appliances, which 

consume the most energy, in a higher proportion. In case the generated housing ex-

ceeds the maximum allowed consumption for the assigned category, the algorithm 

discards the generated housing and starts this process again; repeating until the condi-

tion mentioned above is met. 

2.6 Description of the model 

Our proposal is characterized as a discrete, dynamic and stochastic model. It is dis-

creet because it studies the system at a fixed time interval of one minute. It is dynamic 

because it simulates the course of time regarding minutes, hours, months and years. It 

is stochastic because randomness lies in the generation of entities, based on the proba-

bility distributions derived from the data survey of the real system.  

 

 

The pseudo-code of the model is shown below: 

 

 

 

 

 

 

 

 

 

 

 

 

 

// Generation of climate data for all homes for the entire year 
           Repeat for the 365 days of the year 
        Generate temperature and hourly humidity (Section 2.2) 

 
// Generation of the households 
 Repeat for the 5 Categories  

 // In proportion to the distribution of the city 
Repeat for each house in the Category    

Generate and verify Housing (Section 2.5) 
  
// Simulation of city housing for one year and calculation of electricity consumption 

Repeat for the 365 days of the year                   
         Repeat for each of the house generated 

  Repeat for every minute of the day 
       Determine on/off switching of each appliance (Sección 2.4) 
             Calculate the daily consumption 

  Increase day 

  Accumulate monthly consumption 

  If (the month changes) 

       Show monthly consumption 
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3. Results 

To validate the software, we compared the results with the data provided by EDE-

SA (Data Consumption). The data correspond to residential consumption, of all hous-

ing in the city of Salta for three years. The results obtained were as follows: 

 
 

Table. 3. Results 

  

The value of RMSE between the simulated data and the data for the year 2014 is 

12.77. The RMSE value between the simulated data and the data for the year 2015 is 

8.05. Finally, the value of the RMSE between the simulated data and the data for the 

year 2016 is 2.9. The average value of the RMSE for the three years is 7.9. 

 

 

  Consump-
tion 2014 

(GWh) 

Consump-
tion 2015 

(GWh) 

Consump-
tion 2016 

(GWh) 

SimulatedConsump-
tion (GWh) 

January 74.89 76.01 84.57 83.04 

February 59.61 67.00 75.44 77.29 

March 61.08 70.47 73.02 73.18 

April 58.11 63.88 69.16 74.45 

May 62.61 67.47 80.99 81.77 

June 68.25 71.88 88.15 84.58 

July 72.18 78.95 83.10 81.97 

August 65.78 71.21 72.67 74.90 

September 61.36 65.25 70.03 73.30 

October 68.37 70.08 72.45 75.42 

November 68.24 72.57 72.30 77.10 

December 72.11 81.73 83.32 81.10 
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Fig. 1. Validations of resutls 

 

Figure 1 shows the comparison between the real values of the years 2014 to 2016 

and the simulated values. The execution was carried out on an 8 GB RAM computer 

with Intel Core 7 processor. Regarding the computation times, the following table 

shows the times, discriminated by the average generation time of the housing type and 

the average time of simulation. 

 
Table. 4. Generation and Simulation times 

 

Category Generation Time 
(seg) 

Simulation Time 
 (seg) 

R1 499.03 49.25 

R2 151.41 36.24 

R3 177.22 36.29 

R4 154.60 36.15 
R5 508.23 36.45 
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4. Conclusions and future work 

A stochastic model, which is dynamic and discrete, has been proposed for simulat-

ing the electricity consumption of the households in the city of Salta, where the codifi-

cation of the households and the on/off switching of appliances is done at random. By 

adopting a randomized generation of households, the implementation of an additional 

procedure is required to validate the households within each category according to the 

current rate chart.  

 

From the values shown by the RMSE, it can be concluded that the results obtained 

are statistically valid and therefore the proposed model reflects the reality of the con-

sumption habits of the city of Salta; However, it can be seen that the execution of the 

model takes much time in the generation of housing. The program requires several 

runs to adjust it to the corresponding category, because when each house is generated 

randomly. On the other hand, the simulation of the on/off switching, to determine the 

monthly consumption, is relatively fast in computational time, compared with the gen-

eration times. In the future, it is expected to complement the program with tools that 

allow graphing the geo-positioning, to analyze the relationship between the geograph-

ical position of a house within the city and energy consumption. Also, the develop-

ment of more efficient algorithms regarding computational times, but above all look-

ing for efficiency in the results, which allows its subsequent application in the city. 

Within these future studies, we propose the development of a model based on neural 

networks to make predictions.  

 

The model will also be complemented so that it makes the estimations of the whole 

city including all sectors of the social actors, to be able to have a complete vision of 

the consumption habits of the city. In turn, complement this study with the realization 

of experiments that allow analyzing the behavior of the total electrical demand, de-

pending on the variation of the input parameters. 
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