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Abstract—This dissertation comes in response to the challenge
launched by REN (Redes Energéticas Nacionais) to improve the
prediction of losses in the very high voltage network over a two-
day timeframe.

At this time, the used loss forecasting method is a percentage
of the load on the network, a purely empirical method, which
does not take into account other factors affecting the actual value
of losses.

The daily available data to calculate the desired values are the
generation and load forecasts for the desired day (in this case,
two days after the present day).

It all started by dividing the country into several regions
(clusters) to create nodes with a net balance of active power
(generation minus load).

Subsequently, a multiple linear regression system was imple-
mented that regresses the generation and load forecasts (orga-
nized in clusters) onto historical load data and corresponding
losses. This data is in REN’s records.

After this starting point, the clusters were removed and a
clusterless analysis was performed. Finally, after comparing
various numbers of clusters and their different organizations,
the largest possible number of clusters was kept in order to
maintain greater sensitivity in the forecast.

The final results demonstrate that the algorithm follows the
loss curve very closely, where it is obtained a determination
coefficient, r2, of 0.9679 for a year sample, which means 17.520
points.

Index Terms—Multiple linear regression; Loss prediction;
Clustering; National Transport Power System; REN

I. INTRODUCTION

As part of the coordinated calculation of interconnection
capacity, REN needs to send daily, for D+2, a national order
of merit for each hour with the pointer (calculation starting
point) in position corresponding to the zero balance at the
interconnection, i.e. the pointer must be at the point where
the sum of generation ORP (Ordinary Regime Production)
and SPR (Special Regime Production) equals exactly the sum
of consumption and pumping. However, the construction of
this hourly merit order is purely algebraic, so when you run
the program PSS®E with the expected load/generation values
and then run a power flow, the interconnection balance is
not null . This is because the platform that generates the
market generation forecast does not have a network model,
so this result is usually importer to feed losses that were not
considered in the previous process. Hence the need for an
algorithm to estimate the losses in the national transmission
power network as accurately as possible so that they can be
taken into account when constructing the order of merit.

A. Present-day predictive method

Currently, it is being considered, in the construction of the
order of merit, a loss value of 1.5% of the national load. Note
that the method used was based on a need to present results
quickly, that is, no research was done on the subject and the
fastest and simplest implementation was implemented.

Nevertheless, since this estimate of losses is static for the
time being, it only depends on consumption and does not take
into account, for example, the geographical dispersion of ORP
and SRP generation, as well as interconnection flows, so the
problem remains at PSS®E level (although mitigated), thus a
variable estimation of losses is required depending on the day
(weekday, weekend or holiday) , hours (peak or off-peak), flow
trend (importer or exporter), hydraulic regime, wind regime,
etc.

One alternative solution that could be implemented would
be to assume that losses are 1.5% of consumption (as it is
currently being performed), to obtain a starting point value.
Then the merit order pointer would be adjusted with another
generation of ORP (in possibly distinct geographical loca-
tions). Then it would be run the power flow to get the new
losses value, where it would be adjusted the value of ORP
and so on. However, convergence could not be guaranteed
given the dispersion of the generation ORP and the time and
resources spent on this process would not make it possible to
use this method daily. Consequently, a new, more expeditious
algorithm is central to speeding up the losses calculation.

B. New Methodology

From an operational point of view, the ideal is a machine
learning algorithm that returns an estimate of losses based on
the predicted conditions for D+ 2, and this algorithm should
be integrated into a workflow as unidirectional as possible.

Thus, a regression algorithm was devised that, based on
the previous conditions of generation and consumption, can
predict the losses for the presented conditions. Geographic
localization, importing/exporting characteristic, business day
or not, are aspects that are indirectly contemplated through
the organization of the clusters and the prediction of their
generation/consumption. This type of data is included in the
estimation given its influence on the loss distribution [1].

In machine learning, it is offered the input (in this case
the generation and load data) and the output (losses), whereas
the algorithm is obtained. Since a function that accurately



foresees the losses that are recorded by the network is not
known, the best way to do this is to deliver the data to a
computer and to do so through a machine learning algorithm.
Consequently, this system is necessary because by having
forecast data available, one can estimate what is not yet known.
[2].

Several studies have now been done using regressions and
neuronal networks to predict solar energy [3] [4]. Another case
also studied and published is that of wind energy, where the
quality of forecasting is central to the dispatch [5]. Therefore,
loss prediction needs to be optimized to improve this new
REN’s process.

II. UTILIZED METHODS

A. Clustering

The work began by organizing the various injection points
(generation and consumption) into groups (clustering). Sum-
ming up, there are 198 injection points in Portugal plus 5
interconnections with Spain. There are actually 9 connections
with Spain, but given that some lines are double, in this project
it is chosen to include double or triple connections in the
same connection. However, the difference between clustering
and discriminant analysis should be exposed. In discriminant
analysis, there are pre-labeled groups given their standards,
however when there are no standards, it is clustering. These
groups facilitated the first approach to the problem, since
previously there was no relationship between them [6].

Therefore, clusters should be similar to each other in the
way that they share the same characteristics, but they are
different from one another [7], leading them to being initially
organized according to their geographical proximity and bal-
ance, in order to create groups with a generation/consumption
balance of the same order of magnitude. They were then
analyzed with REN to ensure that it makes sense to electrically
join these injection points to the same node.

After some iterations for the choice of clusters, it was
reached the consensus of 16 clusters presented in figure
1, where the Spanish cluster that joins the Portugal-Spain
interconnections is not represented. Some interconnections are
within circles, however the cluster with the Spanish injection
points is a single cluster, it does not belong to the Portuguese
clusters. In this particular cluster, as there is no generation or
load, the current direction was used (when coming to Portugal
it is assumed as a positive sign generation and when leaving
Portugal it is assumed as a negative sign load). Thus, with
groups already defined for a simpler approach to the problem
(only 16 clusters instead of 203), one can proceed to machine
learning algorithms.

B. Multiple Linear Regression

Since the objective of the thesis was a machine learning
algorithm, the first approach to the problem was through the
simplest machine learning technique, multiple linear regres-
sion. However, before explaining multiple linear regression,
one must start with linear regression.

Fig. 1. National Transmission Network Map with 16 clusters in 2018 [8]

In linear regression, a regressor (independent variable) is
used to determine a regressand (dependent variable). The
aim is to find out the relationship between variables through
some parameters in a linear function (see equation 1) where
Y represents the regressand variable, β0 is a constant that
represents the intersection of the curve with the vertical axis
β1 represents the angular coefficient and X represents the
regressor [9].

Y = β0 + β1x (1)

The most common method for calculating linear regression
is the Ordinary Least Squares (OLS), where the residuals are
used to calculate the parameters in question.

After all data is collected, the parameter estimation method
with OLS is done using the formulas 2 and 3.

β1 =

n∑
i=1

(xi − x̄)(yi − ȳ)

(xi − x̄)2
(2)

β0 = ȳ − β1x̄ (3)

Since there are several potential regressors in this project,
the linear regression method is not appropriate. The best
method will then be multiple linear regression, which is



governed by the equation 4, where the number of independent
variables equals the number of used clusters [10].

Y = β0 + β1x1 + β2x2 + ...+ βkxk (4)

In these models, there are several coefficients that explain
the various relationships between the adjusted line and the
points used, however in this study it is used the value of the
determination coefficient, r2, since it is the measure of the
adjustment of the statistical model in relation to the point
cloud. This value is calculated by the relation between the
sum of the square of the residuals (see equation 5) and the
total sum of the squares (see equation 6), which results in the
formula 7.

SQres =

n∑
i=1

(yi − ŷ)2 (5)

SQtot =

n∑
i=1

(yi − ȳ)2 (6)

R2 = 1− SQres

SQtot
(7)

In this way, it is possible to regress clusters in relation to
the various conditions presented. In this project it was tested
a regression in order of load, generation, load plus generation,
sum of load plus generation modulus and the square root of
the sum of load plus generation squared. There are already
methods that study generation-based losses, but this study adds
the influence of load [11].

Through this regression the balances of the clusters are
placed, being any relation between generation and load (which
later in the study are the best relations to use, see chapter
IV) and the losses, which translates after the algorithm into a
column matrix with the appropriate weights for each cluster.
The expression used to calculate weights is presented in matrix
notation in the equation 8 [12].

β = (XTX)−1XTY (8)

These weights multiplied by the chosen balance provide a
forecast of losses for the chosen day.

An important factor when using linear regression is the size
of the sample. In this case, this set has the size of one year,
which is equivalent to 17,520 points, since REN has the values
of every half hour. The one-year test was chosen because it
is a large sample, which is needed for a good prediction level
given that there are many variables [13].

III. DATA AND PROGRAMS STRUCTURE

Prior to the implementation of any algorithm it is always
necessary to organize the information in order to enter the data
correctly. This chapter is devoted to work on data processing
and program structuring.

A. Clusters Organization

As already mentioned in the II-A section, clusters were
first chosen for their geographical location and value of the
generation plus consumption balance, reaching their final value
of 84 clusters after several iterations.

However, to analyze the various clustering possibilities, it is
necessary to list all the injection points in a file. In this case,
all points are organized in an Excel table (see figure 2), where
in that file clusters are defined. This file contains the name
of the injection point (usually the location where it is), the
abbreviations used by REN in data processing, the number of
the cluster as they are numbered, the maximum power that
can be generated, its maximum load, the balance between
maximum power and maximum load and their geographical
coordinates. When running tests or later using the program,
one only needs to change the column corresponding to the
cluster number for the program to detect the new cluster
organization.

Fig. 2. Portion of the Characterization Table in Excel

B. Program Structure

Once clusters and their information are defined, the table is
converted to a .csv file so that the table can be reached more
efficiently during program execution.

The “ Data ” program receives the table and tries to fetch
information from two folders: “ Test Set ” and “ Training
Set ”. These folders contain the information provided by REN
containing the generation/load value of each injection point
every half hour. This information is presented in two file
types. A .raw file that corresponds to the output of the PSS®E
program after running a powerflow , where one can find the
information from the Portuguese network. The other file, this
time of type .csv, was generated by REN and contains the
transit information at the interconnections and the total losses
in the power network.

The file contains a lot of information that is not needed
for the program and the information needed is written within
vertical sections and horizontal data arrays. To solve the
problem, the program goes through the various sections of
the file (such as Bus Data and Load Data) and checks if the
section is relevant. It then collects the relevant information
(the injection point acronym and the power, both active and
reactive) and confirms by the characterization table whether
the acronym belongs to the Portuguese network in order to
filter the Spanish points and if it is a Portuguese point that
does not belong to the table, it prints the acronym. This is
needed because the network is constantly being updated and
new acronyms are being created and all must be taken into
account. Next, if the acronym is in the characterization table,
the program will see in which cluster it is inserted and add
the generated power and the load to the cluster.



If the program is reading a file of interconnections, it will
save all active power transit values with the corresponding
acronym, and then add it when checking in the characterization
table that the acronyms correspond to the Spanish cluster. Also
taken from this register is the value of the total active power
losses at that time (half an hour to which the file refers).

After summing up all the balances of each cluster, the
program creates a .txt file with the balance of each cluster
every half hour of each day analyzed, the amount of losses in
that half hour and the total value of generation and load (see
figure 3). These generation and load values are obtained by
summing all generations or loads throughout the PSS®E file,
not by summing the final generations and loads of clusters.

Note that all these files are real-time data outputs, so the
algorithm feeds on real data to calculate weights, however
in the future it will use load and generation forecasts to
estimate losses (by multiplying the weights by factual data
from load/generation forecasts). This project uses data for the
year 2018.

Fig. 3. Data.py Output File

The other program to run is called “ Regression ” and this
is where multiple linear regression is performed. After all
information has been processed and organized, this program
takes the output from the previous program and plots the
losses that actually occurred in the past (in this program, as it
was in the test phase, it is used data with the losses actually
recorded in order to compare reality with the output and the
approximation made by the algorithm). It is always made a
graph for the regression on the training set, that has the curve
with the actual losses, the regression for that data and the
previous empirical method that corresponds to 1.5% of the
load. A graph is also generated with the actual losses of the
test set and the expected losses with the weights calculated by
the training set, as the aim of this project is to use a set of
days to predict the behavior of losses over many days.

C. Generation/Consumption Prediction Data Organization

The files delivered by REN with the forecast of generation
and consumption values are initially placed in a folder with the
date of the day to which they refer, where they are organized
by name, which contains the time (in this study every half
hour) that refer to. Thus, it is usual to find 96 files in this folder
(48 with national network topology and 48 with interconnect
data).

This folder is then placed inside another folder, either the
test set or the training set, where the several days to be
analyzed will be grouped together.

Note that the programs are designed to work in this way so
that files can be easily located and identified.

IV. REGRESSION MODELS

Regressions were made on the data provided by REN in
order to find the best way to correlate losses, where three
stood out. These relationships are explained throughout this
chapter. Results from the same relationships are analyzed in
chapter V.

However, it is stated that two methods that are not fully
detailed were used: percentage of generation and percentage
of load. Since these two methods did not produce the quality
results of the ones below, nor were they considered relevant,
upon further consideration, they are not analyzed in detail like
the others.

A. Absolute Value Losses

One of the first hypotheses to be tested was the absolute
value losses. When it is said absolute value, one must under-
stand a relationship between losses in MW and the net balance
of generation plus consumption (negative load) also in MW,
not as the value in modulus.

This correlation was the most direct of all, since it is just the
correspondence between untreated values, either by percentage
or any other modification. In this case, the loss vector is used
as the explained variable and the matrix with the net balances
of the clusters as the explanatory variable. Thus it is obtained
the vectors presented in the equations 9 and 10 where the
variables X and Y match to the variables in equation 4.

Y = Perdas (9)

X = G+ C (10)

B. Ratio of losses to be divided by cluster balance in modulus

Since the losses are proportional to the square of the current,
it was thought that the losses would most likely not have
a linear relation in absolute value (MW). Therefore, it was
tested this method and the next one (in addition to the ones
mentioned above) in order to clarify which method has the
highest correlation. In this case, the losses are calculated in
pu’s (system per unit), so that a better ratio can be tried. Thus,
losses and the net balance of generation plus consumption



(ordinate and abscissa) are divided by the net balance in
modulus, see equations 11 and 12.

Y =
Losses

Σ |G+ C|
(11)

X =
G+ C

Σ |G+ C|
(12)

C. Ratio of losses to be divided by the square root of the
squared cluster balances sum

Another method also tried in pu’s was the division of
ordinates and abscissa by the square root of the squared net
balances sum, see equations 13 and 14.

Y =
Losses√

Σ (G+ C)2
(13)

X =
G+ C√

Σ (G+ C)2
(14)

Although similar to the previous procedure, as it is a sum
of the load with the generation in modulus (the square always
makes the value positive), this methodology differs since the
algebraic manipulation is distinct, which can create interesting
and different results.

D. Other Relations

Relations were also analyzed only with generation and only
with load, not making a balance. However, these regressions
did not yield results as effective as those shown by previous re-
gressions (see table III) and were therefore discarded from this
study. The justification for these methods was also rethought
and it was found that by discarding one of the data elements,
either load or generation, would not be a good option. The
current empirical method uses only the load, however, this
project aims to use the two parameters available.

V. RESULTS

This chapter presents the results of the developed algorithm.
It is studied the appropriate number of clusters, compared
the different parameters it may be needed to choose from
in this project, from what relationship to use in regression,
whether days give different results and/or if weights indicate
the clusters to be used, it is discussed the values of the
regression vector dimensions and finally it is shown the final
weights that are proposed to be used by REN in its day to day
forecasting losses in the national electricity grid.

A. Cluster Number Study

The amount of clusters to use is a key value in this study.
Their number influences the sample, making it more or less
detailed as the number of independent variables increases.
Looking at the equation 4 one can see the weight of these
variables. The value of betas is explained in subchapter V-E.

All studies need a starting point and this was no exception.
It was started by aggregating the different injection points into
16 clusters as shown in figure 1, the sixteenth cluster being the
one of the interconnections with Spain. Once tested to 16 and

yielding good results, we tried the other side of the spectrum,
where each injection point is its own cluster, resulting in
203 clusters. In this case problems arose. The problems were
related to the singularity of the matrix. To make a linear
regression it is necessary to invert the matrix containing the
product of the transposed matrix of the net balances by the
matrix of the net balances (see equation 8), which may lead
to a non-singular matrix, therefore not invertible matrix. To
address this, the number of clusters has been reduced to as
many as possible without an error of this type. This value was
84 clusters.

B. Comparison of the different relations to regress

The first idea that came up to correlate the losses with
the data provided by REN was to regress the losses with the
percentage of load and/or generation and also with the losses
in absolute value (it is meant that when it is said absolute
value, it is refering to the actual value and not the modulus
value). The values obtained for the percentage of the load were
immediately discarded, given the poor correlation compared
to the other methods (see table III), so after reflecting on the
subject was also left out the relation with the percentage of
generation. The search for a relation with the percentage values
is due to the fact that the losses are proportional to the square
of the current, so their relation to the generation/load produced
might not be linear, however for percentage values it might be
true.

Thus, the unit losses were also tested in relation to the sum
of the modulus of the net power balances as in the equation
11 and also in relation to the square root of the sum of squares
of the net balances, which is found in the equation 13.

The results demonstrate that the losses calculation for either
method is very efficient. One can see from the tables in this
chapter (I to XI) that the coefficient of determination values
are very close and from the figures (4 to 10), also from this
chapter, that the curve follows a trend almost adjacent to the
actual value.

C. Comparison between different sizes of training set

The training set is an important aspect when working with
machine learning. This project, like the studies in the area,
took into account that a large sample may influence the results,
making a too general average of several days of the year,
as well as a small sample, which may not take into account
important days for this type of set.

The first approach was to select several days with different
weather conditions, using REN’s statistical data, such as the
day with the highest photovoltaic production, the day with
the largest wind production, the day with the highest hydro
production, a strongly exporting balance, an importer balance,
as well as days without any unusual characteristics, i.e. within
the usual values.

After all these factors were analyzed, two training sets were
obtained to test: one with 12 days and one with 22 (with more
random days). As the number of clusters was defined, results
were always generated with both sets, culminating in the



results presented in this chapter. After careful consideration,
it is suggested to choose the 22-day training set.

TABLE I
DETERMINATION COEFFICIENT FOR REGRESSION WITH 84 CLUSTERS IN A

22-DAY TRAINING SET

Regression Determination Coefficient
Absolute 0.9924

Modulus Sum 0.9920
Square root of the Squared Sum 0.9926

Fig. 4. 22-day training set curve for absolute value losses

Fig. 5. 22-day training set curve for the balances sum in modulus

TABLE II
DETERMINATION COEFFICIENT FOR REGRESSION WITH 84 CLUSTERS IN A

1-YEAR TEST SET WITH 22-DAY TRAINING SET

Regression Determination Coefficient
Absolute 0.9679

Modulus Sum 0.9639
Square Root of the Squared Sum 0.9665

D. Comparison of different days to regress

One relationship that can also be predicted is the relation
between the various days, that is, whether working days (or

Fig. 6. Curve for 22-day training set for the square root of the squared
balances sum

Fig. 7. Curve for 1-year test set with 22 training days with absolute value
losses

Saturdays, among others) tend to have similar load / generation
patterns. To this end, various training and test sets were tested
on weekdays, Saturdays and Sundays only. Since separating
the various days of the year, the test samples are smaller, so
the training sets are also decreased. Saturdays have 8 days in
the training set, Sundays have 9 (the number of training days
between Saturdays and Sundays was slightly different to test
the influence of training set size) and weekdays have 15 days.

Results are presented in the tables V a XI. As one can
see, there is correlation, but not as strong as it is involving
every day of the year, as one can see in the tables I to IV.
Consumption patterns should not differ a lot, however the

TABLE III
DETERMINATION COEFFICIENT FOR REGRESSION WITH 84 CLUSTERS IN A

12-DAY TRAINING SET

Regression Determination Coefficient
Load Percentage 0.7972

Generation Percentage 0.9791
Absolute 0.9941

Modulus Sum 0.9939
Square Root of the Squared Sum 0.9949



Fig. 8. Curve for 1-year test set with 22 training days with sum of the
balances modulus

Fig. 9. Curve for 1-year test set with 22 training days with square root of
the squared balances sum

weather conditions and power stations may differ depending
on the day they are on.

E. Comparison of regression weights

One possible way to aggregate clusters is by taking into
account cluster weights. After analysis with as many clusters

TABLE IV
DETERMINATION COEFFICIENT FOR REGRESSION WITH 84 CLUSTERS IN A

1 YEAR TEST SET WITH A 12 DAY TRAINING SET

Regression Determintion Coefficient
Absolute 0.9642

Modulus Sum 0.9622
Square Root of the Squared Sum 0.9629

TABLE V
DETERMINATION COEFFICIENT FOR REGRESSION WITH 84 CLUSTERS IN A

15 WORKING DAY TRAINING SET

Regression Determination Coefficient
Absolute 0.9938

Modulus Sum 0.9934
Squared Root of the Squared Sum 0.9939

Fig. 10. 12-day training set curve for absolute value losses

Fig. 11. Curve for 12-day training set for sum of balances in modulus

as possible (not all injection points are obtained by the
difficulties presented in V-A), clusters that are geographically
close and of similar weights can be added. However, this is a
hypothesis to study if the number of clusters remains too large
and giving errors in the future (if REN uses this algorithm to
calculate losses for D+2), because a larger number of clusters
is always more desired given the higher reliability of the result.

TABLE VI
DETERMINATION COEFFICIENT FOR REGRESSION WITH 84 CLUSTERS IN

1-YEAR WORKDAY TEST SET WITH 15-DAY TRAINING SET

Regression Determination Coefficient
Absolute 0.9586

Modulus Sum 0.9540
Square Root of the Squared Sum 0.9545

TABLE VII
DETERMINATION COEFFICIENT FOR REGRESSION WITH 84 CLUSTERS IN A

9 SUNDAY TRAINING SET

Regression Determination Coefficient
Absolute 0.9953

Modulus Sum 0.9952
Square Root of the Squared Sum 0.9957



Fig. 12. Curve for 12-Day training set for square root of the squared balances
sum

TABLE VIII
DETERMINATION COEFFICIENT FOR REGRESSION WITH 84 CLUSTERS IN

1-YEAR SUNDAY TEST SET WITH 9-SUNDAY TRAINING SET

Regression Determination Coefficient
Absolute 0.9494

Modulus Sum 0.9455
Square Root of the Squared Sum 0.9501

Another reason that may be relevant to cluster aggregation
is the speed of the programs. Of course, the more clusters,
the more results and processes to occur, which means longer
processing times.

F. Regression vectors dimension

Since this algorithm is based on matrix operations, it is
evident that its products are vectors. Given that the method
that yielded the best results has 84 clusters and 22 training
days, this translates into 84 regressors and a cloud of 1056
training points. The biggest test was at one year, or 17520
points.

Therefore, for the one-year test, the weight matrix is an
85-point column vector (one weight for each cluster plus the
weight corresponding to the intercept term), the Y vector is

TABLE IX
DETERMINATION COEFFICIENT FOR REGRESSION WITH 84 CLUSTERS IN

AN 8 SATURDAY TRAINING SET

Regression Determination Coefficient
Absolute 0.9962

Modulus Sum 0.9960
Squared Root of the Squared Sum 0.9961

TABLE X
DETERMINATION COEFFICIENT FOR REGRESSION WITH 84 CLUSTERS IN

1-YEAR SATURDAY TEST SET WITH 8-SATURDAY TRAINING SET

Regression Determination Coefficient
Absolute 0.8664

Modulus Sum 0.8563
Square Root of the Squared Sum 0.8590

also a column vector of approximately 17520. points because
it represents the losses every half hour for a year (the value
is not certain because there are some hours that are not in
REN data for technical reasons, such as non-convergence of
PSS®E) and the X vector is an array of approximately 17520
rows and 85 columns.

G. Clusters Final Weights

The end product of this study is an algorithm that predicts
network losses for a given set of generation and load forecasts.
For this purpose, this algorithm offers a final set of weights,
which multiplied by the net balances previously organized by
clusters, results in the probable value of losses to occur. In
the suggested case, with 84 clusters and 22 training days
carefully chosen from 2018, the final weights are presented
in the table XI (note that cluster 0 is not a cluster, but the
weight of β0). Of course, 2018 was chosen since it is a year
close to the current one, in which all forecasts were already
available for this study. However, it should be noted that this
algorithm needs constant updating given the dynamics of the
ever-changing network, whether it is needed to change the
injection points or the transmission lines.

TABLE XI
CLUSTERS WEIGHT

Cluster Weight Cluster Weight Cluster Weight

0 -6.5292 29 -0.0480 57 -0.0516
1 0.0406 30 0.0186 58 0.0019
2 0.0334 31 0.11867 59 0.0522
3 0.0252 32 -0.1994 60 0.0226
4 0.0351 33 0.0797 61 0.0594
5 0.0216 34 0.0053 62 -0.0241
6 0.0349 35 0.0439 63 0.0219
7 0.0651 36 -0.5976 64 0.0315
8 0.0457 37 0.0880 65 -0.0294
9 -0.0308 38 0.2810 66 0.0343

10 0.0353 39 0.0168 67 -0.0767
11 0.1901 40 0.0225 68 0.0208
12 0.0454 41 -0.1906 69 -0.0999
13 0.8161 42 0.0109 70 0.0569
14 0.2539 43 0.0662 71 0.0375
15 0.0163 44 0.0018 72 -0.0259
16 0.0440 45 0.0310 73 0.0050
17 0.0235 46 0.0084 74 0.0070
18 -0.0880 47 -0.1365 75 -0.0583
19 -0.0377 48 -0.0023 76 0.0714
20 0.0527 49 -0.0119 77 -0.0596
21 -0.0036 50 0.0030 78 0.0320
22 0.0088 51 0.0973 79 -0.0769
23 0.0998 52 -0.1322 80 0.0614
24 -0.0446 53 0.0653 81 0.0157
25 0.0643 54 -0.0223 82 0.0425
26 0.0009 55 0.1154 83 0.0343
27 0.0312 56 0.3017 84 0.0132
28 -0.2457

VI. CONCLUSIONS

A. Conclusions

As can be seen from the figures 4 through 12, the new
method is closer to reality than the current percentage load
method. In this way, REN finds in this new methodology



a significant improvement in its day-to-day life, since the
precision of the loss forecast becomes bigger. This fact makes
the algorithm an asset for the coordinated calculation of
Portugal-Spain interconnection by Coreso.

It can be concluded that multiple linear regression is a good
algorithm to approximate losses from generation and load. It
can also be seen that a larger number of clusters ends up in
more detailed data, however there is a limit from which the
method is no longer possible, the limit at which a singular
matrix is produced.

The relation that ended up showing the best results for the
chosen parameters (22 training days with all types of days and
84 clusters) was the losses in absolute value (see table II). This
may be due to the particularity that with the other methods the
signal is lost, that is, while with this method the value of the
net balance remains unchanged, with the other ratios the signal
is lost in algebraic transformations, where it is always found
a positive value at the end of the manipulations. However, the
other methods also revealed very good and similar results, so
it is difficult to designate a better relation (perhaps, using data
from next year, another relation may produce better results).
The size of the training set was also studied, and it was
determined that a set of 22 days would be the most suitable
to use.

The days to use should always be in general, as regressions
for specific days only (Saturdays, Sundays, or working days)
do not produce better results. As these programs will be used
by REN, the processing speed may be changed, so it is left this
proposal of 84 clusters, in which, if it is necessary to aggregate
clusters, it is made by joining electrically and geographically
close clusters with similar weights (see table XI).

It can also be seen from the table XI that some clusters
have more influence on loss prediction than others. The higher
the beta value, the greater the influence of the injector point,
meaning that clusters such as 13 (Picote and Bemposta), 36
(Bodiosa), 38 (Tábua) and 56 (Pracana) have a fundamental
value in the relation found, which linearly explains the ex-
pected losses.

B. Algorithm Limitations

The biggest limitation that this study offers is the im-
possibility of using a very high number of clusters. There
will be always the physical barrier from which to obtain
a matrix, because it is maybe too large and possibly with
linearly dependent data, ends up in a non-invertible matrix.
Another limitation concerns the speed of the program. The
more accurate the data, the longer it takes to process, however
for 84 clusters a processing time of approximately ten minutes
was obtained with an Intel® CoreTM i7-5500 with a frequency
of 2.4GHz, so it is considered a reasonable time. This is the
duration of the Regressao.py program to calculate weights with
22 training days, as this is the recommended training set. The
Dados.py program takes longer (a few hours depending on
the set of days) using the same processor. However, on a
daily basis, weights only need to be multiplied by load and
generation forecasts, so the time spent daily is much shorter

(about 1 minute to read data and a few seconds to multiply
previously obtained weights by the cluster balances).

C. Future Work

This study has the possibility to be continued, evolving it
in its various aspects. One could take another hypothesis than
multiple linear regression, within the various hypotheses that
exist in machine learning such as neural networks.

One can also try to solve the non-invertible matrix by a
pseudo-inverse matrix after an eigenvalue decomposition -
Singular Value Decomposition (SVD) . The study of weights
can also be further developed to provide various possible
solutions for cluster organization as well as other regressive
relationships that may have more impact than those used.
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