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1. Introduction
Short-term load forecasting models

Deterministic models 
- They provide the expected load value for the future instant.

- They omitting any information regarding its associated
uncertainly.

for Scheduled maintenance
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for the Generation dispatch planning

for the balance supply and demand
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Why is it interesting to 
predict the electric load?

Probabilistic models 
- They furnish information for assessing the uncertainly
associated with the forecasted value:

a) Quantiles or,

b) probability density functions (PDF)
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PROCESS FOR THE OPTIMIZATION OF THE PARAMETRIC 
PROBABILISTIC METHOD:

multi-objective genetic algorithm (NSGA-II):

Explanatory variables:  (x1, x2, x3, …, xn)

(weather variables, hourly load data over the previous days 
and dummy variables related to the type of day).

+
for a value provided by a deterministic forecasting model:  
generates a PDF, y.

Optimized probabilistic model
(balances between accuracy and reliability of the model)

algorithm discards correlative explanatory variables
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* GAMLSS (Generalized Additive Models for Location, 
Scale, and Shape) of two parameters: 

µ, conditional mean of the response variable, and,

σ, dispersion or scale of the distribution of the response 
variable.

* Distribution function of µ and σ parameters are modelled 
as linear functions of the selected explanatory variables: 

𝑦𝑦 ∼ 𝐷𝐷 𝜇𝜇,𝜎𝜎
𝑔𝑔1 𝜇𝜇 = 𝛽𝛽01 + 𝛽𝛽11𝑥𝑥1 + 𝛽𝛽21𝑥𝑥2 + ⋯+ 𝛽𝛽𝑚𝑚𝑚𝑥𝑥𝑚𝑚
𝑔𝑔2(𝜎𝜎) = 𝛽𝛽02 + 𝛽𝛽12𝑥𝑥1 + 𝛽𝛽22𝑥𝑥2 + ⋯+ 𝛽𝛽𝑛𝑛𝑛𝑥𝑥𝑛𝑛

where:

𝑦𝑦, dependent variable (hourly load),

𝐷𝐷, family of distributions parametrized by 𝜇𝜇 and 𝜎𝜎,

𝛽𝛽, linear coefficients,

𝑥𝑥𝑖𝑖, explanatory variable i,

𝑚𝑚 𝑎𝑎𝑎𝑎𝑎𝑎 𝑛𝑛, number of explanatory variables selected for 
each parameter,

𝑔𝑔1 𝑎𝑎𝑎𝑎𝑎𝑎 𝑔𝑔2, link functions.

2. Selected parametric models
3. Evaluation Indexes

Models to create PDF

CRPS (Continuous Ranked Probability Score)
(quantifies the discrepancy between the cumulative
distribution function (CF) of forecasted probabilities and
the CF of observed value).

PIT (Probability Integral Transform) histogram
(PIT value, varies from 0 to 1, is derived by computing
CF(x) at a specific verification point x and representing
the quantiles of the distribution. Comparing PIT value
with their corresponding verification points, the level of
calibration is assess ).

average
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(by integrating across the entire range of
possible outcomes for the forecast variable).

RESOLUTION of the model
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(case of forecast derived from non-parametric
approaches that provide a set of quantiles).

RELIABILITY of the model
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(RI (Reliability Index) represented
the frequency with which the actual
value of the variable to be predicts
falls within one of the intervals
represented in the PIT histogram).

RMSE (Root Mean Square error)
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MAE (Mean Absolute Error)
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where,
�𝑃𝑃(𝑡𝑡), represents the
load demand point
forecast for hour t,

𝑃𝑃(𝑡𝑡) , the actual
value, and, N, the
total number of
hours in the
evaluation period

Others,

5. Conclusion

4. Case Study

application

A.- OBJETIVE: obtain a probabilistic forecasting
model of the hourly load in a power substation
66/13,2 kV feeding a small town of about 5000
inhabitants (forecast horizon 24 hours)

SMALL TOWN, 5000 in.
load

SUBSTATION 66/13,2 kV

B.- DATASET: hourly load of 30 consecutive 
months partitioned into,          

Training dataset (initial 24 moths)                                    
Test dataset (subsequent 6 moths)

A set of 55 explanatory variables:
V1-V7: forecast for weather variables (MeteoGalicia)
V8: European summer time (logical)
V9-V14: load at the same hour on the preceding 6 days
V15-V37: dummy variables for the hour of the day
V38-V43: dummy variables for day of the week
V44-V54: dummy variables for the month of the year
V55: dummy variable for holidays

DATASET load V1 V2 ….. V55

M/D/Y : hour

….

load and explanatory variables

Date and hour
(30 months)

... ... ... ... ......

Gamma

Inverse Gamma

Logistic

Log-Normal

Normal

Gumbel

Reverse Gumbel

Weibull

8 GAMLASS models 8 distributions
8 linear combinations of
explanatory variables

𝑔𝑔1 𝜇𝜇 = 𝛽𝛽01 + 𝛽𝛽11𝑥𝑥1 + 𝛽𝛽21𝑥𝑥2 + ⋯+ 𝛽𝛽𝑚𝑚𝑚𝑥𝑥𝑚𝑚
𝑔𝑔2(𝜎𝜎) = 𝛽𝛽02 + 𝛽𝛽12𝑥𝑥1 + 𝛽𝛽22𝑥𝑥2 + ⋯+ 𝛽𝛽𝑛𝑛𝑛𝑥𝑥𝑛𝑛

Multi-objective genetic algorithm (NSGA-II)for distribution and linear combinations

with data from training set

Minimization of the average CRPS Minimization of RI

5-fold cross-validation 

Selection of the most accurate probabilistic model based on,
a) The better CRPS and RI normalized
b) the smallest number of explanatory variables

For each solution, the contribution of each
variable to the potential solution is examined,

if gene value < 0,5, the variable is excluded
if gene value ≥ 0,5, the variable is selected

5 different CRPS 5 different RI

mean CRPS mean RI

A global set of non-dominated solutions (131),
exclusively corresponding to Gamma, Inverse
Gamma and Log-Normal distributions (solutions
not included in the set of Pareto optimal) .

Gamma Inverse Gamma Log-Normal

mean CRPS
normalized

mean CRPS
normalized

mean CRPS
normalized

mean RI
normalized

mean RI
normalized

mean RI
normalized

a)

OPTIMIZED MODEL
Gamma Distribution

𝑔𝑔1 𝜇𝜇 , 𝑔𝑔2(𝜎𝜎)

MAIN OBJETIVE:

• to present a parametric
probabilistic model designed for
hourly load forecasting over the
24 hours of the subsequent day
which is refined through a multi-
objective algorithm optimization
process that identifies
explanatory variables from a
specified set and also selects the
type of distribution from among
those characterized by two
parameters.

a central value provided by a deterministic forecasting model

time (24 hours)
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Repetitive algorithm
(8 times, one per model)

result
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Planificación, Operación y Control 
de Sistemas de Energía Eléctrica

OPTIMIZED 
MODEL

Benchmark model
REF1

Benchmark model
REF2

CRPS (kW) 161.17 161.88 164.44

RI 0.06261 0.06409 0.1023

RMSE (kW) 299.47 307.78 313.59

MAE (kW) 226.35 229.21 231.46

MAPE (%) 6.3219 6.3399 6.4099

Explanatory 
variables

51 𝜇𝜇 − 30(𝜎𝜎) 55 𝜇𝜇 − 55(𝜎𝜎) 55

GAMLSS model without optimization of explanatory variables

Utilizes a non-parametric approach using the quantile regression technique
and incorporating all available explanatory variables

A) Our methodology optimizes the selection of explanatory variables for
modelling the distribution parameters, enhancing the precision of GAMLSS
type models.

B) The proposed methodology is presently focused to the development
of probabilistic short-term net load forecasting models who utilize
photovoltaic generation systems installed behind the meter.
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