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Abstract— Renewable energy provides an increasingly
significant contribution to power production around the globe.
The variable and uncertain nature of certain renewable energy
sources, however, requires increased grid flexibility to reliably
match electricity supply with demand. On average, wind energy
accounts for 20% of Nicaragua’s total generation, and can
produce up to 50% within a given hour. Under the renewable
energy regime fuel-oil generators are the main source of grid
flexibility. Information-driven flexibility, such as improved
demand prediction, can be used to reduce the need of fuel-oil
based flexibility without affecting reliability. This paper
evaluates and compares the use of multiple linear regression
(MLR) and support vector regression (SVR) in their ability to
minimize electricity demand forecast error in Nicaragua. We
find SVR reduces the mean absolute percent error of prediction
to 3.8%, compared with MLR (7.7%). SVR further performs a
prediction with 21% less error than the current prediction
mechanism employed by the utility. Finally, we discuss how
improved prediction algorithms can be used to reduce
Nicaragua’s dependency on fuel-oil for flexibility, while also
reducing costs for the utility.
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I.

INTRODUCTION

In 2013 approximately 22% of global electricity was
produced using renewable energy, representing a 5% increase
from the prior year [1]. The International Energy Agency
suggests that renewable energy will reach about one-third of
total generation by 2040 [2]. Wind energy alone contributed
almost 4% of total global electricity generation in 2013 [3],
with a 12% increase in global installed capacity from 2012 [4].
While an increase of renewable energy production in the
global energy matrix provides multiple and immediate cobenefits (i.e., carbon abatement, energy security, economic
efficiency), it also requires more advanced grid management in
order to maintain an acceptable level of electricity reliability.
Specifically, grids with high penetrations of wind and solar
generation are required to perform under the same reliability
and operational constraints despite their inherent uncertainty
and variability. Greater flexibility is addressed through a
variety of measures depending upon a grid’s availability of
different energy sources [5]. Certain types of plants can be
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used for flexibility by being quickly dispatched or ramped,
such as hydroelectricity, combined-cycle gas turbines, and fuel
oil plants. Regional power interconnections can also be used to
provide cost-effective integration of renewable energy [6], and
demand response programs can help adjust the supply-demand
imbalance by enabling demand-side resources [7].
It is important to note, however, that the feasibility of the
above solutions is dependent on a country’s geography and
level of development. For example, in 2014 Nicaragua
produced up to 50% of total generation from wind on an
hourly basis, and generated 20% wind on average per year [8].
Nicaragua is the 2nd poorest country in the Western
Hemisphere [9], yet it is expected to reach 90% renewable
generation by 2020 [10], and could achieve this goal using a
diverse set of renewable resources and integration strategies
[11]. Despite Nicaragua’s great renewable energy potential,
grid flexibility options are limited. Fuel oil and hydropower
constitute the most important sources of flexibility (2014: 47%
and 9% of total generation respectively), but both resources
prove problematic in the long run due to hydropower’s
vulnerability to hydroclimatological variability [11] [12], and
fuel oil’s vulnerability to price fluctuations, localized air
pollution, and its contribution to climate change. A
dependence on fuel-oil for grid flexibility could prove both
expensive and detrimental to Nicaragua achieving its mutual
goals of grid cost-effectiveness and energy independence.
This paper develops prediction models for Nicaraguan
electricity demand using openly available data. The goal of the
study is to evaluate the potential for improving demand
prediction both as a method for reducing the utility’s demand
prediction error and as a means for creating a more timeresolved ancillary services market. The background provided
in Section II discusses algorithms that have been used in the
literature for electricity demand prediction. Section III
describes our data collection and preparation methodology
followed by a discussion (Section IV) on the methodology
used for hyper-parameter optimization, cross-validation, and
comparison between algorithms. Sections V and VI present
our results and a discussion regarding the importance of
improving demand prediction accuracy.

II.

BACKGROUND

With increased penetration of uncertain and variable
energy into the grid, cost-effective load-matching has become
a central concern of global power industries. Short-term load
forecasts (STLFs) are vital inputs to the planning and
operational process and have been used for decades to solve
unit commitment and economic dispatch problems [13]. Dayahead and spot markets, demand response programs,
development and adjustment of bidding strategies, and
reliability concerns such as avoiding overloading and the
occurrence of blackouts all rely heavily on accurate load
forecasting [14].
The literature identifies two types of forecasting
methods: 1) statistical learning methodologies including
ARIMA [15], Kalman filtering [16], and multiple linear
regressions [17], and 2) artificial intelligence-related models
such as fuzzy expert systems [18], support vector regression
(SVR), artificial neural networks (ANN) [19], and selforganizing networks [20]. Neural networks are a popular
approach to demand prediction, but their hidden layer causes
difficulties when interpreting the reasoning behind results.
More interpretable models such as SVR are capable of
exceeding the accuracy of neural networks in STLF [21].
Further, SVR applies a structural risk minimization principle
thus minimizing the upper bound of generalization error
through regularization, rather than relying purely on
minimizing training error through empirical risk minimization,
which is used by ANNs. SVRs therefore reduce overfitting by
balancing model complexity with training success. However,
this balance and thus the accuracy of an SVR are dictated by
hyper-parameters such as the choice of kernel and the values
of C, epsilon, and gamma. The selection of these hyperparameters can be done by searching the whole space, or
optimized through methods such as simulated annealing (SA),
genetic algorithms (GA), and particle swarm optimization
(PSO) [22].
III.

DATA COLLECTION AND PREPARATION

Hourly demand and generation data was obtained from
Nicaragua’s National Dispatch Center [23] for January 1st 2012
to June 23rd 2015, and weather data (three hour intervals) was
obtained for the same time period [24]. The weather data was
interpolated to hourly values in order to maintain a single
index, with the assumption that weather (rainfall, temperature,
etc.) changes linearly within each 3-hour timeframe.
Hourly demand profiles depicted bimodal distributions
represented by peak and off-peak times. The presence of this
underlying structure in our data led to the creation of subgroups of data within the larger dataset in order to find two
unimodal distributions. K-means clustering was used to
develop the sub-groups and construct more targeted models.
Clustering was iteratively applied to three temporal variables
(months, days, and hours). Average demand over each time
interval was used for clustering, and K was varied across all
acceptable values. For example, when clustering by month the
average demand for each month was used as the input to the Kmeans algorithm, K was varied from 2-11, and the K with the

best silhouette score was chosen. A silhouette score was used
as the evaluation metric, which compared the average distance
of each point i within its own cluster to its average distance
from the points in its next nearest cluster.
Clustering was first applied to the ‘months of the year’ in
order to create sub-groups based on seasonality, then applied to
‘day of week’ and finally ‘hour of day.’ Based on silhouette
scores, K=2 was chosen in each case. The sub-groups that were
found through clustering are listed in Table 1, and Figure 1
displays the division of the bimodal distribution into two
unimodal distributions based on the sub-groups.
TABLE I.

NICARAGUAN NATIONAL ELECTRICITY DEMAND CLUSTERS
Peak Sub-groups
March-May

June-Feb

Mon-Fri

Sa-Su

Mon-Fri

Sa-Su

8AM-10PM

7PM-9PM

8AM-9PM

6PM-9PM

Off-Peak Sub-groups
March-May

June-Feb

Mon-Fri

Sa-Su

Mon-Fri

Sa-Su

11PM-7AM

10PM-6AM

10PM-7AM

10PM-5PM

Figure 1. Histogram of Total, Peak, and Off-Peak Nicaragua Hourly National
Demand (2012-2015)

IV.

METHODOLOGY

We compared the accuracy of MLR and SVR against that
of the Nicaraguan grid operator for day-ahead posted net
demand predictions. It is assumed that current predictions are
posted at 6 PM for the next day from midnight to 11 PM, and
therefore contain 6 through 29 hour-ahead predictions. The
data used for this comparison spanned from January 1st 2014
to June 23rd 2015. The data were then split into a training and
validation subset (January 1st 2014 to May 31st 2015) and a
testing subset (June 1st to June 23rd 2015). The testing subset
was chosen because it was the only interval in which utility
predictions were available. The data was divided into the 7
sub-groups according to the k-means analysis described above.
Both MLR and SVR used the following independent
variables: time-lagged (t-1,2,3…24), weather (temperature,
pressure, humidity, etc.) and demand, as well as dummy
variables including hour (0-23), day of month (0-30), day of

week (0-6), hour in week (0-167), year (2014-2015), and a
binary variable for holiday (0,1). The SVR also used additional
independent variables for future (t+1,2,3…24) weather. For the
test data, future weather variables were sampled from hourly
distributions of weather variables in the training and validation
subset to avoid using perfectly forecasted weather.
MLR used a least squares regression to estimate
coefficients based on all available data up to the hour of
prediction. Optimal model fit was determined through a stepwise procedure where variables were iteratively added. For
SVR, 5-folds cross validation was used with the training and
validation subset to find the optimal hyper-parameters C,
epsilon, and gamma. A radial basis function was used for the
kernel as it is best suited for smooth data, which is an
appropriate assumption for hourly electricity demand.
A. Comparison to Current Prediction
In both the MLR and SVR cases, n-hour (n=1,2,3,…,29)
ahead models were developed and used together in order to
calculate an entire day-ahead prediction. After the regression or
SVR model at n hours was constructed, the output was used as
an additional independent variable for the n+l regression or
SVR model. For each day in the test set, the MLR coefficients
and SVR model were updated using the previous days demand
data. We used the mean absolute percent error (MAPE) as the
evaluation metric for prediction accuracy. Within the
timeframe of the test set, the utility achieved a MAPE of 4.8%.
V.

Figure 2. One week of Electricity Demand Prediction (June 5th to June 12th)

RESULTS

Across the 7 sub-groups, MLR had the best fit for MarchMay weekdays at 11PM-7AM, and the worst fit for JuneFebruary weekdays at 10PM-7AM. The regression received a
MAPE of 7.7% with the June 2015 test set using the previously
described method for day-ahead prediction.
The optimal hyper-parameters for SVR were C=1000,
epsilon=.0001, gamma = 10e-6. The SVR model that
performed best during cross validation achieved a MAPE of
2.3% for 24-hour-ahead prediction. This model had the lowest
MAPE (1.7%) for March-May weekdays from 11PM-7AM,
and the highest MAPE (2.7%) for June-February weekdays
from 10PM-7AM. SVR achieved a MAPE of 3.8% with the
test set for day-ahead prediction.
SVR outperformed MLR by 38% and the current utility
prediction method by 21%. SVR over-predicted electricity
demand an average of 223 MWh per day and under-predicted
demand by an average of 227 MWh per day. MLR overpredicted electricity demand by an average of 413 MWh per
day and under-predicted demand an average by of 487 MWh
per day. The utility over-predicted demand an average of 446
MWh per day and under-predicted demand an average of 177
MWh per day. The results of MLR, SVR, and current
prediction for a subset of the test data are shown below during
one week (June 5th to June 12th) in Figure 2 and for an average
weekday in Figure 3.

Figure 3. Average Weekday Electricity Demand Prediction

VI.

DISCUSSION

The SVR algorithm proposed in this article offers a reduced
day-ahead prediction error using openly available data. Our
results suggest that more accurate day-ahead electricity
demand predictions could lead to a reduced dependence on
fuel-oil (the primary source of current flexibility). On
average, SVR over-predicted 50% less MWh than the utility
per day and only under-predicted by an additional 28%. Overprediction leads utilities into purchasing more energy than
they actually need in the day-ahead market. The average cost
of energy in June was approximately $105/MWh, meaning
that the utility could have saved an average of $23,000 per day
by using a statistical method with similar performance to the
authors’ SVR. Further, flexible power plants that are used to
correct for this error must cycle their equipment, which can
add thermal and pressure stresses that decrease plant life
expectancy and increase operation and maintenance costs [25].
Day-ahead demand prediction could be further improved by
incorporating anomaly detection and more accurate methods
for weather forecasting. Future research will incorporate wind
generation forecasting and seek to conduct a similar analysis
to this one for national net electricity demand prediction, as

well as quantifying the environmental and economic impacts
that could be mitigated through improved prediction accuracy.
VII. CONCLUSION
Using open-access electricity demand and weather data and
consistent daily model updates, day-ahead electricity demand
for June 1st to June 23rd 2015 was predicted with a MAPE of
3.8% with SVR. SVR resulted in higher prediction accuracy
than both the current utility prediction method (4.8% MAPE)
and MLR (7.7% MAPE). Reduced prediction error saves the
utility money when purchasing energy in day-ahead markets as
well as improves plant lifetimes with less frequent power
cycling. Overall, information-driven grid flexibility is an
important part of Nicaragua’s pursuit for greater renewable
energy penetration and reduced dependence on fuel-oil.
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