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1 Statistical online forecast models

The aim of this chapter is to present a way to setup models, which can be fitted us-
ing weather forecasts as input — thus providing a setup for online forecasting. The
general challenge is that weather forecasts are used, which leads to “overlapping”
time series. For example, in many settings where hourly forecasts are needed, with
a horizon up to 48 hours ahead, they must be updated every hour with the latest
weather forecasts as input. This gives rise to two challenges: First the weather fore-
casts are not updated every hour, so we need ways to use the most recent weather
forecasts, and second we need to set this up in order to fit the models in a way,
which is both easy to use and effective, both in terms of forecast performance and
computational resources.

Time series modeling is one of the major tools which has been used quite exten-
sively both by engineering and scientific communities over last few decades to
model the dynamic phenomenon or systems. The main aim of the time series mod-
eling is to develop or apply rigorous statistical methods to capture the dynamical
information present in the measured data. Time series models study the past ob-
servations of a predictor variables (also known as the feature variables of the time
series) to develop an appropriate model which can describe the inherent structure
of the time series as well as predict the response variable. This developed model is
then finally used to make short or long term forecasts. Time series forecasting thus
can be termed as the act of predicting the future by understanding the past (Box
et al., 1976; Madsen, 2007). Time series forecasting is of indispensable importance
to numerous practical fields such as business, economics, finance, science and en-
gineering, etc. . Therefore, one must take proper care to identify a model with
proper structure adequate to describe the dynamics of the underlying time series.
Furthermore, an appropriate model estimation and validation criteria is of utmost
importance for time series forecasting. A lot of efforts have been put by researchers
over many years for the development of efficient model estimation algorithms to
improve the forecasting accuracy. As a result, a plethora of methods for time series
forecasting models have been reported in the literature.

Many approaches to load forecasting of different types of load are found in the
literature. A good overview of references are given by (Mestekemper, 2011), who
built load forecasting models using dynamic factor models. (Dotzauer, 2002) use
a model based on the ambient temperature and a weekly pattern for forecasting of
the heat load in district heating, i.e. the total heat load for many houses. (Zhou
et al., 2008) use a grey-box model based on transfer functions for building thermal
load prediction and validates it on a 50 floors multi purpose building.

Likewise, many approaches to solar power forecasting have been suggested dur-
ing more than a decade. Some of the first literature is from Chowdhury and Rah-
man (1987) who make sub-hourly forecasts by normalizing with a clear sky model
and using ARIMA models. Sfetsos and Coonick (2000) use NNs to make one-step
predictions of hourly values of global irradiance and compare these with linear
time series models that work by predicting clearness indexes. Heinemann et al.
(2006) use satellite images for horizons below 6 hours, and in (Lorenz et al., 2007)
numerical weather predictions (NWPs) for longer horizons, as input to NNs to
predict global irradiance. This is transformed into solar power by a simulation



model of the PV system. Hocaoglu et al. (2008) investigate feed-forward NNs for
one-step predictions of hourly values of global irradiance and compare these with
seasonal AR models applied on solar power directly. Cao and Lin (2008) use NNs
combined with wavelets to predict next day hourly values of global irradiance.
Different types of meteorological observations are used as input to the models;
among others the daily mean global irradiance and daily mean cloud cover of the
day to be forecasted. Sharma et al. (2011) use weather forecasts to predict hourly
solar intensity as a proxy for solar power generation. The study compares multi-
ple regression techniques for generating prediction models, including linear least
squares and Support Vector Machines (SVM) using multiple kernel functions. Fur-
thermore, dimensionality reduction is explored using Principal Component Anal-
ysis (PCA). Similarly, Ragnacci et al. (2012) propose a model based on SVM for
forecasting of PV power, where multiple techniques for dimensionality reduction
of the input variables are exploited. These results clearly support the importance
of proper feature and model selection. This paper takes advantage of the auto-
mated feature selection of the Gradient Boosted Regression Trees (GBRT). Marquez
and Coimbra (2011) propose the use of Artificial Neural Networks (ANN) to fore-
cast global horizontal irradiance (GHI) and direct normal irradiance (DNI) using
weather forecasts as predictors. A preliminary feature selection is performed us-
ing a Genetic Algorithm (GA) and a Gamma Test. Pedro and Coimbra (2012) fit
several forecasting models, which predict the hourly PV power generation for one
and two hours ahead only using endogenous variables. The methods studied in
the paper are among others Autoregressive Integrated Moving Average (ARIMA),
k-Nearest-Neighbors (kNN), ANN and ANN optimized by Genetic Algorithms
(ANN/GA). Tree based models have also been applied for probabilistic forecast-
ing of solar power generation, e.g. Zamo et al. (2014) and Almeida et al. (2015) suc-
cessfully apply Quantile Regression Forests to estimate quantiles of the PV power
generation in order to produce probabilistic forecasts.

The forecasting model approach described in the present study are inspired by a
setup used for forecasting of heat load in district heating, as described in (Nielsen
et al., 2000) and (Nielsen and Madsen, 2006). It is applied in different settings for
load forecasting by Bacher et al. (2009), Bacher et al. (2013b), Bacher et al. (2013a)
and Vogler-Finck et al. (2017). The approach has been further developed to encom-
pass the possibility to model many kind of functional relationships, both dynamics
and non-linear. Thus now provides a sound framework for online forecasting of
both load and generation in many settings. More specifically, the setup can also be
used to fit the models suggested by Bacher et al. (2009) and extends even further,
potentially also encompassing wind power forecast models presented by Nielsen
et al. (2006) and Nielsen et al. (2011).

2 Notation

The notation in this section is following Madsen (2008) as much as possible.



2.1 Model notation

Generally, in statistical notation uppercase Latin letters are used to denote random
variables, e.g. the simplest linear would model

Yy = Bo+ Pruy + € (1)

where

e the output Y, is a random variable
e the input 1, is an input

e the error is a random variable ¢; ~ N(0,0?) and i.i.d. (thus also Greek letters
are denoting random variables, however for them upper- and lowercase are
not distinguished)

e the parameters 8y and B; are actually also random variables

The actual observations are denoted with small letters

Y )
and the predictions are
9¢ = Bo + Pruy 3)
where the hat " indicates an estimated or predicted value.
Further, the realization of the error (¢;) is the residual
E=e =Y — U 4
hence either denoted with a hat or with a lowercase Latin letter.

However, this is not always possible to keep this notation, firstly in physics upper-
case Latin letters are used, e.g.

T} is the ambient temperature (°C)

G; is the global radiation (W m?)

WE is the wind speed (ms™!)

Q; is the heat load (or heating energy or power (W) or energy (kW h))
as well as Greek letters
o @I is the heating power (W)

Matrices and vectors are marked with bold.



2.2 Indexing using f and k

In the present document all time series considered are equidistant sampled and the
sampling period is normalized to 1, hence the time ¢ is simply an integer, which
index the value of a variable at t. The same goes for horizon k, which index a
prediction k steps ahead in time.

Further, in the generic setup a forecast at each time ¢t is calculated for each horizon
k up to ny steps ahead. To achieve a notation which can deal with overlapping time
series, a two dimensional index is needed. The most widespread notation is

Uit klt )

which means: the value of variable x, at time ¢ + k, and conditional the information
available at time ¢. The bar conditional is indicated by the bar |.

Thus for k > 0 this is a forecast, usually an NWP of the input, however it can also
be deterministic input, e.g. a Fourier series, which is known ahead in time (in this
case the conditional notation (|) should not be kept).

For k < 0 some ambiguity is also possible, since observations can be used
Uyl = u?_ﬁ fork <0 (6)
however the NWP can also be used

_,nwp
Upyile = Uy fork <0 )

thus a value for the past time can come from an NWP, which was not available
before time ¢.

These aspects will be more clear in later sections as it is explained how data is
setup and updated in online settings.

3 Model input and output

Input, for which we have a forecast, e.g. NWP inputs, we set up, at time ¢, an input
matrix for the variable with name nm. It holds for each time t the latest available
forecasts along the row

ko k1 k2 . kxx horizon/time
”E)Iﬁo ”gil\to u;gizﬂo T u%ri”k\to fo
u?lrﬁl M'rfllril\fl u?lriz“l T u?lr?"”k‘tl b
™= . . : . (8)
W W W e Wi t—1
wiy o owy o ulh e iy t



where

e tis the counter of time for equidistant time points and the sampling period
is 1 (note that it is not included in the matrix, it is simply the row number)

e tgis the first available time point

e 1y is the length of the forecasting horizon

e The column names are indicated above the matrix, they are simply a k con-

catenated with the value of k.

Hence, with a prediction horizon n, = 24, having data from time ¢t = 1, then at
time t = 100 we would have the following matrix

ko k1 k2 .. k24 horizon/time
url‘ﬁ‘ urz‘ﬁ‘ ué‘ﬁ‘ e u%?l 1
ug‘g‘ ugg‘ uZE‘ e uga‘z 2
wt = . . . : ©)
Ugoloo Moo Hiotjes  cc M123)99 99
Woopoo Hlotji00  “1021100 0 H124]100 100

This will actually allow for indexing using integers t indexing in the rows and k
indexing in the columns.

This could for example be the forecasts of the ambient temperature

kO k1 k2 . kxx horizon/time
a a a a
Tt0|t0 Tt0+1|l’0 Tt0+2‘t0 Tt Tto—‘rnk‘to tO
a a a a
Tl’1|i’1 Tt1+1|l’1 Tt1+2‘t1 e Tt1+l’lk‘t1 tl
a
t — . . . . ) (10)
a a a a _
T T Thapa - Tlagmp— t—1
a a a a
Ly T Tl o T t

All values where k > 1 naturally have to be forecasts of the inputs, e.g. for the am-
bient temperature these will come from a Numerical Weather Prediction (NWP).



If there are local observations available of the input the past values can be taken
from the observations

ko k1 k2 e kxx horizon/time
a,0bs anwp anwp anwp ¢
tolto to+1|to to+2lty " to+neto 0
a,obs anwp a,nwp a,nwp ¢
a tlltl t1+1|t1 t1+2‘t1 e t1+nk\t1 1
P= : : . . . (11)
a,obs a,nwp a,nNwp a,Nwp .
Tt—1|t—1 Tt|t—1 Tt—&—l\t—l U t—1+nk\t—1 t 1
a,obs a,nwp anwp a,nwp
Ly Loy Ty -+ by |t t

Note, that in most cases there is a bias between the NWPs and local observations,
thus a model must be applied in a step before fitting the forecast models — such
aspects are not dealt with in this report.

3.1 Updating an NWP input matrix

One can choose either to update the input matrix in each time step or when a new
NWP is received.

4 Two-stage modelling procedure

In order to model non-linear functional relations between inputs and output a two-
stage modelling procedure is used. This is a widespread approach, see Hastie et al.
(2009), since it allows to fit complex models with robust and fast estimation tech-
niques. First, in the transformation stage, some function of the inputs, e.g. low-pass
tiltering, spline or Fourier basis, etc., is be applied. Second, in the regression stage,
a regression model is applied to fit a function between the transformed inputs and
the output — the parameters are fitted for each horizon.

Lets go through it with a simple example, first the transformation stage

Intercept:  pty 4 =1 (12)
Regressor 1: x?f}}‘ ;= f1(u™; 0,m1) (13)
Regressor 2: x?f}cz‘t = fz(u?mz; Onm1) (14)

and then the regression stage

_ nml nm2
Yiikpe = Boxbeskle T BLeXi k) T BaxXiy gl + vkt (15)

Thus, this model has:



Intercept: py s

nml
k|t

nml

t+k|t and u

Two inputs (matrices): u

Output: Y, k|t

Transformation parameters (vectors): Onm1 and Onm»

Regression parameters for each horizon k: By, B1 x and By«

The regression parameters are estimated with a closed form scheme, most simple
is a linear least squares regression, however this can be extended to a recursive or
local version, more on this later. The transformation parameters must be estimated
with some heuristic optimization.

4.1 Transformations stage

In the first stage the inputs are transformed with some function, mostly either a
recursive function (filtering to model a dynamical system) or some basis function
(splines or Fourier series applied to model non-linear functions).

4.1.1 Filtering

When modeling the output of a (linear) dynamical system a “trick” is to apply a
tilter directly on the input (instead of applying an ARMAX model (Madsen, 2008)).

The input time series is filtered with a transfer function
xt = H(B;a)u; (16)

where the simplest 1st order low-pass with stationary gain of 1 is

1—a
H(B;a) = 17
(B;a) -8 (17)
thus the low-pass filtered series becomes
(1—a)u
= 18
Xt 1—ax, (18)

thus we have a filter coefficient a between 0 and 1, which must be tuned to match
the particular time constant of the linear system.

When filtering is applied in the transformation stage (see Equation (12) to input
matrices (u; defined in Eq. (8)), the filter can be applied in two ways: along the u;
columns

(1- ”)”t+k|t

(19)
I—ax; 14k

Xtrk)t =



or along the rows

(1- a)”t+k|t

(20)
L —axp g

Xitk|t =

To illustrate the effect of low-pass filtering the following plot shows the response
to a step function for different filter coefficients a:
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It is clearly seen that the responses are exponential functions with different time
constants depending on the value of 4, such that a higher value results in a slower
response. This filter is equivalent to the transfer function of a single resistor single
capacitor system (a first order ARX model with a stationary gain of 1). If needed
higher order filter can be selected for the transformation of data.

4.1.2 Base splines

A wide spread approach to model non-linear functional relations is to apply spline
basis functions (Hastie et al., 2009). The basic idea is to “resolve” a single input
time series into several time series, which levels depends on the input time series.
Thereafter a linear combination of the time series (fitted in the regression stage)
results in a non-linear spline function of the input time series.

Thus, the spline basis function
Xt = fbspline (ut; ndeg) (21)

where 7n4eg is the degree of the piecewise polynomial function, hence a higher n4eg
results in a more “flexible” function. Note that x; is a vector, since the transfor-
mation results in n4e, variable. The places where the piecewise polynomial meet

10



are known as knots. The key property of spline functions is that they and their
derivatives may be continuous, depending on the multiplicities of the knots. The
input is resolved with spline basis functions, e.g. for an input in the interval [0, 1]
the basis splines for nge, = 4:

1.0

Bbasis,l
Bbasis,Z
Bbasis,3
Bbasis,4
Bba sis,5

0.8
|

b[, 1]

0.4

0.2

0.0
|

where the vertical dashed horizontal lines marks the knot points (must be set in
some way, usually set as equidistant quantiles of values of u;).

An example of resulting a spline functions, which can be fitted using spline basis
functions is presented here. First a non-linear function with some added noise is
simulated

- {u?+siforui§0 22)

u? — 0.5+ ¢; for u; >0

where ¢ ~ N(0,0.1%) and i.i.d.. A sample of 100 observations is simulated and
spline basis functions of increasing degree is generated and used as input to a
linear regression model. The resulting spline functions modeled is seen in the
plot below. It is clear that there is a balance between bias and variance: A too
low degree results in an under-fitted model (not able to “bend” enough), while a
too high degree results in an over-fitted model (bends to much). The degrees of
freedom can be optimized using a cross-validation approach.

11
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4.1.3 Fourier series
In order to model periodic phenomena a linear combination of Fourier series is a
very effective approach.

We use the notation

Xt = ffs(”t; nhar) (23)

where ny,, is the number of harmonic pairs included, hence x; is vector of length
215y, Which is then linearly combined in the regression stage. Exemplified with
time as input u; = t (which is often done when modelling period, e.g. diurnal or
yearly phenomena)

. (27T 27 . (227 227
[sm <tpert) cos <fper t) sin ( - t) cos ( - t) (24)
- (25)
sin <Mt> cos (Mtﬂ (26)
per tper

An example of Fourier basis functions is plotted below for ny,, = 3, hence 3 pairs
of harmonics and a period tper = 1.

12
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4.1.4 Combined transformations

It is perfectly possible to combine transformations to create models involving com-
plicated functions. E.g. first a low-pass filter and then a spline basis

Xt = fbspline(H(B;a)ut} ndeg) (27)
or basis splines and which are then low-pass filtered
Xt = fbspline (ut; ndeg) (28)

Thus in both cases the result is multiple variables (x; is a vector) and transforma-
tion parameters are 6 = [, geg]-

4.2 Regression stage

In the regression stage the coefficients are estimated for each horizon k. For a linear
least squares regression, this is written by

Yiikge = Boj + BriXeike + €k (29)

where

o is a random variable (in total there will be ¢ - ;. of them at time t when

i
first time was t = 1)

o U is the input variable

t+k|t

e ¢ ~ N(0,0?) and i.i.d. is a random variable (again there will be ¢ - 1, of them
at time t when first time was t = 1)

13



e Box and Bk are the parameters for horizon k

The model is fitted separately for each horizon k using only past data.

Regarding the normal assumption of the error, is not very important, since first of
all the least squares method ensures the best estimation of the conditional mean,
which is often the wanted and optimal point prediction, see Madsen (2008). Re-
garding the i.i.d. assumption of the errors, this should be checked with the Auto-
Correlation Function (ACF) for the one-step ahead residuals, as well as the Cross-
Correlation Function (CCF) between the one-step ahead residuals and the inputs,
as done by Bacher et al. (2013b). textcolorblueOn of the basic problems is the
selction of the optimal model from competing linear regression models. One of
the frequently used criteria for model selection is K-cross cross-validation, where
Ke1l---Ng,and Nk .

The k step predictions are

Vevke = Bok + Buixe it (30)

Note, that the hat is reserved for predictions and estimates calculated using the
statistical model, thus the hat is not on the inputs, which are however often pre-
dictions (NWPs). If models are fitted in several stages, e.g. the inputs in the final
model are actually first predicted using another model, then the hat is removed on
the inputs in the final model.

In the above model there are in total ¢ - 1 output (Y) random variables, as well as
there are t - n; error random variables.

Following regression methods are available:

o Least squares

e Recursive least squares (RLS) (ref)
however it is planned to also implement:

e Kernel regression (local fitting)
¢ Quantile regression (estimate quantiles)
The latter opens up the possibilities to calculate probabilistic forecasts (ref), as well

as carry out normalization and Copula transformations, which can be very useful
for spatio-temporal forecast models (ref, se irpwind raport).

One note is that when using a recursive update scheme, e.g. RLS, then the param-
eters are changing over time, which will be indicated with a t on the parameters

Yiikie = Bokt + BritXeskt + €eikt (31)

14



4.3 Forecast model notation

In this section a suggestion on how to write full description of a forecast model is
presented, together with simplified notation, which can be very useful in articles
and presentations. Note that some variables are noted in bold font indicating that
they are vectors.

Full notation of the transformation stage

Intercept: 4 =1 (32)
Periodic: xfj?(‘ ; = fts(£ Mhar) (33)
Part 1: x|, = H(B;a)u'l}], (34)
Part 2: x?f}j? = fbsphne(u?f}cz; ndeg)u?f}ﬁt (35)
Part3: xTj, = up™ (36)

and the regression stage
_ per 1 23
Yiike = Poxterkie + Bri¥yp + BoiXikje + BaxXiyx)y + €kl (37)
The model inputs are:

e tis simply the time value

nml
t+k|t

u some forecast input (e.g. NWP variable)

nm2
t+k

u;"” some calculated value (e.g. time of day)

u?jj}j ; some forecast input (e.g. NWP variable)

ul™* some value known at time f (e.g. an observed variable)

The transformation parameters are

0 = (nhar/ a, ndeg) (38)

which must be set or optimized (heuristically). In practice, in order to find a good
set of parameters, different initializations can be tried along with different opti-
mazation algorithms.

The regression coefficients are

By = [ﬁo,k Biik Brok = Biomgk Bok Baik Bazk -+ Bangegk Bakx| (39

The full notation where a model is specified in all details can be cumbersome and
thus it can be simplified by writing it in a single equation. In all simplifications
suggested below, it should then be clearly stated, what is implicit or referenced to
a full notation of the model.

15



The first suggested simplified form is
fs/,. . 1 bspline 2. 3 4
Yiike =t + i (t; nhar) + Hi(B; a)u?}:}qt + Jk P iy ndeg)”?ﬁc\t + Bri™ + €k
(40)
thus the transformation and regression stage is written implicitly.

To simplify this even more it is suggested to write

Y = M+ ffs(t; nhar) + H(B; a)unml + fbspline(uan; ndeg)unmS + ,Bunm4 +e  (41)
hence removing time and horizon indexing.

Finally, the most simplified notation suggested is

Y = p+ fi(t) + H(B)tnm1 + fbspline(unmz)unt» + Blinms + € (42)
hence removing also the time and horizon indexing.

See the following section for use of the notation in a specific context.

5 Examples

Two examples of forecasting models are presented: One for heat load in single
family houses and one for observed global radiation.

5.1 Data

Data for the forecasting examples is taken from a data set collected in Senderborg,
Denmark. It comprises heat load measurements for sixteen houses, together with
local climate observations and weather forecasts (NWPs). The houses are gener-
ally built in the sixties and seventies, with a floor plan in the range of 85 to 170 m?,
and constructed in bricks. For each house only the total heat load, including both
space heating and hot tab water heating, is available. The climate observations are
measured at the local district heating plant within 10 kilometers from the houses.
The NWPs are from the HIRLAM-505 model and provided by the Danish Meteo-
rological Institute. All times are in UTC and the time stamp for average values are
set to the end of the time interval.

5.1.1 Heat load measurements

The houses are typical Danish single family houses from the sixties and seven-
ties. Only houses with radiator heating is considered. A single signal for each
house is used, which consist of both the energy for space heating and hot water
heating. The heat load measurements consist of 10 minutes average values. Time
series plots over the entire period, spanning nearly two and a half years, for four
of the houses are shown in Figure 1. Also shown, with red lines, is the distribution

16



Figure 1: The heat load for four selected houses over the entire period, which
is nearly spanning two and a half years. The red lines are estimates of the
0%, 2%, . ..,98%,100% quantiles, which indicate the distribution of the heat load
at a given time.

over time, which are estimates of the 0%, 2%, ..., 98%,100% quantiles. They are
estimated using local quantile regression (Koenker, 2005), where the weighting is
local in time. They clearly indicate that the distribution of the heat load is heavily
skewed, for example only two percent of the values are between the two upper
lines, which cover more than half of the range. The reason for this skewness is
that the heat load for water heating consists of high frequency spikes added to the
more slowly varying space heating signal. The highest peaks are from showers
and cause the high skewness.

The time series are resampled into hourly average values. The hourly heat load for
a single house is denoted by

{Qut=1,...,N} (43)

where N = 21144 and the unit is kW. Notice that no distinguishment in between
the houses is used in the notation, but when the results are presented the house
number, ranging from 1 to 16, is clearly stated.

5.1.2 Local climate observations

The local climate observations are from a weather station at the district heating
plant in Senderborg, which is less than 10 kilometers from the houses. The data is
resampled to hourly average values and the following time series are used:

Ambient temperature: {Tta obs.y 1 ..., N } (44)
Global radiation: {G?bs; t=1,...,N }

Wind speed: {Wf’(’bs;t =1,..., N}

The local climate observations are not used as input in the present examples, only
the Global radiation is used as model output in the solar forecasting example pre-
sented later. They could be setup and combined with the NWPs as described
around Equation (11).

5.1.3 Numerical weather predictions

The numerical weather predictions (NWPs) used for the forecasting are provided
by the Danish Meteorological Institute. The NWP model used is DMI-HIRLAM-
S05, which has a 5 kilometer grid and 40 vertical layers (DMI, 2011). The NWPs
consist of time series of hourly values for climate variables, which are updated
four times per day and have a 4 hour calculation delay (e.g. the forecast starting
at 00:00 is available at 04:00). Since a new two day heat load forecast is calculated

17



every hour, then - in order to use the latest available information - every hour the
latest available NWP value for the k’th horizon at time ¢ is picked as

Ambient temperature (°C): Tfjmp (45)

Global radiation (W/m?): G?r;(ﬁ)t

Wind speed (m/s): Wff;rtp

Wd,nwp

Wind direction (*azimuth): W, k|t

These are setup in input matrices as described in Section 3. Similarly as for the
ambient temperature in Equation (11), only using purely NWPs (no local observa-
tions). Thus the two input matrices T} and G; are formed and used in the following
examples.

5.2 Load forecasting

Lets go through it with a simple example, first the transformation stage

Full notation

Intercept:  py g =1 (46)
Periodic: xff;d = fts (£ Mhar) (47)
Temperature: xtTjrk“ = H(B;aTa)Terk“ (48)
Solar: xtGJrk“ = H(B;ac)Gyiks (49)

(50)

and then the regression stage

_ per T. G
Qp ikt = Pkttt + B iXiny T PokiX i T B3t Xipe T esip - G1)

Note the additional ¢ on the coefficients indicating that they are fitted with Recur-
sive Least Squares (RLS).

Simplified form
Qpykp = 1+ flg,st(t; Mhar) + Hi ¢ (B; “Ta)Tf+k\t + Hk,t(Br'ﬂG)GHk\t +epr (52)
or more simplified
Q = u + fts(t; Mhar) + Hx(B; at,) Ta + Hx(B; ag)G + ¢ (53)
or finally

Q=+ frs(t)+ H(B)T. + H(B)G +¢ (54)
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5.3 Solar forecasting

The forecast method can be used for solar forecasting, and in this section it is used
to forecast first the global radiation and then for solar power . Forecast horizons
from 1 to 36 hours are calculated. The algorithm uses the basis splines to form
a conditional parametric model, in which the functional relationship between the
NWPs of global radiation are conditional on the time of day.

The model is the same for all the four setups, but of course it is fitted using the
output series, just denoted by Y in the following. Model notation of the transfor-
mation stage

. d nw
Global rad. input: xtG+k| ;= fbspline(ttj{; Ngeg = 5)G, +k}\)t (55)

and the regression stage
_ per
Yiike = BuaXiine T €kt (56)

The model inputs are:

o tday

i1 the time of day, i.e. simply the hour in this case

o G?r;f" ; the global radiation NWP

The regression is fitted using the recursive least squares scheme, which thus has
the forgetting factor parameter A. It is optimized in an off-line setting as described
in Bacher et al. (2013b).

Figure 2 shows different examples of the global radiation forecast. In the upper
plot it is seen how the k = 36 hours ahead forecasts match the observations for a
2 weeks period. Naturally, it is not perfect, but it is clearly seen how the general
pattern is very well modeled. The largest errors occur when the NWP have large
errors, hence much of the accuracy of the forecasts depends on the quality of the
NWPs.

In the middle plot it is seen how the forecasts, which are updated every hour using
the latest available NWPs, do change for particular time points. Thus, as new
NWPs become available the forecasts will use this new information. In general the
NWPs of shorter horizon are better, however it must be noted that some NWPs
used for k = 1 hour forecasts are actually 10 hours old, due to NWP calculation
time (4 hours in this case) and the fact that the NWPs are only updated every 6
hours. If the latest available observation is also used as an input (an auto-regressive
model part), then on shorter horizons the forecasts will become more accurate, as
demonstrated in for example Bacher et al. (2013b).

In the lower plot of Figure 2 the k = 8 hours forecast is shown for the five day
period. It can be seen how there is pattern during the late morning hours, which
tend to be lower than in the afternoon, and how the model actually adapts to this
pattern.

In Figure 3 the k = 1 hour and k = 36 hours forecasts are plotted for the solar
power for PV panels pointing in different directions. It is clearly seen how the
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Figure 2: Upper plot: The observed solar radiations in black and the k = 36 hours
solar radiation forecast in red for the two first weeks of April 2011. Middle plot:
All forecasts calculated during 16. to 20. April. Lower plot: The k = 8 hours ahead
forecast for the same period as in the middle plot.
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model adapts to the different patterns of the signals, hence taking automatically
into account, the different directions of the panels. Comparing the k = 36 hours
forecasts to the same forecasts of global radiation (upper plot of Figure 2), it is seen
that the larger errors occur exactly at the same time points, simply because the
same NWPs are used and since the errors are propagating through the model.

6 Conclusion

In this report, it is shown that both heat load and solar radiation can be modelled
accurately and reliable forecast can be generated. The basic methodology about
how a forecasting problem can be modelled mathematically is explained and all
the stages of such a mathematical formulation are discussed in details. It is also
shown that the proposed algorithm is very flexible to model and forecast different
variables due to its modular structure. Finally, the use of the proposed algorithm
to forecast two different variables related to Flexcoop project i.e. head load fore-
casting and solar forecasting respectively has been demonstrated using the real
world data.
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Figure 3: Solar power forecasts for panels pointing in three different directions.
The period is the first two weeks of April 2011.
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