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ABSTRACT We present a winning method of the IEEE DataPort Competition on Day-Ahead Electricity
Demand Forecasting: Post-COVID Paradigm. The day-ahead load forecasting approach is based on a novel
online forecast combination of multiple point prediction models. It contains four steps: i) data cleaning
and preprocessing, ii) a new holiday adjustment procedure, iii) training of individual forecasting models,
iv) forecast combination by smoothed Bernstein Online Aggregation (BOA). The approach is flexible and
can quickly adjust to new energy system situations as they occurred during and after COVID-19 shutdowns.
The ensemble of individual prediction models ranges from simple time series models to sophisticated models
like generalized additive models (GAMs) and high-dimensional linear models estimated by lasso. They
incorporate autoregressive, calendar, and weather effects efficiently. All steps contain novel concepts that
contribute to the excellent forecasting performance of the proposed method. It is especially true for the
holiday adjustment procedure and the fully adaptive smoothed BOA approach.

INDEX TERMS Load forecasting, forecasting competition, prediction, demand analytics, forecast combi-
nation, online learning, aggregation method, ensemble, holiday effects, COVID-19, shutdown, lockdown,
post-COVID effects, generalized additive models, GAM, lasso, weather effects.

I. INTRODUCTION

THE COVID-19 pandemic led to lockdowns and shut-
downs all over the world in 2020 and 2021 to reduce

the spread of the coronavirus SARS-CoV-2 and the resulting
COVID-19 disease. Mentioned lockdowns and shutdowns
substantially impacted the behavior of the people. Thus, also
the consumption of electricity changed dramatic during those
periods, [1]–[3]. Electricity load forecasting during lock-
downs and shutdown periods is a challenging task, but even
months afterward the forecasting task is still complicated.
One reason is that is not obvious which of the changed behav-
ioral pattern during the lockdown observed in many countries
(e.g. increased remote work, getting up later) will persist
months and years after the lockdown. Another problematic
aspect is the disruption of annual seasonalities during the
lockdown periods.

The IEEE DataPort Competition Day-Ahead Electricity
Demand Forecasting: Post-COVID Paradigm focuses on
Post-COVID aspects in electricity load forecasting [4]. The
day-ahead load forecasting competition was based on real
data and ran over a test period of 30 days. This manuscript
describes one of the winning methods that scored 3rd in the
competition.1 The prediction approach is based on smoothed
Bernstein Online Aggregation (BOA) that is applied on indi-
vidual load forecasting models. The complete model flow
with the organization within the paper is depicted in Fig. 1.

First, we introduce the data set and the forecasting task
in more detail and discuss the initial data preprocessing
steps. Afterward, we explain a novel holiday adjustment

1According to significance test conducted by the organizers, the top 3
positions where not significantly different from each other.
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FIGURE 1. Structure of forecasting approach used for the
forecasting competition.

procedure to deal adequately with holidays in the data based
on ideas from [5]. Section IV considers several state-of-
the-art individual forecasting models, sometimes referred to
as experts or base learners, [6]. Then, we describe a novel
online aggregation procedure is used to combine the expert
forecasts. The combination method is based on an extension
of the fully adaptive Bernstein Online Aggregation (BOA)
procedure which satisfies certain optimality guarantees and is
utilized in recent load forecasting tasks, see [7], [8]. The BOA
is extended by a smoothing component and is implemented
in the R package profoc [9]. It is similarly used in [10] for
probabilistic forecasting using CRPS learning.

Next to the considered aggregation procedure, a crucial
aspect is the choice of individual forecasting models. The
considered models range from simple time series models
like autoregressive and exponential smoothing models [11]
to more advanced statistical learning procedures. Among the
latter one we consider high-dimensional statistical models
estimated by lasso and generalized additive models (GAMs)
that were also among the winning methods in past load
forecasting competitions, [12], [13]. Also, we tested several
modern non-linear models like gradient boosting machines
(GBM) (using the R packages gbm and lightgbm) and neu-
ral networks (using the R packages nnet and keras). But
the forecasting accuracy was rather low and did not improve
the forecasting performance in the forecasting combination
method described in Section V. The reason might be that
the major impacts are linear, esp. autoregressive and sea-
sonal effects. Also, another winning group of the competition
observed low predictive performance of methods based on
decision trees and neural networks, [14]. Still, they contain
them in a final aggregation procedure.

The evaluation metric is the mean absolute error (MAE)
which is a popular point forecasting metric. More precisely,
median forecasts are required to minimize theMAE, see [15].

II. DATA AND PREPROCESSING
The load forecasting competition contains initially hourly
load data from 2017-03-18 00:00 to 2021-01-17 07:00, visu-
alized in Fig 2. According the organizers the load data

corresponds to one city, but the origin of the load data to
predict was disclosed.

The daily forecasting task is to predict the next days hourly
load, which corresponds to forecast 24 values 17 to 40 hours
ahead. Thus, the first forecasting task was aiming for the
hourly load for 2021-01-18 from 00:00 to 23:00. The second
task was to predict the load on 2021-01-19. This rolling
forecasting procedure was continued over 30 days in the
competition. In the bottom chart of Fig (2) you see clearly
the structural break due to the COVID-19 lockdown inMarch
2020. The overall load level dropped and the weekly profile
got disturbed dramatically. In the proceeding months we
observe some slowly increasing recovery of the electricity
consumption. However, even in 2021 we observe that espe-
cially the peak hours have a lower load level than the previous
years.

Next to the actual load data, also weather input data was
provided. This was actual data on humidity, pressure, cloud
cover, temperature, wind speed such as day-ahead forecasts
of all meteorologic features except humidity were provided,
Fig 3 for last years data. The day-ahead weather forecasts
were in fact 48-hours ahead forecast. Thus, for the first day,
weather forecasts data up to 2021-01-19 07:00 was provided.
During the competition the actual load and weather data, and
the weather forecast data for the next 24 hours were released,
leading to a typical rolling forecasting study design.

The weather data contained some obvious reporting prob-
lems which were cleaned using linear interpolation and the
R-package tsrobprep, see [16], [17]. Afterwards,
we transformed the wind direction data to the north-south
(NS) and east-west (EW) component by evaluating the cosine
and sine of the wind direction data. Thus, Fig 3 shows the
cleaned data for the available weather forecasts and actuals.
For further analysis, we extend the weather data input space
by adding rolling daily means of all 7 weather inputs (humid-
ity, pressure, cloud cover, temperature, wind speed, wind
direction NS, wind direction EW). Thus, we consider in total
2× 7 = 14 weather inputs.

III. HOLIDAY ADJUSTMENT PROCEDURE
As the origin of the data was disclosed and no holiday calen-
dar was provided a specific solution for dealing with holidays
is required. Handling holidays adequately is an important task
and may improve the forecasting accuracy substantially even
for the non-holidays, see e.g. [5]. Fig. 4 provides a small
overview on the considered two model steps.

By eyeballing, it is easy to spot some obvious date-based
public holidays in the data (12Jan, 17Apr, 1Aug, 18Sep,
11Dec, 18Dec). But there are also a couple days which
behave like holidays but the pattern of occurrence seems to
be different. We consider a holiday adjustment procedure
to take into account the holiday impact appropriately. The
procedure is based on a high-dimensional time series model,
similarly used in the GEFCom2014 (Global Energy Forecast-
ing Competition 2014), see [12]. The result of the consid-
ered procedure is illustrated for the period from October to
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FIGURE 2. Available load data for day-ahead for the competition. The test data is highlighted in light blue.

December in Fig 5. There, we see clearly the holidays on
11 and 18 December, while the holidays pattern in October
and November follow complex pattern.

To introduce the holiday adjustment procedure formally,
we require some notations. Denote `t = log(Lt ) the logarithm
of the load Lt at time point t . Let T be the number of
observations that is currently available for model training.
The considered model is a high-dimensional linear model
for `t :

`t =
∑
i

β ixt,i + εt = x′tβ + εt (1)

Given data for t = 1, . . . ,T the input matrix (x′1, . . . , xT )
′

contains the following components:

i) lagged log-load `t+k values, for k ∈ Ipos ∪ Ineg
where Ipos = {168, 169, . . . , 510} and Ineg =

{−168,−169, . . . ,−510}
ii) p-quantile ReLU-transformed (Rectified Linear Unit

transformed) of all available weather data on quantile
grid of probabilities P = {0, 0.1, . . . , .9}. In detail we
compute xp-ReLUt = max{xt − qp(x), 0} with qp(x) for

p ∈ P as p-quantile of x for weather input feature
x = (x1, . . . , xT )′.

iii) All weather data interactions, i.e. x interxt ,yt ,t = xtyt for
inputs xt and yt . xt and yt are chosen from the 14 weather
inputs which yields in total 14 × 15/2 = 105 weather
interactions.

iv) Daily and weekly deterministic effects. The daily and
weekly effects are modeled by standard and cumulative
dummies:

xdayk,t = 1{HoDk (t) = k} for k ∈ {1, . . . , 24} (2)

xcdayk,t = 1{HoDk (t) ≤ k} for k ∈ {1, . . . , 24} (3)

xweekk,t = 1{HoWk (t) = k} for k ∈ {1, . . . , 168} (4)

xcweekk,t = 1{HoWk (t) ≤ k} for k ∈ {1, . . . , 168} (5)

where HoDk (t) and HoWk (t) are the hour-of-the-day
and hour-of-the-week dummies taking values in 0 and 1.
They are 1 if and only if k is the k’s hour of the day/week.

v) Annual deterministic effects described by periodic cubic
B-splines with annual periodicities (A = 24 ×
365.24 hours). Precisely, we consider 12 basis functions
on a equidistant grid on [0,A).
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FIGURE 3. External input weather data available for the competition for the last year. Colored data correspond to actuals and black
ones to day-ahead forecasts. The test data is indicated by lighter colors.

FIGURE 4. Flowchart of the holiday adjustment procedure.

vi) Impact-adjusted holiday dummies on days which were
identified in advance as potential holidays.

The lagged log load in i) describes the autoregressive impact
on a specific day for the surrounding 3 weeks of information
without using nearby information of the surrounding week,
to exclude any impact from bridging effects. As predicting the
holiday effects is not a forecasting tasks it is totally legible to
use positive lags to improve predictive accuracy.

Note that the ReLU-transformed weather input in ii) is
relevant to capture non-linear weather impacts. However, for
p = 0 the linear effect is modelled. Component iii) is moti-
vated from the second order Taylor approximation. Consider-
ing all weather data interactions allows us to capture relevant
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FIGURE 5. Log-load data in October to December in considered years 2017-2020 (black) with holiday adjustment of the proposed
procedure (blue).

non-linear information. In fact, components ii) and iii) may
be regarded as a manual application of the kernel trick to the
input data to enlarge the feature space.

Further, in iv) the standard dummies with ’=’-sign in
the definition (see (2) and (4)), have the job of detecting
demand effects that happen only at the day or week period
(e.g. if the load is high only at a certain hour of the day).
In contrast, the cumulative dummies (see (3) and (5)) have the
purpose to describe effects that persists over multiple hours
in the day or week period. Similarly, feature v) captures the
annual seasonal behavior. In comparison, annual effects tend
to vary slowly over time. Thus considering a few parameters
is usually sufficient to capture all relevant effects. Note that
B-splines are local basis functions, in contrast to Fourier
approximations by sine and cosine functions which are global
ones. An important consequence for local basis functions is
that anomaly will only impact the seasonal neighborhood.
For instance, an outlier in winter will not affect the fit in
summer. For more details on periodic cubic B-splines in
energy forecasting see [18].

The component vi)models the holiday effect and is crucial
for the holiday adjustment procedure. Its design corresponds
to the holiday modeling approach used in see [12]. However,
next to the impact multiplication also a scaling of the impact.
Precisely it is scaled by the difference of rolling quantiles at
probabilities 90% and 37% of the previous week. The idea
is that the upper quantile is an estimate standard activity in
a working week and the lower quantile and estimate for the
Sunday peak. This adjustment procedure is required to deal
with the strong structural breaks during the COVID-19 shut-
down. This, effect can be seen in Fig 5 as well. We observe
that the absolute holiday impact of 11th December is smaller
in 2020 than the years before.

The model for the log-load `t with all inputs i) to vi) is
estimated using lasso (least absolute shrinkage and selection
operator) on scaled input data. The tuning parameter is chosen
by minimizing the Bayesian information criterion (BIC), see
e.g. [19]. Now, we take the fitted parameter vector β̂ and
set all estimated parameters which correspond to the holi-
day impacts vi) to zero, to receive β̂

hldadj
. The fitted values
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with respect to β̂
hldadj

is the holiday-adjusted log-load time
series ˜̀t , as illustrated in Fig 5 in blue.

Note that for the inital and final three weeks (exactly
510 hours as the maximum in Ipos) the procedure cannot
be applied as `t+k is not available all the time. Therefore,
we train for the inital three weeks the same model without
Ineg and for the last three weeks the model without Ipos.

The complete lasso training procedure including tuning
parameter selection on the full data set takes around half
a minute on the authors laptop using glmnet of R on a
single core, [20]. However, it is important to use sparsematrix
support to reduce computation time.

IV. TRAINING OF INDIVIDUAL FORECASTING MODELS
Given the holiday adjusted log-load l̃t and the resulting hol-
iday adjusted load L̃t we train many forecasting models to
create a big ensemble of forecasters (or experts). The consid-
ered models, can be categorised into four types:

A) STL-decomposed exponential smoothing→ Sec. IV-A
B) AR(P) models→ Sec. IV-B
C) Generalized additive models (GAMs)→ Sec. IV-C
D) Lasso estimated high-dimensional linear regression

models→ Sec. IV-D

Only the advanced models C) and D) evaluate provided
meteorologic data. The lasso model D) had best individual
prediction accuracy. Further, all models are applied to the
holiday adjusted log-load l̃t and the holiday adjusted load L̃t .
For convenience, we introduce the notation Yt ∈ {l̃t , L̃t }.
When considering a log-load model, the exponential function
is applied to the point forecasts ̂̀̃T+h for the forecasting
horizon h ∈ H = {hmin, . . . , hmax} = {17, 18, . . . , 40} to
predict the load at T + h.

All models were estimated using a calibration window size
of C ∈ {28, 56, 77, 119, 210, 393, 758, 1123} days minus
16 hours (as the last available data point was at 8am). The
general idea behind this is quite simple, models with short
calibration windows (e.g. 4, 8, 12 weeks) shall adjust better to
more recent data, models with larger windows havemore data
to learn better about rare event like the annual effects. More-
over, several forecasting studies in energy forecasting have
shown that combining short and long calibration windows,
may lead to substantial gain in forecasting performance, see
e.g. [21], [22].

The described forecasting procedure was applied in a
rolling forecasting study to all days starting from 1st June
2020 as first day to predict. This date was chosen by manual
inspection the historic data, as the hard COVID-19 shutdown
effects seem to be vanished.

A. STL DECOMPOSITION WITH EXPONENTIAL
SMOOTHING
This approach applies first an STL decomposition on Yt . STL
acronym represents the decomposition into to trend, seasonal
and remainder components by loess (locally weighted scat-
terplot smoothing).

On the remainder component an additive exponential
smoothing model is fitted. This is done using the stlf func-
tion of the forecast package in R, [23]. The seasonality of
the time series are set to 168. Forecasting is done recursively
for forecasting horizon up to hmax, and report hmin, . . . , hmax.

B. AR(P) TIME SERIES MODEL
Here, Yt is modeled by a simple autoregressive process
(AR(P)) where P, sometimes used in energy forecasting
[24], [25]. The only tuning parameter P is selected by mini-
mizing the Akaike information criterion (AIC) with Pmax =

24 × 22 = 528 (3 weeks plus 1 day). This done using
the R function ar of the stats package in R, see [26].
Again, the forecasting is done recursively to hmax, and report
hmin, . . . , hmax.

C. GENERALISED ADDITIVE MODELS (GAMs)
This procedure utilized generalised additive models which
are popular in load forecasting, see e.g. the winning method
of the Global Energy Forecasting Competition 2014 in the
load track [13]. In general, a GAM is an additive non-linear
model that may utilize elements of high-dimensional linear
models. A general GAM with two-way interaction depth is
given by

Yt =
∑
i

β1,ifi(Xt,i)+
∑
i

∑
j 6=i

β2,i,jfi,j(Xt,i,Xt,j) (6)

where the first term represent a sum of non-linear impacts
of Xi and the second term the two-way interactions between
Xi and Xj. The non-linear relationships are specified by the
functions fi and fi,j, which allow a high degree of flexibility.
Historically, fi and fi,j where mainly modeled by splines, e.g.
B-splines and P-splines. Nowadays, also complex non-linear
model structures, like gradient boosting machines and (deep)
neural networks are considered as well.

For the competition, we consider two separate GAMmodel
designs due to the limited accessibility of the Yt−24 for
forecasting horizons h ∈ H. For hour the first 8 horizons
h ∈ {17, . . . , 24} the GAM model is

Yt ∼
∑

k∈{24,168}

s(Yt−k )+
∑
k∈J

Yt−k︸ ︷︷ ︸
autoregressive effects (non-linear + linear)

+ te(hour,week)︸ ︷︷ ︸
weekly profile term

+ s(ftemp)+s(ftemp,week)+s(fcc)+s(fcc,week)︸ ︷︷ ︸
non-linear temperature and cloud cover effects depending on weekday

+ s(ftemp, fcc)︸ ︷︷ ︸
temperature and cloud cover interaction

+ s(fpres)+ s(fwind)+ s(fdircos)+ s(fdirsin)︸ ︷︷ ︸
non-linear effects from pressure, wind speed and direction

for index set J = Jshort ∪ Jlong with Jshort =

24 · {2, 3, 8, 14, 21, 28, 35, 42} and Jlong = 24 ·
{350, 357, 364, 371, 378, 385}. Here, s represents regression
smoothing terms and te tensor products, f∗ represent the
forecasts of the daily rolling averages of the meteorologic
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components. The inputs hour and week take values 1,. . . ,
24 and 1,. . . ,7 depending on the corresponding time t . For
horizons h > 24, the term s(Yt−24) in the model is dropped.
The smoothing spline s is a reduced rank versions of the thin
plate splines which use the thin plate spline penalty [27].

The autoregressive terms capture the dependency structure
of the past for the corresponding hour. Note that yesterday’s
load Yt−24 and previous week’s load Yt−168 is regarded as
very important and therefore non-linear effects are consid-
ered. Preliminary analysis showed that the weather vari-
ables temperature and cloud cover are more relevant to
explain the load behavior than other weather variables. There,
we included next plain non-linear effects on each individual
variable which potentially varies over the week also inter-
action effects. The remaining weather variables enter with
non-linear smoothing effects.

The models are trained by considering only the data of the
corresponding target hours. The implementation uses thegam
function of the R-package mgcv, see [28]. The computation
time for the two models with the longest considered calibra-
tion window is below a minute using a single core.

D. LASSO BASED HIGH-DIMENSIONAL REGRESSION
MODELS
The lasso based models are very similar to the model used for
the holiday adjustment in Section IV-D. Therefore, we only
highlight the differences which concerns the autoregressive
design and details on the estimation procedure.

The high-dimensional linear models are trained for each
forecasting horizons h ∈ H separately. Additionally, the lag
sets Ih in component i) are adjusted to Ih = Ih,day∪Ih,week∪
Ih,year with Ih,day = {h, . . . , 24 · 15+ h} − h, Ih,week = 24 ·
{21, 28, . . . , 56}−h and Ih,year = 24·{350, 357, 364, 371}−
h, for h ∈ H to incorporate daily, weekly and annual autore-
gressive effects. The high-dimensional regression model is
trained by lasso on an exponential tuning parameter grid of
size 20. In detail the grid for the regularization parameter α
is 2L where L is an equidistant grid form 6 to −1 of size 20.

V. FORECAST COMBINATION BY SMOOTHED
BERNSTEIN ONLINE AGGREGATION (BOA)
The smoothed BOA algorithm is an online aggregation
method that combines multivariate forecasts. Thus, it pro-
vides a weighted ensemble of forecasts where the weights
change over time. The weights get updated as soon new infor-
mation enters the procedure such that better-performing fore-
casts receive more weight. The smoothed BOA extends the
standard BOA by adding a smoothing procedure to the updat-
ing schema of the multivariate forecast vectors. In the compe-
tition context, these are 24-dimensional forecasts across the
prediction horizon.

A. FORMAL DESCRIPTION OF THE ALGORITHM
To introduce the smoothed BOA formally, we require some
further notations. Denote L̂d,h,k the available load forecasts
for forecast issue day d , prediction horizon h and forecasting

model k . If current forecast is for day d , then we are look-
ing for optimal combination weights wd,h,k . This is used to
combine the predictions linearly so that

Lcomb
d,h =

∑
k

wd,h,k L̂d,h,k (7)

is the forecast aggregation to report. Moreover, denote
AD(x, y) = |y − x| the absolute deviation (also known
as `1-loss) which is a strictly proper score for median pre-
dictions and MAE-minimization, see [15]. Additionally, let
AD∇ (x, y) = AD′(Lcomb

d,h , y)x where AD′ is the (sub)gradient
of AD with respect to x evaluated at forecast combination
Lcomb
d,h .We require AD∇ to apply the so called gradient trick

to enable optimal convergence rates in the BOA, see [7], [10].
The smoothed fully adaptive BOA with gradient trick and

forgetting has the five update steps. In every update step we
update the instantaneous regret rd,h,k , the range Ed,h,k , the
learning rate ηd,h,k , the regret Rd,h,k , and the combination
weights wd,h,k for forecasting horizon h and forecaster k:

rd,h,k = AD∇ (Lcomb
d,h ,Lt )− AD∇ (̂Ld,h,k ,Lt ) (8)

Ed,h,k = max(Ed−1,h,k , |rd,h,k |) (9)

ηd,h,k = min

(
Ed,h,k
2

,

√
log(K )∑t
i=1 r

2
i,k

)
(10)

Rd,h,k = Rt−1,k + rd,h,k
(
ηd,h,krd,h,k − 1

)
/2

+Ed,h,k1{−2ηd,h,krd,h,k > 1} (11)

wd,h,k =
ηd,h,k exp

(
−ηd,h,kRd,h,k

)
w0,h,k

1
K

∑K
k=1 ηd,h,k exp

(
−ηd,h,kRd,h,k

) (12)

with inital values w0,h,k = 1/K , R0,h,k = 0 and E0,h,k = 0.
As it can be seen in equation (12) the BOA considers

an exponential updating schema as the popular exponential
weighted averaging (EWA), see [29]. The BOA will lead
always to a convex combination of the forecasters, as the
EWA. Further, is well known that the EWA in combination
with the gradient trick can achieve optimal convergence rates,
if the considered updating loss is exp-concave, see [29], [30].
Unfortunately, the required absolute deviation AD is not exp-
concave. Therefore, the BOA uses a second order refinement
in the weight update to achieve better convergence rates under
weaker regularity conditions on the considered loss. In fact,
the mentioned gradient trick and the second order refinement
allow the BOA to achieve almost optimal convergence rates
for the selection problem and convex aggregation problem.
[7] and [31] prove that the BOA considered for absolute
deviation loss has almost linear convergence with respect to
the prediction performance of the best individual expert and
a almost (standard) square root convergence with respect to
the optimal convex combination. Both convergence rates are
only almost optimal as there is an additional log(log) term in
both convergence rates which is due to the online calibration
of the learning rate.
Now, we motivate the smoothing extension of the BOA:

The described BOA algorithm applies the forecast combina-
tion to each target hour h individually. However, it could be a
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reasonable assumption that the weights wd,h,k are constant
across all h ∈ H. This restriction reduces the estimation
risk in the algorithm for sacrificing theoretical optimality.
Hence, we want to find solution between those two extreme
situationswhich finds the optimal trade-off. Therefore, we are
considering smoothing splines, applied to the weights wd,h,k .
As suggested by [10] we consider cubic P-splines on an
equidistant grid of knots of size 24. The smoothed weights
w̃d,h,k are computed by

w̃d,h,k = B(B′B+ λ1′1)−1B′wd,h,k (13)

where λ ≥ 0 is a smoothing parameter, B is the matrix
of cubic B-splines and 1 is the difference matrix where the
difference operator is applied to the identity. Note that we
difference only once, as this implies smoothing towards a
constant function if λ→∞, see [10]. The tuning parameter
λ has to be determined.

B. APPLICATION, PARAMETER TUNING AND
FORECASTING RESULTS
As explained in the introduction the competition was con-
ducted in a rolling window framework and maps realistic set-
tings. However, for illustration purpose, we concentrate one
forecasting task, this is to forecast the 1st February 2021 from
0:00 to 23:00 where the last available observation is on 31st
January 2021 7:00. Fig. 6 depicts the a short overview on the
considered BOA approach.

FIGURE 6. Flowchart of the smoothed BOA procedure.

We decided to utilize a stepwise forward approach to deter-
mine which forecasts to combine using the BOA with its
smoothing component extension and implementation in the R
package profoc [9] which is mainly implemented in C++.
Therefore, we consider a burn-in period of 30 days (to allow
local convergence of the BOA) and keep the last 60 days of
available data for calibration. The final number of models
M to combine was determined by evaluating the MAE of
the Mmax = 40 combination procedures on the calibration
data set. The results for the validation MAE across all fore-
casting horizons are shown in Fig (7). Additionally, we label
the selected models for the optimal number of models to
combine, which is 5 in this situation. The symbols represent
different model types, and the colors of the five selected
models correspond to those in later Figures. We see that the
best individual model is a lasso model and has a validation
score of about 12.5MW. Interestingly, also the other winning
method [14] report best individual score for a linear model.

FIGURE 7. MAE (in MW) on the validation data set with
highlighted optimal number of forecasting models. For the
5 optimal models we show the corresponding calibration
window length D and tuning parameter λ.

Moreover, we observe that especially the first few models
contribute substantially to the MAE reduction which is about
10% compared to the best individual model. It is interesting
to see that the selected 5 models are quite diverse. Those are
three lasso based models, a GAM model and an STL+ETS
model. From the selected lasso models, two use a long history
of about 3 years of data and one just a very short history of
about 3 months. Also the GAM model considers a relatively
short history of 7 months.

After selecting the forecasters to combine we run a BOA
algorithm on an exponential λ-grid. We choose always the
λ-value which performs best in the past to predict the next
day. More precisely, we chose the λ-value so that the
exponentially discounted MAE with a forgetting parameter
ρ = 0.01 is minimized. Note that this forget corresponds
to an effective sample size of 1/ρ which is 100, so about
3 months. As this combination procedure is an online aggre-
gation method, the computation time for such combination
procedure is very low. It is below a second in our setting.
Fig (8) shows the results for the selected values for the
smoothing parameter λ on the considered training and vali-
dation set.

FIGURE 8. Selected λ on the test and validation set with
highlighted burn-in and validation period.

We observe that the selected smoothing parameter clearly
varies over time. It is also interesting to see that in the burn-in
phase very high λ values where selected. This correspond to
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TABLE 1. MAE values on test set (30 days) of five individual models highlighted in validation Fig. 7 with naive benchmark and
performance of smoothed Bernstein Online Aggregation Method (BOA) method as used in the competition.

FIGURE 9. Evolution of combination weights for forecasting horizon h = 17 and h = 40, predicting the load at 0:00 and 23:00.

a conservative selection with low estimation risk. This selec-
tion is plausible, as the amount of information to evaluate is
low in the burn-in period.

Fig (9) visualizes the evolution of the combination weights
of the BOA algorithm over time for the forecasting horizons
h = 17 and h = 40. We observe significant differences,
especially the models with short calibration windows (lasso
model with D = 76 and GAM with D = 209) have more
weight for h = 40.

The same finding can be seen in Fig (10). Here, we illus-
trate the smoothing across the forecasting horizon for the
24 hours in the forecasting horizon. We added limiting cases
with constant weights (λ → ∞) and pointwise optimized
weights (λ = 0) to illustrate the effect of smoothing. The
forecast of the smoothed BOA approach is illustrated in
Fig (11). There we see that the GAM model tends to under-
estimate and the STL+ETS model overestimated the load
for the considered forecasting horizon. Thus, they can be
regarded as bias correcting models.

Finally, Table 1 shows the MAE values of the 30 days
test data of the individual models highlighted in Fig. 7 along
with the naive competition benchmark and the proposed
smoothed BOA combination. Additionally, it also provides

FIGURE 10. Smoothed combination weights for all forecasting
horizons h = 17, . . . ,40 (0:00 to 23:00) on 1st February 2021.
Additionally, we show the limiting constant (λ → ∞) and
pointwise cases (λ = 0).

the corresponding improvements over the benchmark.We see
that BOA method has a test MAE below 12 MW which cor-
responds to an improvement of 23.4%. Noticeably, this is an
additional 4% improvement over the individual best model.
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Ziel: Smoothed BOA for Short-Term Load Forecasting in IEEE DataPort Competition on Day-Ahead Electricity Demand Forecasting

FIGURE 11. Individual forecasts and forecast combination with observations for the 1st February 2021.

Moreover, we see that test MAE is similar to the validation
MAE of lasso˜̀D=1112,α=0.139 is similarly as for the validation
sample (about 12.5 MW). This highlights the robustness of
the validation schema and indicates that the model is not
overfitted.

VI. CONCLUSION
In this manuscript, we present one of the winning methods
the IEEE DataPort Competition on Day-Ahead Electricity
Demand Forecasting: Post-COVID Paradigm. It utilizes a
novel and sophisticated holiday adjustment procedure and a
new forecast combination method based on smoothed Bern-
stein online aggregation (BOA). The approach is flexible and
can quickly adapt to new energy system situations.

Slightly better results may be obtained by a more advanced
tuning parameter selection design. For example, some param-
eter optimization decisions are ad hoc (e.g. forgetting rate for
tuning parameter selection of ρ = 0.01, validation period of
60 days), which could be optimized. In addition, other BOA
extensions discussed in [10] like fixed share or regret forget-
ting could also be used. Moreover, the ensemble of individual
forecasting models could also be enriched. Even though lin-
ear models designed with some degree of expert knowledge
performed best adding high-depth non-linear models like
gradient boosting machines or artificial neural networks may
improve the results further. However, the analysis showed
that the main features for this short-term load forecasting task
are linear, especially the autoregressive and seasonal effects.
Hence, no substantial improvement should be expected by
integrating mentioned models, and some degree of expert
knowledge for suitable feature engineering will be required.

APPENDIX A
NOMENCLATURE
A Length of a meteorologic year in hours
AD, AD∇ Absolute deviation, and linearized version

of AD
α Lasso tuning parameter
B Smoothing matrix of cubic B-splines

D Calibration window length (in days)
1 Difference matrix for penalized smoothing
Ed,h,k Range estimate at d and h of expert k
ηd,h,k Learning rate at d and h of expert k
f∗ Weather forecasts (ftemp, fcc, fpres, fwind,

fdircos, fdirsin)
I∗ Lag index sets (Ipos, Ineg, Ih, Ih,day,

Ih,week, Ih,year)
J∗ Lag index sets (Jshort, Jlong)
H Forecasting horizon index set
hmin, hmax Minimum and maximum forecasting hori-

zon
HoDk , HoWk Hour-of-the-day and hour-of-the-week

dummies
Lt , Ld,h Load at time t or at day d and hour h
`t Log-load `t = log(Lt ) at time t
L̃t , ˜̀t Holiday adjusted load ad log-load at time t
L̂d,h,k Load forecast at day d and hour h of expert

k
Lcomb
d,h Load forecast combination at d and h of

expert k
λ BOA P-spline shrinkage tuning parameter
M , Mmax (Maximum) number of models to combine
P Grid of probabilities, P =

{0, 0.1, . . . , 0.9}
qp p-quantile
rd,h,k Instantaneous regret at d and h of expert k
Rd,h,k Regret at d and h of expert k in the BOA

algorithm
ρ Forget parameter in BOA algorithm
s Smoothing spline
T Calibration window length (in hours)
te Tensor product
wd,h,k Combination weights at d and h of expert

k
w̃d,h,k Smoothed comb. weights at d and h of

expert k
x∗t Various external regressors
Yt Target variable at time t , either L̃t or ˜̀t
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