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Closed-loop Aggregated Baseline Load
Estimation using Contextual Bandit with Policy
Gradient

Yufan Zhang, Qiuwei Wu, Senior Member, IEEE, Qian Ai, Senior Member, IEEE, and Jo& P. S.
Catal®, Senior Member, IEEE

Abstract—Demand response (DR) is an important
technique to explore the demand-side flexibility. The wide
deployment of smart meters makes it possible to quantify
the baseline load. As an intermediate agent, demand
response aggregator needs to obtain the aggregated
baseline load (ABL) for the DR event. Previous studies
about the household level estimation focus on the
estimation method. However, for ABL estimation,
customer division is an important issue. A major limitation
is the mismatch between the objectives of segmentation and
estimation. Therefore, this paper proposes a new
closed-loop method for estimating the ABL, which utilizes
the contextual bandit with policy gradient to link the
segmentation with the estimation. As such, the ABL
estimation accuracy can guide the segmentation to divide
the customers. The segmentation and estimation optimize
collaboratively to improve the ABL estimation accuracy.
An ensemble method for combining network’s weights
during the training process is proposed. Moreover, a pre-
and post-event adjustment method is developed to further
improve the estimation accuracy. Comprehensive
comparisons demonstrate the proposed method can achieve
the best estimation performance with regard to the MAPE
and RMSE. It improves the estimation accuracy by 7% in
terms of MAPE, and 11% in terms of RMSE.

Index Terms—Aggregated baseline load; Contextual bandit;
Demand response; Adjustment method; Ensemble method

I. INTRODUCTION
Demand response (DR) aims to modify the consumption
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pattern by a price signal or financial incentives. It can not only
alleviate the utilities” pressure for reinforcing infrastructure to
meet the demand increase, but also enable customers to pay
lower bills [1]. In general, the residential sector has promising
DR potential. However, it is difficult for a single customer to
participate in the DR program by itself. Firstly, due to small
scale, a single customer has little competitiveness in the retail
market. Secondly, utilities have difficulty in managing such a
large amount of DR participants directly [2]. Acting as an
intermediate agent between the system and customers, the
demand response aggregator (DRA) can help solve these
problems. When supply-demand balancing or constraint
management are needed, a DR program may be activated and
the system operator may ask the DRA to respond to the price
signal [3] or incentives [4]. How to quantitatively obtain the
DRA’s response capacity, referred to the overall response of
the DRA towards the price or incentive in the DR event, is a
significant task. To meet this end, the baseline load estimation
is needed [5], such that the DR capacity can be obtained by the
difference between the actual load consumption and the
estimated baseline load. Due to the difficulty of accurate
estimation, [6] expressed concerns about the DR program based
on the baseline load. If the price responsiveness cannot be
accurately estimated, the system operator’s benefit may be
jeopardized or DRA’s motivation to participate in the DR
program may be weakened. Hence, the study of accurate
baseline load estimation at the DRA level is of great
importance.

A lot of research has been conducted for the baseline load
estimation in recent years. The methods for the baseline load
estimation can be classified into four categories, i.e., similar
day-based [7], control group-based [8], exponential moving
average [9], and regression-based methods [10-12]. The similar
day-based method uses the average of historical non-event days’
loads for estimation. HighXofY, MidXofY and LowXofY are
three typical similar day-based methods [7]. The control
group-based method utilizes the synchronous load of
non-participating customers who have similar consumption
patterns with the target DR participating customer. In [8],
k-means clustering was used to explore similarity between
customers. And the inner-class-average based on it was proved
to be stable and could consistently produce good results. The
exponential moving average-based method is a linear model,
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and is adopted by ISO New England (ISO-NE). The
regression-based method aims to fit a model to represent the
relationship between input features and baseline load [10]-[12].
Ref. [10] used artificial neural network for baseline load
estimation and proved its superiority to the linear regression
model-based estimation method. Utilizing the temperature data
two hours before the DR event, [11] constructed a support
vector regression (SVR) model for office building’s baseline
load estimation. The SVR model was proved to be accurate and
stable. Using a quantile regression forests model, [12] utilized
the historical data, weather information, and synchronous
measurement from control group as input features, and the CBL
estimations in quantile form were obtained. Moreover, to
further improve the performance, the adjustment methods were
reported in [9, 13]. Weather adjustment and morning
adjustment are two kinds of widely used methods, which aim to
handle the variations in weather or usage pattern, respectively.
The aforementioned studies [7]-[13] are about the customer
baseline load (CBL) estimation, which is the estimation at the
household level.

To estimate the response capacity of DRA, the aggregated
baseline load (ABL) estimation is needed, which calculates the
load consumption of the aggregator if the DR event doesn’t
happen. It is important for power system applications such as
flexibility modelling and tariff design [14]. For the aggregated
flexibility modelling, the ABL can be used to specify the limits
of the flexibility, which is the minimal or maximal flexibility
levels of the aggregator. For tariff design, [14] leveraged the
ABL as state information for deep reinforcement learning.
Then, the imposed tariff on DRA is designed based on the given
state.

To model the response behavior of smart households, [15]
used the home energy management system to perform optimal
scheduling, and the aggregated DR capacity was obtained.
However, [15] obtained the DR capacity by the analytical
optimization model. Since the analytical optimization model
may involve simplification, data driven solutions to estimate
the ABL are needed. For data driven methods, it is true that the
load at the household level has larger variability and volatility
than the aggregated load, and the methods for CBL estimation
can be applied to the ABL estimation. However, different from
the CBL estimation, apart from the estimation method, the ABL
estimation highly relies on the segmentation of customers.
Specifically, for ABL estimation, there are three typical ways
of customer division. In the first category, each customer forms
a cluster individually, and then the sum of CBL estimations
forms the result of ABL estimation. In the second category, all
customers form one big cluster. ABL is obtained by applying
estimation method on the aggregated load. In the third category,
customers are first divided into several groups. Then, ABL is
obtained by aggregating the “middle-level” estimations
produced by the clusters. The first two categories can be
regarded as the special cases of the third category, and usually
have worse performance. So, how to properly divide customers
to form groups is an important issue facing ABL estimation,
which makes it distinct from the CBL estimation. Ref. [16]
proposed a Gaussian Mixture Model (GMM)-based method for
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ABL estimation. The customers were grouped into several
clusters by GMM, and SVR was leveraged to estimate the ABL.
The advantage of the model was demonstrated by comparing it
with spectral clustering-based ABL estimation. Ref. [17]
proposed a clustering-based aggregated forecasting method and
showed that the number of clusters and the size of customer
base affect the forecast accuracy. To further improve the
performance of the ABL estimation, ensemble method is a
promising approach. Ensemble estimation combines the results
of different methods to take advantage of the strength of them
and is expected to produce better results than a single method
[18]-[19]. Ref. [18] utilized the homogeneous ensemble
method and fine-grained sub-profiles to further improve the
aggregated load forecasting accuracy. By varying the number
of clusters for hierarchical clustering, clustering-based
forecasting was implemented for each dataset division. And the
problem for combing the deterministic forecast results was
formulated as a linear programming (LP) problem which
minimized the mean absolute percent error (MAPE).

However, the discussed clustering-based approach [16]-[17]
and the clustering-based homogeneous ensemble method [18]
treat the clustering and estimation as two separate procedures,
which results in the mismatch of the objectives between these
two parts. Therefore, the existing method leaves the following
problem unsolved: the customer segmentation algorithm
groups the customers by the criterion of minimizing the
consumption patterns’ dissimilarity rather than improving the
estimation accuracy. Hence, how to link the estimation with the
customer segmentation and construct the feedback remains an
interesting question.

Among various clustering algorithms, adaptive clustering
uses the external feedback to improve the clustering quality.
During the iteration process, using the clustering performance
as feedback, [20] proposed to select a weight-changing action
to adaptively revise the distance function. The new distance
function was applied for the clustering in the next iteration.
Similarly, [21] leveraged the idea of adaptive clustering and
proposed a distributed clustering algorithm. The number of
clusters was determined adaptively during the learning process.
The main purpose of adaptive clustering is to improve the
clustering performance, such that customers with the similar
consumption patterns are grouped into the same cluster. In
contrast, for ABL estimation, the aim of the clustering is to
group customers appropriately to improve the estimation
accuracy. Also, the adaptive clustering relies heavily on the
distance measurement. Different distance measurement can
lead to the different results and how to choose proper distance
measurement itself is a complex issue.

The bandit problem and reinforcement learning (RL) method
are also famous for their applicability in solving problems in a
closed-loop. And with the recent development of deep neural
network (DNN), deep RL (DRL) is gaining emphasis. The
bandit problem determines the actions without using any
information about the state of the environment [22]. Ref. [23]
proposed a risk-averse multi-armed bandit learning approach to
provide the reliable secondary frequency regulation, such that
customers with high estimated participation probability were
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chosen to participate in the regulation. In contrast, the DRL
algorithm leverages the state of the environment to choose the
action. It involves an agent acting based on the current state
observation, and the DRL algorithm learns the optimal control
policy that maximizes expected cumulative reward [24]-[25].
Ref. [26] proposed on-line optimization of schedules for
building energy management systems by using deep policy
gradient (DPG) algorithm and demonstrated its superiority.
Contextual bandit is an interpolation between DRL and bandit
algorithms. Without the evolutional state, contextual bandit can
be regarded as one-step RL, and the input features
(context/state) of contextual bandit only affects the reward
without affecting the next state [27]-[28], such that it can be
regarded as a special case of RL. Therefore, the methods in RL
area can also be applied to solve the contextual bandit problem.
Leveraging contextual bandit method, this work proposes a
new ABL estimation method, which integrates the customer
segmentation and estimation together. In this paper, the
contextual bandit method with policy gradient is used. The
customer segmentation problem is modelled by the agent which
learns the stochastic policy by DNN that maps the state to a
distribution of actions. The estimation problem (a supervised
learning problem) is the environment. Specifically, the agent
outputs the action which determines the clusters that customers
are assigned in. And such action can affect the environment
which makes the ABL estimation. The ABL estimation
performance is then used as the reward to guide the
decision-making process of the agent. As such, a closed loop is
formed. Since the representative consumption patterns of
customers are used as the state which has no revolution and
isn’t affected by the action, our model is a contextual bandit
problem. Also, compared with the adaptive clustering method,
the customer segmentation is fulfilled by the forward
propagation of DNN, which is more similar to the forward
propagation of a multi-classification task. There are two main
advantages: First, since the customers are not grouped
according to the distance measurement, the problem of
selecting a particular distance metric is avoided. Second, the
process only involves the matrix operations, which is more
computational efficient than the iterative process that most
clustering algorithm involves.
To summarize, the contributions of this paper are as follows:
1) Propose a new closed-loop contextual bandit-based
method for the ABL estimation. Under this framework, the
feedback mechanism is constructed by the reward and action.
Therefore, the agent is able to gain the knowledge of the
environment and properly divides customers to improve the
ABL estimation accuracy. And the segmentation and
estimation are consistently optimized toward the common goal.
2) Propose a weight selection method for the DNN of
contextual bandit’s agent. Recent practice of determining
DNN’s weight is choosing the one that has the best
performance on the validation set. However, due to the
mismatch of data structure on the validation and test sets, the
DNN’s weight performing well on the validation set doesn’t
guarantee to have good estimation results on the test set.
Therefore, instead of relying on a particular DNN’s weight,
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during the training process, multiple DNN’s weights which
have good estimation performance on the validation set are
saved. Then, an ensemble method is applied to find an optimal
combination way for those DNNs with different weights. As
such, the estimation results are the weighted sum of estimations
produced by multiple models, which is more robust to the
unseen data than simply relying on one model.

3) Propose a pre- and post-event adjustment method for the
ABL estimation. Since the estimation error is caused by the
uncertainty part of loads, through the adjustment, the error
caused by the similar load variation can be ameliorated.
Therefore, with the pre- and post-event adjustment method, the
accuracy of the ABL estimation can be further improved.

The remainder of this paper is organized as follows. Section
Il introduces the ABL estimation problem and illustrates the
feature selection process. Section III proposes the integrated
segmentation and estimation framework. Details of comparison
methods are in Section IV. Results are discussed and evaluated
in Section V, followed by the conclusions.

Il. PROBLEM STATEMENT AND FEATURE SELECTION

This work is focused on estimating the ABL. It refers to
aggregated electricity that is consumed by a group of ToU
consumers (customers who participate in the DR event) if there
is no DR event. Fig. 1 illustrates the idea of the ABL. In either
high-price (blue area) or low-price (pink area) occasions, the
red curve and blue curve represent the ABL and actual
consumption, respectively. Note that the ABL estimation is a
posterior event estimation approach [12, 29]. Therefore, unlike
the load forecasting, the load measurement throughout the day
can be obtained.
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Fig. 1. llustration of ABL and actual load.
For the feature selection procedure, two kinds of day types

are defined. Let OF and QB denote the sets of DR days and
non-DR days, respectively. DR days refer to the days when an
DR event happens, and others are non-DR days. Also, let
Q"eek denote the set of weekdays (Monday to Friday), and
qWveskend denote the set of weekends (Saturday and Sunday). In

this paper, ‘QE‘+‘QB‘:‘QW‘39K QUeskend| = 365, where | | is

d

the cardinality of the set.
For a given ToU customer i, if a day he QF NnQY* | the
daily load data d;, can be divided into non-event data
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denote the sets of non-event and event time slots of day h,

=T where T is the total number

Ch

respectively. And ‘cﬁ ‘ +

of time slots in a day. Let D; (Y), € Q® Q" beasetof ¥

most recent non-DR days prior to the day h and they are also
weekdays. In this paper, Y is set as 7 [7]. Similarly, customer
i's'Y load profiles can also be partitioned into event and

non-event

base
{Di,h,t '

parts: Df}’fm < RYX‘Cﬁ" Dik?ﬁse c RYX‘CE‘

event
iht

base

event
i and { D; }
iht }heQEr\Qweek itech Lht heQF NQ"e* tect

are feature and label pairs.

Likewise, for day h e QF nQY* through a similar way

as described above, the feature and label pairs can be obtained:

~base Jbase Sevent Jevent
(B dige d

}hEQEﬁQ\Neekend'tECE i{Di,h,t 1 HiLht }heQEﬁﬂweeke"d'tecﬁ
To sum up, the training feature X ™" used to fit the

estimation model can be expressed as,

XTrein {{

The response variable of the training feature
stack of target baseline load during the non-event hours:

~base

base |
LAt [ cQF ~oWekend tecd

i,ht }hEQE ~QWeek ;tecﬁ ’{

M

X" s the

Y_Train _ base .| Jbase (2)
! a iht heQF noWeek ;tecﬁ LTiht heQF nQWeekend ;tecﬁ |
At the test stage, the input test feature X' is:
Test _ event . | [{event

Xi _[{ Lt }heQEngwee";tecﬁ ’{ Lt }heQEr\QWEEkend tect | @)
And the response variable of X' is:
Test _ event . | Jevent

Yi _[{di'h't }heQEmeeek;tecﬁ ’{ iht }hEQEmeeEkend tec, | @

It is the target baseline load of the ToU customer i .

I1l. INTEGRATED SEGMENTATION AND ESTIMATION METHOD

Instead of treating customer segmentation and estimation as
two separate procedures, in this section, a contextual
bandit-based method is proposed to integrate those two parts.
As such, a closed-loop is formed, and the customer
segmentation and estimation problems are optimized toward a
common goal. The proposed procedure can be divided into the
training, ensemble, and test stages, which is summarized in
Algorithm 1. The corresponding flow chart is in Fig. 2.

A. Data Splitting

The estimation part is implemented based on the obtained
feature and label pairs from Section 1I, where
XiTrai"=[XL;...;XIN”]e RN xTest=[xl iy Je RN
Here, N, ,N, are the number of samples in the training and
test sets respectively. As shown in Fig. 3, the dataset consists of
three parts, namely the sub-training, validation, and test sets.

Authorized licensed use limited to: b-on: UNIVERSIDADE DO PO

For each customer, the feature and label pairs of training set are
further divided into a sub-training set

{XiSUD_Tr e RMaww ¥y sub-Tr RNS““Xl} and a validation set

N, are the

sub-tr? " Yva

{Xivan ERNvaxY'YiVall ERNvaxl}, where N
number of samples in the sub-training and validation sets
respectively.
Nsub—tr ~ 80%x Ntr’ Nva = Ntr - Nsub—tr ®)

The sub-training set is used to train the estimation models.
The validation set is used for guiding the agent and combing
estimation results. The test set is used to test the effectiveness
of the proposed method for the ABL estimation. Therefore,
both the sub-training and validation sets are used in the training
process, while the test set is not.

Algorithm 1: Contextual bandit-based closed-loop ABL
estimation method

Initialize DNN with random weights &
Initialize the number of clusters K , the number of saved DNN’s weights N ,
the learning rate n=1e-3 , exploration rate

Emax =1 &min =0.01, £gecay =0.995.
## Training Stage
for epoch = 1 to arbitrary number do

M
With probability & select random actions {aﬁ} .
m=.

M
Otherwise select {aﬁ1 = arg max pg(aﬁ1 |sm)}
m=1

in the environment.

Execute {a%}M

for k=1:K do
Train estimation model f,(-) based on the feature and label pair

{z Xi::b—Tr , z yis;b—Tr} .

ieC, icC,

Estimate the k, cluster’s baseline load for the validation set:

i = f, [Z J -

ieCy
end
oVali,agg
Yt

K
Calculate the ABL on the validation set yYa"'agg = Z ,and return
k=1

the reward to the agent according to (8).
Calculate L(6),VgL(8) according to (9) and (11), and update the

parameters of DNN: 6 « 6+r7-V9L(0) .
if €>&min
e<—o(ee)
else
gegmin

end
end
## Ensemble Stage
According to (14), solve the optimization problem to determine the combining
weights for ABL results produced by N division ways.

## Test stage
vheQF te C; , make the adjustment for g™ according to (15) to obtain

nk.t
yri@=d  And then calculate the ¥,™**¥ . MAPE and RMSE are used to
evaluate its performance.
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(D)

Training stage Input data and initialized parameters
Epoch =1

Determine the agent’ s action with
exploration and exploitation

v

Segment customers into K clusters

k=1
Train the estimation model f,() for the
Epoch = ki cluster on the training set

Epoch+1 *

Learned parameters of the ki,
estimation model fi()

1]

Estimate the baseline load for the ky,
cluster on the validation set

No
Epoch <= Epocheng?
Yes

Calculate the ABL on validation set and
corresponding reward (8)

(2)

Ensemble stage |, he saved N individual models with

particular DNN weights

1

Determine combing weights for N
individual models

:

Calculate ABL on test set with
adjustment method

[}

Evaluate the performance

(3)
Test stage

End
Fig. 2. Flowchart of proposed integrated segmentation and estimation
framework.
Training Sub-training set
set

Validation set

Test set

Fig. 3. lllustration of dataset splitting.

B. Training Stage

The training stage is based on the sub-training and validation
sets. Take the sub-training set for example, for any customer i
whose input feature for the estimation at the time stamp t is

x4 the ABL can be described by,
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GSub-Tr,agg _ sub-Tr
Ykt = fi Z Xit

ieC, (6)

K
Gsub—Tr,agg _ Gsub—Tr,agg
t =2 Ykt
k=1

where K is the given number of clusters. yg'y "% is the
estimated load for the kg, cluster and the sum of iy ™" is
the ABL estimation y5*° ™% at the time stamp t. f, (-) is

the regression function for the ky, cluster C, which is the ky,

partition of M customers and satisfies the following property:
UG ={12,..,M} @
CinC;=9,Vi#]j

The integrated model in the training stage consists of two
dependent sub-problems, namely the estimation and customer
partition. For the estimation problem, the goal is to find fitted

. . K . I
regression  functions {fk(')}k:1 with the objective of

minimizing the difference between the estimation and true
values. The aim of the partition is to find the optimal customer
portfolio, i.e., the elements within the cluster, to help realize the
accurate ABL estimation. To coordinate the two sub-problems,
we propose a contextual bandit-based method and the
illustration is shown in Fig. 4.

Agent:

The contextual bandit-

Reward Action
based method
y
Environment:
the estimation problem é
| A
MAPE on assigned __.é
valldatlTon set ABL well
Estimation i

ABL true \,/i\
value @[]

Fig. 4. Overview of proposed contextual bandit-based framework.

Generally, the contextual bandit problem has five
fundamental elements: agent, environment, state S, action A,
and reward R . In this paper, the fundamental elements are
defined as follows:

1) Agent: the customer segmentation problem.

2) Environment: the estimation problem.

3) State: Customer’s representative load pattern (RLP) is
used as the state. Specifically, for a given ToU customer i, let

X; € R%>T pe the load profiles in the whole year. The yearly
average load x™" e R™" is used as the RLP.
4) Action: the assigned cluster of a customer is the agent’s

ublications_standards/publications/rights/index.html for more information.
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output action.

5) Reward: To encourage the model to have good
generalization ability, after fitting the regression models on the
sub-training set, the negative value of MAPE on the validation
set is used as the reward. In this way, the reward can guide the
agent to reduce the MAPE on the unseen data instead of on the
training data, and therefore the generalization ability is
improved. The reward is expressed as,

o Vali,agg Vali,agg
1 N |0y
R=- N z Vali,agg (8)
va t=1 t
where ¥*"%% y¥?"%%9 are the estimation and true values on

the validation set.
As shown in Fig. 4, the agent learns a policy 7 by DNN to
maximize the total expected reward:

M
maxL(0)= LY R p(s,) O
m=1

where & represents the weights of the agent’s DNN. R® is the
gained reward at the e, epoch. S, is the state of the my,

customer and a;, is the &, epoch’s action which is a one-hot
vector determining the cluster that the my customer is

M
assigned in. The determined actions {a,en} ,are then passed to
m=.

the environment and used as the basis for the determination of
{Ck}:ﬂ. To balance the exploration and exploitation, the

decaying & —greedy algorithm is used to determine the action.
The exploration rate & decays exponentially from &, to a

small constant value &, , which is defined as ¢ (e, ¢):

min »

(/J(e’ ‘9) = (gdecay )e_l *Emax (10)

Using the decaying &—greedy algorithm, there is 1—¢

M
probability to choose actions {aﬁ1 = arg max pg(aﬁ1 IS )} K
m=

and there is & probability to choose random actions. Therefore,
with the decaying exploration rate, the agent can explore more
at the beginning and exploit more at the end.

Based on the sub-training set, the estimated ABL is obtained
according to (6). Then, the K regression models are fitted and
the parameters are learned. The estimated ABL y,*"*%* on the
validation set is obtained by the learned regression model, and
the €, epoch’s reward R°® is calculated according to (8).

At each epoch, after receiving the reward, the parameters of
the agent’s DNN are updated by the stochastic gradient ascent
with the gradient calculated by (11).

VoL(6) =$§: R® Vlog p, (afn |sm)
m=1

Hence, when the training converges, the agent learns how to
group the customers and the regression models learn how to
make accurate ABL estimation.

(11)
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C. Ensemble Stage

During the training process, N DNN’s weights are saved
which result in the first N lowest MAPE scores on the
validation set. Consequently, N partition ways are obtained
for the M customers. Therefore, according to the estimation
performance on the validation set, this stage aims to determine
the combining weights of the estimation results obtained from
those N division fashions. And the final estimation result is

the weighted sum of N estimations:
ytVaIi,agg — iwn . y?\/ili,agg
n=1

is the ABL estimation of the ny, partition, and

(12)

where ¥)3"

o, is the corresponding weight.

The ensemble method proposed in [18] is used to determine
the weights. For deterministic estimation, the optimization
objective is minimizing the MAPE.

Vali,a —Vali,a
SN g ‘yt 99 _ g} gg‘
W =argmin 2 — -
Vali,agg
@ 21 Vva Yt

N N (13)
st Za)n =l @, 20, Vtva"'agg = an ,yxili,agg
-1 =
By introducing the auxiliary decision variables
u, = max{(ytva"’agg —yyo )( e )} , (13) is

transformed into the following LP problem:
N,

1l oy
w= arg rnﬂ!n N Z Vali,agg
va t=1 Jt

n;t

st. 390 =D 0, -y Y W =Lw, 20 (14)
n=1 n=1

Vvaliagg _ ,Vvali,agg Vali,agg _ y7Vali,agg
ut 2 t yt ’ut 2 yt yt

D. Test Stage

In the test stage, MAPE and root mean squared error (RMSE)
are chosen as the evaluation metrics to assess the performance
of ABL estimation. And pre- and post-event adjustment is
proposed to further improve the accuracy.

Pre- and post-event adjustment can handle the daily variation
of the consumption pattern. It is based on the ratio of actual
load to the estimated load values during pre- and post-event

hours in an event day. Concretely, if day he QF, Vtec;, the
adjustment is made according to the following equation:

Z sub-Tr/Vali,agg
yn,k,t'

o Test,agg, adj GTest.agg | tech

Yoyroed = greten . (15)
nk,t
tlecﬁ'
where y*P Trveteo geot VAL denote  the  actual and
estimated loads in non-event hours which are in either

sub-training or validation sets. y;%:** is the estimated ABL of

the ky, cluster by the n,, DNN on the test set. So, the estimated

baseline load in the test set after adjustment can be expressed
as:

ublicationsﬁstandards/publications/riﬁhts/in}(q:lexhtlml_ for more Iinformation.
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K
GTest,agg.adj G Test,agg,adj
yn,t - Z yn,k,t
k=1
(16)

N
GTest,agg,adj __ GTest,agg,adj
Y = Z @y - Yoy
=1
Here, o, is determined in the previous ensemble stage.

IV. COMPETING METHODS

The proposed method is compared with the similar day,
exponential moving average, and other regression-based
methods. The details of the comparison methods are as follows.
A. Similar Day-based Method

HighXofY, MidXofY, and LowXofY are the three
well-established methods based on similar day. For example,
HighXofY estimates the baseline load as the average load of X
highest consumption days within Y non-DR days preceding the
DR day. The Y non-DR days have the same day type as the
target DR day. For day h , define the set satisfying the

requirement as High(X,Y), . Vtec;, the estimated ABL is:
- 1 uo
" TRigh (X ,Y)| 'deHig%x,Y)h(; y‘“j 0
where y;, is the load of the iy, customer on the day
d e High(X,Y ), at the time stamp t

MidXofY and LowXofY are implemented in the similar way,
except that the X middle and lowest consumption days are
chosen. In this paper, High4of5, Mid4of5, and Low4of5 are
used for comparison.

B. Exponential Moving Average

The exponential moving average is the weighted sum of the
historical baseline load. Define D, ={d,,....d,} as the set of
all the same day type non-DR days preceding the target DR day
h. Vtec;, the initial average load for the first 7 days is,

1 T
St = 72 Yit (18)
T2

M A A -
where y, =>"y; and y;, is the load of the i, customer on
i=1

the day j €D, atthe time stamp t.
The exponential moving average for 7 < j <K is,
S =484, +(1-2)-y;,
where 2 €[0,1], and the estimated ABL is:
yt =St (20)
In this paper, z=5, 1=0.9 are used [7].

(19)

C. Regression-based Method

Here, three kinds of regression-based methods are used for
comparison, namely the fully aggregated estimation,
clustering-based estimation, and clustering-based ensemble
estimation methods. The input feature and the regression model

ublication/redistribution re

of comparison candidates are the same as that of the proposed
method. The only difference is that the proposed method treats
the clustering and estimation as an integrated model, while
those candidates treat two processes as separate parts. For
clustering-based estimation, the customers are grouped into 2-7
clusters by three methods, namely k-means (K), hierarchical
clustering (H), and GMM (G). The detailed procedure of the
clustering-based estimation can be found in [16]. The
clustering-based ensemble method is on the basis of the
clustering-based method. Then it combines the multiple ABL
estimations produced by a specific clustering algorithm with
the varying cluster numbers. The combining procedure
proposed in [18] is used.

In this paper, the comparison methods are summarized in
Table 1. For simplicity, the capital letter “X” (X = K/H/G) is
used to denote the three clustering methods in the table. For
example, 3-K denotes the k-means algorithm with 3 clusters.
K-E is the k-means based ensemble estimation on the basis of
F-A, 2-K, 3-K, 4-K, 5-K, 6-K, and 7-K.

TABLE I THE SUMMARY OF THE REGRESSION-BASED COMPARISON
CANDIDATES (X = K/H/G)

Fully Clustering-based estimation Ensemble
aggregated
F-A 2-X 3-X 4X 5X 6-X 7-X X-E

ires IEEE permission. See http://www.ieee.or!

V. CASE STUDIES

A. Implementation Details

The smart meter data with 30 minutes resolution from the
Low Carbon London trail is used [30]. The customers
participating in the trail can be divided into two groups, namely
the customers who receive flat tariff (non-ToU group), and the
customers who receive ToU tariff (ToU group). The non-ToU
user receives a flat price, while the ToU user receives a ToU
tariff (a high price of 67.2 pence/kWh, a default price of 11.76
pence/kWh, and a low price of 3.99 pence/kWh). The dataset
provides the record of the time of DR events. To quantitatively
evaluate the performance of the ABL estimation, 441
customers from non-ToU group in the year 2013 are used to
evaluate the algorithm. In this way, the actual demand during
the event periods can be regarded as the benchmark baseline,
and the evaluation metrics can be calculated. Please note that
although the price-based DR is studied here, the method is not
restricted to it. Since the historical baseline load at the same
hour of the day is used as a feature vector for estimation, for the
other DR programs such as incentive-based DR, the feature is
also available. Therefore, the proposed method can also be
applied to other DR programs.

Since the specific estimation model is not the main concern
of this work and many advanced regression models, such as
deep learning methods, can be used here as the estimation
approach in the proposed algorithm, in the case study, we apply
the classic SVR model from Python package “scikit-learn” as
the estimation model. Also, to make fair comparison, the
estimation model for the regression-based candidates listed in
Table I is also the SVR model. Therefore, the performance of
ABL estimation is not determined by the usage of a particular
regression model.

ore. Restrictions apply.
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Fig. 5. Comparison of moving average rewards during the training process
with different cluster numbers.

To demonstrate the advantage of the proposed method, its
dynamic learning process is compared with another five
contextual bandit-based ABL estimation methods. The
implementation procedure is similar to the proposed method
discussed above.

M1) PG+ RLP: The proposed method.

M2) A2C+RLP: Same as the proposed method, RLPs of
customers are used as the input state for the DNN. However,
instead of using the policy gradient, the advantage actor-critic
(A2C) algorithm [31], which is another kind of policy-based
method, is adopted for training the agent.

M3) PG+RLP+PCA: the policy gradient is used. The
principal component analysis (PCA) is applied to extract
features from customers’ RLPs. And the extracted features are
used as the input state.

M4) A2C+RLP+PCA: M4 is similar to M3 except that A2C
is used for contextual bandit.

M5) PG+PCA: Instead of using RLP, the PCA is utilized to
extract features directly from the yearly load profile of
customer which has 17520 time slots. The extracted features
are then used as the state of contextual bandit with policy

Authorized licensed use limited to: b-on: UNIVERSIDADE DO PO

gradient.

M6) A2C+PCA: M6 is similar to M5 except that A2C is used
for contextual bandit.

To make fair comparison and select the proper number of
clusters, we experiment with various cluster numbers from 2 to
7, and the moving average rewards of the six methods during
the training process are compared. The results are shown in Fig.
5. The larger the average rewards, the better the performance. It
can be seen that the proposed method has relatively stable and
good performance under experiments with various cluster
numbers. And in all experiments, at the end of the training, it
achieves the highest average rewards when the number of
clusters equals three. Also, its obtained average rewards
increase during the training process, which indicates that the
agent gradually learns the reasonable customer partition way to
improve the ABL estimation accuracy. Therefore, the results
prove the superiority of the proposed method. Also, as [32]
suggested, the determination of cluster numbers should fit the
practical purposes. Since the aim of the clustering is to improve
the estimation accuracy, the number of clusters is determined
according to the estimation performance. So, the number of
clusters and output neurons are chosen as three.

TABLE II MAPE AND RMSE ON THE VALIDATION SET UNDER DIFFERENT

VvaLues oF N
N =10 N =20 N =30 N =40 N =50
MAPE 491 4,92 49 4.87 494
RMSE 7.76 7.78 7.66 7.62 7.68

ublication/redistribution requires IEEE permission. See http://www.ieee.org/
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For the number of saved DNN’s weights during the training
process, we experiment with several values of it. The MAPE
and RMSE scores calculated by the weighted sum of ABL on
the validation set under different values of N are shown in
Table II. When the value of N equals 40, there are the lowest
MAPE and RMSE scores on the validation set. Therefore, we
choose N equaling 40 in the following analysis.

Moreover, to demonstrate the superiority of the feature
selection method described in Section 11, it is compared with
the control group-based feature selection procedure. The
control group is formed by the other 440 non-ToU customers.
The Y non-ToU customers in the control group are selected,
whose load patterns in non-event hours are the most similar
with that of the target ToU customers. And their synchronized
loads are used as the features. The detailed feature selection
procedure is described in Appendix A. The results on the
validation and test sets are shown in Table III. The second and
third columns are the results of the proposed method, while the
last two columns are that of the comparison method. The only
difference between the two methods is the feature selection
procedure. It is observed that the comparison candidate has
larger MAPE and RMSE values on the validation set. Moreover,
its performance on the test set is much worse than the proposed
method. This can be because there is smaller correlation
between the input features and the target estimation variable on
test set for the comparison method. Also, the distributions of
the training and test set features are less similar. So the method
has worse performance on the test set. The results prove the

ore. Restrictions apply.

ublicationsﬁstandards/publications/riths/index4html for more information.



This article has been accepted for publication in a future issue of this journal, but has not been fully edited. Content may change prior to final publication. Citation information: DOI 10.1109/T$G.2021.3112611, IEEE

Transactions on Smart Grid

> REPLACE THIS LINE WITH YOUR PAPER IDENTIFICATION NUMBER (DOUBLE-CLICK HERE TO EDIT) < 9

superiority of the feature selection method using the historical
baseline load.

TABLE III MAPE AND RMSE OF TWO FEATURE SELECTION METHODS ON
VALIDATION AND TEST SETS

Validation Validation
set (P) Test set (P) set (C) Test set (C)
MAPE/% 4.87 4.59 6.01 17.54
RMSE/KW 7.62 5.99 7.93 19.59

1949-3053 (c) 2021 IEEE. Personal use is permitted, but re;

(a) MAPE comparison of different methods

ProposedA 4.59
G-EA 4.92
H-EA 4.95
K-EA 5.29
7-GA 5.38
6-GA 4.95
5-GA 5.11
4-GA 5.08
3-GA 5.18
2-GA 5.59
7—HA— 5.02
6-HA 4.96
S-HA— 5.19
4-HA 5.12
A
2-HA 6.16
7-KA 5.01
6-KA 5.01
5-KA 5.10
4-KA 5.92
3-KA 6.41
2-KA 5.90
s ————————————————————
ExpMovAvg 10
Mid4of5 6.70
Low4of5 6.42
Highdof5 6.75
2 6 8 10
MAPE/%

(b) RMSE comparison of different methods

ProposedA 5.99
G-EA 7.07
H-EA 7.23
K-EA 7.93
7-GA 8.14
6-GA 6.69
5-GA 7.40
4-GA 7.59
3-GA 6.67
2-GA 8.54
7-HA 7.17
1A — 706
5-HA 7.88

4-HA— 7.80

3-HA 7.88
2-HA— 9.64
7-KA 7.22

6-KA 6.91

5-KA 7.38

4-KA 9.28
3-KA 10.05
2-KA 8.91

F-AA 10.49
ExpMovAvg 14
Mid4of5 9.62

Low4of5 9.32
Highdof5 9.98

2 4 6 8 10 12 14
RMSE/kW

Fig. 6. MAPE and RMSE comparisons of different methods.

Also, for the proposed method, the whole process takes
16min and 18s on the laptop with Intel®CoreTM i5-10210U
1.6 GHz CPU, and 8.00 GM RAM, which demonstrates the

1 ) s ublication/redistribution requires IEEE permission. See http://www.ieee.org/,
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computational efficiency of it. The DNN’s parameters of the
proposed method are summarized in Table IV.

TABLE IV SUMMARY OF THE DNN’s PARAMETERS

Item Value
Iteration epochs 400
No. of neurons in each layer 64
No. of hidden layers 2
No. of neurons in input layer 48
No. of neurons in output layer 3
Optimizer Adam

B. Estimation Results

Fig. 6 shows the MAPE and RMSE of different methods on
the test set, where different color is used to indicate the methods
belonging to different groups. The labels on y-axis are the
acronyms of methods which are listed in Table I. For the
regression-based methods, the capital A is at the suffix, which
indicates that they are all processed by the proposed pre- and
post-event adjustment.

The exponential moving average method has the worst
performance. Even less sophisticated, similar day-based
methods display better estimation accuracy than it. And
Low4of5 has the best accuracy among them. Low4of5 can
exclude the unusually high consumption day from the baseline
computation, while Mid4of5, High4of5, and exponential
moving average methods take this day into account.

The regression-based methods perform better than the other
two kinds of methods. Although they also consider the
unusually high consumption day, the fitting models can learn
this exception by assigning less weight on it. Among them, all
clustering-based methods have better performance than the
fully aggregated method. So, by utilizing sub-profiles provided
by smart meters, the similarity of consumption patterns among
customers can be understood. Therefore, customers are
aggregated in a more reasonable way. And better estimation
performance is achieved.

Usually, clustering-based ensemble method produces better
result than an individual model. The G-EA and H-EA achieve
lower MAPE than corresponding clustering-based estimations.
Among all the candidates, the proposed method obtains the
lowest MAPE and RMSE scores. Compared with the best
performance comparison candidate, the proposed method has
an improvement of 7% in terms of the MAPE, and 11% in
terms of the RMSE. Also, even without the weight selection,
for the 40 individual contextual bandit-based models with a
particular DNN’s weight, the largest values of MAPE and
RMSE on the test set are 4.83 and 6.35, respectively. They are
smaller than that of the comparison candidates as shown in Fig.
6. This is because either the ensemble or the clustering-based
methods treat customer segmentation and estimation as two
separate problems with different goals. The customer
segmentation aims to minimize the dissimilarity among
customers, while the estimation aims to improve the estimation
accuracy. Without the closed-loop feedback, the clustering
cannot learn the best way to divide customers for improving the
estimation performance. In the proposed closed-loop method,
the two sub-problems are optimized toward a common goal,
and the exploration and exploitation mechanism of the

ore. Restrictions apply.
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proposed method enables the agent to find the optimal way to
divide customers for improving ABL estimation accuracy.
Apart from the evaluation metrics reflecting accuracy (MAPE
and RMSE), the bias [13] of the proposed method is calculated.
Bias is defined as the mean error between the estimated loads
and true loads [13]. For the proposed method, the bias in the
low-price event is 0.58, while the bias in the high-price event is
-0.26. Therefore, in the low-price event, the estimated ABL is
higher than the actual one overall. Since the DR capacity in the
low-price event is calculated by the reduction between the
actual response load and the estimated ABL. Therefore, the
estimated DR capacity of DRA is lower than the actual one.
Likewise, in the high-price event, the DR capacity is calculated
by the reduction between the estimated ABL and the actual
response load. Since the ABL is estimated lower than the real
one overall, the estimated DR capacity of DRA is lower than
the real one. So, the system operator gives lower incentive to
the DRA, which is beneficial to the system operator.

Moreover, we compare the computation time of the
comparison candidates in Fig. 7. It is observed that the
exponential moving average and similar day-based methods
take the smallest computation time. The computation time of
the k-means, hierarchical clustering, and GMM-based
estimations are similar. With the increase of the cluster
numbers, the number of regression models increases. Therefore,
the computation time increases correspondingly. Also, since
the clustering-based ensemble method combines the results of
individual models, it is obvious that it takes the largest time
among the comparison candidates.

14
14
14

3-KA 1.60
2-KA 1.11
F-AAmm0.66
ExpMovAvg|0.03
Mid4of5{0.02
Low40f5/0.01
High4of5/0.01

2 4 6 8 10 12 14
Time/s

Fig. 7. Computation time comparisons of different methods.

C. The Effect of DNN’s Weight Selection and Pre- and
post-event Adjustment

To demonstrate the effectiveness of the proposed method,

ublication/redistribution re
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following the “principles of controlling variables”, the effect of
the weight selection method and pre- and post- event
adjustment method is demonstrated separately. Firstly, to prove
the effect of the DNN’s weight selection method, we compare
the MAPE on validation and test sets of the proposed method
with that of individual contextual bandit-based method with a
particular DNN’s weight. Here, the individual methods are the
selected N methods which have the first N lowest MAPE
scores on the validation set. Note that, in this case, whether
using the ensemble technique is the controlling variable.

The histograms in Fig. 8 shows the distributions of MAPE
scores on validation and test sets, and the vertical red lines
show the MAPE scores of the proposed method on those two
sets. The proposed method has the lowest MAPE score on the
validation set. Due to the generalization error, the proposed
method does not have the best performance on the test set.
However, it is still better than 90% individual methods in terms
of the MAPE score. Moreover, for the individual model
producing the lowest MAPE score (4.88) on the validation set,
the MAPE score of it on the test set is 4.68, which is worse than
50% individual methods. So, relying on a single model with a
particular weight cannot ensure the best performance on the
unseen data. Due to the generalization error, the ensemble
method may not produce the best result on the unseen test set
data. However, since the ensemble method takes the advantage
of all individual methods, it is more robust and reliable than the
best performance model on the validation set.

(a) MAPE of individual estimators on the validation set
6

Frequency
N w £

-

4.8 5.0 5.2 5.4
PE/Y
(b) MAPE of individl\l/lléal estl/l(:nators on the test set
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8
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0 S . ! L
4.4 4.5 4.6 4.7 4.8 4.9
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Fig. 8. Histograms of MAPE scores of individual methods on validation and
test sets.

Moreover, to prove the effectiveness of the proposed pre-
and post-event adjustment, the proposed method is compared
with its counterparts without the pre- and post-event adjustment.
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For the proposed method, the pre- and post-event adjustment
can reduce the MAPE by 10% (5.06 vs. 4.59). It demonstrates
that the proposed adjustment method can cope with the daily
variation of load profile. The method utilizes the ratio of true
load to the estimated load during non-event hours in the DR day,
and therefore, the estimation error due to the model is
eliminated to some extents.

Fig. 9 shows the actual ABL and estimated ABL obtained by
the proposed method with and without pre- and post-event
adjustment. It shows different price events, event durations, and
start time. For the event happening in the early morning when
the load pattern is less variable (Fig. 9 (b)), the two methods can
well capture the trend. However, the proposed method with pre-
and post-event adjustment shows better performance and it
almost overlaps with the true load. During day time and
evening (Fig. 9 (c), Fig. 9 (d)), the load is more variable and
sudden change can be observed, which increases the difficulty
for accurate estimation. It shows that the proposed method with
pre- and post-event adjustment can learn the sudden change in
the consumption pattern. Therefore, through the adjustment,
the proposed method can better follow the change and produce
relatively accurate estimation.

VI. CONCLUSION

In this paper, a novel approach for the ABL estimation is
proposed. Compared with the existing literature, the ABL
estimation is conducted in a closed-loop fashion. The
contextual bandit is utilized to link the customer segmentation
with the estimation. The estimation performance is used as the
reward for guiding the segmentation, and the segmentation
further improves the estimation performance in return. An
ensemble method for combining various DNN’s weights is
proposed. Moreover, a pre- and post-event adjustment method
is developed to further improve the estimation accuracy.

Extensive comparisons are conducted. It is shown that the
proposed method has stable and good dynamic learning process
compared with the other five models. Compared with the
similar day-based, exponential moving average, and
regression-based methods, the proposed method achieves the
lowest MAPE and RMSE scores on the test set, mainly because
of the closed-loop feedback mechanism under the contextual
bandit’s framework. Compared with individual contextual
bandit-based method with a particular DNN’s weight, the
proposed weight selection method further improves the
robustness against the generalization error. Therefore, the
proposed method has lower MAPE than most individual
models on test set. Moreover, compared with the method
without the adjustment, the proposed adjustment method
further reduces the MAPE by 10%.

Future work can be conducted from two sides. Firstly, the
current method performs the deterministic estimation. In order
to better quantify the uncertainty, further research can focus on
extending the proposed method to the probabilistic estimation.
Secondly, since the aggregated load forecasting also involves
the customer segmentation and forecasting processes, it is also
interesting to explore whether the closed-loop method can
improve the aggregated load forecast accuracy.

(a) 2013/01/29, Low-price Event: 05:00-06:30,10:00-23:30;
High-price Event: 07:00-09:30
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Fig. 9. Actual and estimated baseline loads by the proposed method with and
without the adjustment (The blue line: actual ABL; orange area: low-price
event; purple area: high-price event).
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APPENDIX

A. Feature Selection based on Synchronous Information
For a given ToU customer i, firstly, the daily load data
di]h,heQE is normalized into the range of [0,1] by

d;, =d,, /max(d, ), where d,, isthe normalized load profile
of customer i inday h. Then, it is divided into non-event data

Jbase k‘cﬁ ‘ Jevent 1*‘05 ‘ -
din €R and event data d;" eR , respectively.

Similarly, for ToU customer k(k =1,...,N in the control

control )

group, the day h’s load profile is firstly normalized and then
divided into the corresponding two parts:

b, e RIX‘C"‘,&flh < R*™ . Based on the similar consumption
pattern matching principle, users with similar load profiles tend

to have similar living habits, and therefore their synchronous
baseline loads are also similar. So, for the ToU customer i, the

input feature at the time stamp t e ¢; is the same moment’ s

baseline loads of the selected Y control group’s non-ToU
customers with similar load profiles. The details of feature
selection can be summarized into the two steps:

Step 1: Given a day h and for k=1.. N, . . the

Euclidean distance is calculated between non-event hours’ load
profiles of the ToU customer i and the non-ToU customer k
in the control group:

dist(d?,.d7, )= [> (@’ - d?,,)° (21)

tecﬁ
Step 2: The set formed by Y non-ToU customers with the
first Y smallest distances is denoted as {kv}zzl. Therefore, the

input feature of the ToU customer i inday h athour t ec; is

- Y
e e
{dkvvhvt}\,:]_ tec..
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