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Abstract Fast and accurate forecasting of schedulable
capacity of electric vehicles (EVs) plays an important role
in enabling the integration of EVs into future smart grids as
distributed energy storage systems. Traditional methods are
insufficient to deal with large-scale actual schedulable
capacity data. This paper proposes forecasting models for
schedulable capacity of EVs through the parallel gradient
boosting decision tree algorithm and big data analysis for
multi-time scales. The time scale of these data analy-
sis comprises the real time of one minute, ultra-short-term
of one hour and one-day-ahead scale of 24 hours. The
predicted results for different time scales can be used for
various ancillary services. The proposed algorithm is val-
idated using operation data of 521 EVs in the field. The
results show that compared with other machine learning
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methods such as the parallel random forest algorithm and
parallel k-nearest neighbor algorithm, the proposed algo-
rithm requires less training time with better forecasting
accuracy and analytical processing ability in big data
environment.

Keywords Electric vehicle (EV), Schedulable capacity,
Machine learning, Big data, Multi-time scale

1 Introduction

With increasing environmental concerns, electric vehi-
cles (EVs) and renewable energy sources are receiving
more and more attention all over the world [1]. According
to the data from International Energy Agency [2], the
number of global EV reached 3.1 million in 2017,
increasing by 57% over the previous year, while the
number of EV on the road is expected to reach 125 million
by 2030. China will be the first country to start replacing
traditional fuel vehicles with electric ones. At the same
time, in 2030 renewable energy in China will account for
15% of the total energy consumption [3].

Large-scale integration of EVs and renewable energy
into the grid poses great challenges in the operation of the
power system due to their uncertainty and intermittent
nature. Generally, large centralized energy storage systems
(ESSs) can mitigate these problems, however, this would
require expensive installations of large-capacity battery
banks, pumped hydro and other large systems [4, 5].

Large-scale mobile and distributed ESS, composed of
numerous on-board EV batteries can provide similar
solutions, if their duality as ‘loads’ and ‘sources’ can be
utilized and demand-side response technologies are applied
[6, 7]. This allows to increase the penetration of renewable
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power generation or improve the resiliency and stability by
forming microgrids [8, 9].

An important prerequisite for EVs to provide ancillary
services to utilities or efficient operation of microgrids is to
forecast the EV schedulable capacity (EVSC) in a fast and
accurate way. In this way, system operators can optimize
the schedule for the participation of EVs in ancillary
services.

In current literature, EVSC is generally obtained using
probabilistic EV models [10-15], including plug-in time
probability models based on binomial distributions [10],
plug-in location probability models [11] and the aggregated
queuing network model [12]. In [13-15], a Monte Carlo
method is used to simulate the behavior of different types
of EVs operating under realistic conditions, including start-
stop time, charging rate, charging time, etc. In other non-
probability models, the state of charge (SOC) of the EV
batteries is used to obtain EVSC for individual and
aggregated EVs [16, 17]. Several parameter hypotheses are
needed in most of these models, also due to the scarcity of
historical data.

With the development of communication and Internet of
Things technologies, real-time operation data of individual
EVs can be acquired from their battery management sys-
tem (BMS). The large amounts of actual operation data
such as SOC, times of EVs access to charging infrastruc-
ture, etc., enable to develop more accurate EVSC models.
Nevertheless, dealing with the processing and analysis of a
very large number of data poses great challenges. For
example, if we assume that half of the 100 million EVs
estimated on road in China by 2030 [2] will be involved in
power system scheduling operation, and the collection
interval of related information is one minute, the volume of
data will reach 1-2 petabyte each year. Therefore, this
paper treats the forecasting of EVSC based on real-time
operation data of individual EVs as an essentially big data
analysis problem.

Big data analysis and management are clear trends of
future smart grids. This is challenging for traditional
machine learning (ML) algorithms, since they are designed
for a single machine and are not suitable to deal with big
data [18]. Thus, more efficient ML algorithms for parallel
computing or for big data are required.

The parallel processing methods proposed in literature
can be divided into three groups. Group one refers to
parallel processing of traditional algorithms by using
Hadoop and Spark cluster technology [19-21]. Group two
is the combination of clustering or optimization algorithms
and traditional ML algorithms [22-24]. Group three is a
combination of group one and group two [25-27]. In group
one, the parallelization of the algorithm effectively
improves the computing speed and accuracy of load fore-
casting in parallel computing framework MapReduce and
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Spark. For example, [19] analyses the forecasting time and
error for data sets with different sizes in different sizes of
Hadoop clusters. In group two, clustering algorithms on
large-scale data sets can be used to improve the perfor-
mance markedly [22, 23]. For group three, [25] and [26]
propose new hybrid algorithms, which combine the
improved particle swarm optimization and extreme learn-
ing machine, fuzzy C clustering and support vector
machines (SVM), respectively. The problems of over-fit-
ting and long training time caused by the increase of data
scale are faced by multi-distributed back propagation (BP)
neural networks [27].

Different from the algorithms above, [19] and [28]
propose ensemble learning algorithms of random forest
(RF) and gradient boosting decision tree (GBDT), respec-
tively. Ensemble learning algorithm integrates multiple
base learners into a strong learner to improve the fore-
casting accuracy. It is considered as one of the important
future research directions of ML [29]. Unlike traditional
multi-linear regression (MLR) algorithm [30], GBDT can
flexibly handle a certain number of different types of fea-
ture attributes, including continuous and discrete values
[31]. Thus, it is widely used in traffic and load forecasting.
However, since the output of the algorithm is the result of
multiple iterations, there is a strong inter-dependence
among regression trees, thus it is difficult to realize the
parallelization of the GBDT algorithm.

The paralle]l GBDT (PGBDT) algorithm is derived from
the GBDT algorithm and enables parallel computations. It
requires less iteration time than GBDT by parallel pro-
cessing of a large number of gradient and optimization
computations without affecting the prediction accuracy of
the model. Thus it is applicable to the big data scenario,
although it has not been used so far for EVSC forecasting
(EVSCEF).

The application of big data analysis equipped with ML
algorithms has been mainly found in the field of load fore-
casting, but rarely for EVSCF. In [15] and [32], the application
of SVM, RF and decision tree (DT) algorithms are investi-
gated for EVSCF. It is found that SVM and RF have an
improved performance, when the forecasting curves of
EVSCEF fluctuate less, while RF is more effective than SVM,
when there are large fluctuations [15]. DTs are heavily
dependent on their input data, which means that even small
variations in data may result in large changes in the structure
of the optimal DT. In this paper, in order to address this
problem, two new algorithms, suitable for big data analysis,
i.e., PGBDT and parallel k-nearest neighbors (PKNN), are
applied to the EVSCEF problem and the results are analyzed.

With the rapid growth of EVs, un-controlled charging of
a large number EVs may cause the phenomenon of “peak
peaking”, i.e., increase the peak-to-valley difference of the
utility and affect the stable operation of power grid.
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EVSCF methods provide strong data support for load peak i &
shifting, frequency regulation, economic dispatch and f"(x) = arg min Z L(yi.f(x:)) (1)

intelligent EV charging/discharging strategies. These dif-
ferent applications require the results of EVSCF for
the scheduling of renewable energy or load at different
time scales [33, 34]. For example, real-time load fore-
casting has a time horizon of several seconds to 10 minutes
and is used for frequency/voltage regulation, in order to
eliminate the effect of volatility of renewable energies [35];
ultra-short-term load forecasting has a time scale of one
hour or short-term load forecasting of several hours to tens
of hours for economic dispatch and peak shaving and
valley filling [36, 37]. Forecasting of renewable generation
is usually required for ultra-short-term 15 minutes to four
hours ahead and for short-term 24—72 hours ahead [38].

So far, time scaling of EVs for power system operation
has not been properly discussed. References [15] and [31]
deal only with real time and one-day-ahead time scales. In
this paper, ultra-short-term scaling of one hour is addi-
tionally incorporated for the first time in the EVSCF
models. In this way, EVs can be used for more power
system services such as real-time optimization,
peak shaving and valley filling, economic dispatch, etc.

Overall, the main contribution of this paper is the
development of EVSCF models for multi-time scales based
on the PGBDT algorithm which is used to forecast EVSC
faster and more accurately.

The results of real-time EVSCEF based on a large amount
of real-time operation data from BMS of individual EVs
are used as historical data for training the EVSCF models
for ultra-short-term scale of one hour and one-day-ahead
scale of 24 hours. The PGBDT algorithm is initially pro-
posed and tested on a big data platform for multi-time scale
EVSCF models to prove its feasibility and effectiveness.

The rest of this paper is organized as follows. In Sec-
tion 2, the PGBDT algorithm is described. Section 3 dis-
cusses EVSCF models for multi-time scales. In Section 4,
the proposed models are validated and compared with
parallel random forest (PRF) and PKNN algorithms on a
big data platform. This is followed by conclusions in
Section 5.

2 PGBDT algorithm

In the PGBDT algorithm [28], a training sample is
composed of a 1-dimensional target vector y; and a set of
K-dimensional input vectors x; = [x!,x?,...,xK]. The
objective is to obtain f*(x) that is, mapping x to y; in
training samples S = {(v;,x;)}/_, of known value y; and i
set of feature attributes x; with the length K, while mini-
mizing the loss function L(y;,f(x;)) as shown in (1):
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fx) =

where f(x;) is the i™ predicted value as the output of a
mapping function. The loss function L(y;,f(x;)) used here
is the square error loss function of the regression problem
as shown in (2):

L(yi.f(x:)) = (yi — f(x:))? (2)

f*(x) can be approximated by the additive form of f(x)
as shown in (3):

flx) = Zcmbm (3)
m=1

where ¢, is a scaling factor; and b,, is the least-squares
coefficient of the base learner for the m™ iteration.

By defining the base learner as a J-terminal node
regression tree, the specific steps of PGBDT algorithm are
as follows.

Step I: Initialize the model (3) by setting the initial and
maximum number of iterations m as one and M,
respectively, and the initial function fy(x) as shown in

4).
fo(x) = arg min i L(y;,p) 4)

p i=1
where p is a constant value for minimizing the loss func-
tion; and f;(x) is a regression tree with only one node.
Step 2: Obtain the negative gradient of the loss function
as shown in (5), and f,,_ (x) is the model after (m—1)"
iteration.

N (GL(yi,f (x:))

of (x:) G)

>f(x)_fml (x)

The m™ regression tree is constructed according to all
samples and their negative gradients [39], and its splitting
rule is to divide it into two regions according to the value
s of the k™ feature attribute: Sy (k,s) = {x;|x¥ <s} and
Srignt(kys) = {xi‘xif > s}. The minimization of the sum of
regional variances after splitting is shown in (6):

2
1 ieft
Gain(k,s) = min ( ;i — i | +

1 Nright 2
5 Yi— n E Yi
Xi €Sright right =

where the training sample S with size n is divided into left-
dataset Sy and right-dataset S,;,, according to splitting s,
the size of which are .5 and n,;g,, respectively.
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Thus, its corresponding J-terminal node regions R,;,j =
1, 2, ..., J are obtained.

Step 3: Obtain the corresponding least-squares coeffi-

cient b,,; of the m™ regression tree as in (7).

bmj = fmis(x,-) X; € ij (7)

e(x;) = {(1)

where 7, is the average value of negative gradient of m™
regression tree; and &(x;) is an indicator function.
Step 4: Find the scaling factor c,, of the m™ regression
tree for solving the “linear search” by (9).

J
cpy = argmin Z L(yi7fml(xi) + CZ bm/‘) ©)

¢ X;ERy; j=1

X; € ij
Xi ¢ ij

(3)

Step 5: Update the model f,,(x) as (10).
7
Fal®) = o1 () + e > by (10)
=1

Step 6: If m <M, let m = m + 1 and repeat Step 2 to Step
5, otherwise output the final fj,(x).

After M iterations, the final model f(x) is obtained as
(11):
M J
f(x) :fM(x) :fO(x)+ZZCinbn7j (11)
m=1 j=1
From (11), it can be seen that the PGBDT algorithm is a
combined algorithm. It approximates the expected model
by iterating a series of regression trees to improve the
model accuracy and provides a strong predictive
performance and generalization ability. Each regression
tree can be parallelized by finding splits on each non-
terminal node of the regression tree in parallel, whose
splitting criteria depends on the minimization of variance
after splitting. Therefore, the whole model of PGBDT can
be parallelized by generating each regression tree in
parallel during its generation process.

3 EVSCF models for multi-time scales
3.1 Time scales used in the proposed EVSCF models

In this paper, three time scales for EVSCF are proposed,
i.e., real-time scale of one minute, ultra-short-term scale of
one hour and one-day-ahead scale of 24 hours. This allows
the provision of different ancillary services for power
system, as shown in Fig. 1. For the one-day-ahead EVSCEF,
the forecasting is performed for every of the 24 hours in
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Time in advance 3 Time horizon \
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‘Real- time optimization

Tcime in A hTime X -Frequency/voltage regulation
advance ; horzon -Peak shaving and valley filling
@A ‘Economic dispatch
! time

v 4 v .
{60 120 1+1440 #2880 (i)
@: Real-time scale of one minute; @): Ultra-short-term scale of one hour
®: One-day-ahead scale of 24 hours

Fig. 1 Diagram of time scales in the proposed EVSCF

advance. Considering the uncertainty of the one-day-ahead
scheduling, the schedule for the ultra-short-term scale of
one hour is formulated to reduce the forecasting errors,
which is performed one hour in advance. The real-time
EVSCEF is carried out one minute in advance. Its time scale
is short and the precision is high and less affected by
uncertain factors. It can be used for frequency and voltage
regulation and further correction of scheduling errors. The
real-time scale interval is one minute and the time scales
for ultra-short-term and one-day-ahead are set to 60 min-
utes and 1440 minutes, respectively.

3.2 Real-time EVSCF model
3.2.1 Classification of EVs connected to grid

The proposed real-time EVSCF model is based on real-
time data of individual EVs, which are acquired from the
BMS of each EV.

In order to ensure the accuracy of real-time EVSCF
model, the selected time scale for the prediction model is
equal to the time interval of the real-time operation data
acquisition, which is one minute in this paper. Since the
SOC of the EV battery changes slightly within one minute,
EVSC in real time is calculated dynamically through the
real-time data acquisition and big data analysis method,
and can be regarded as the forecasted value of EVSC for
the next minute. To build the EVSCF model in real time, it
is necessary firstly to classify the individual EVs accessing
the utility network according to their levels of SOC so that
the aggregated charging or discharging capacity of EVs can
be obtained.

The participation of EVs in dispatch mainly depends on
the scheduling period from the grid side #, the expected
remaining time to disconnect from the grid 7;; and the
minimum charging time to reach expected SOC #;, from
individual EV users. The rules to classify EVs are as fol-
lows [15].
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1) Iftg;<tsorty; <ty EV4isnot allowed to participate
in the scheduling plan.

2) If ta; >t, and ta > tac: @ if SOC&<SOC§“H, EV,; is
allowed to be charged; @ if SOCT™* <SOC!, EV, is
allowed to be discharged; ® if SOCT" <SOC!, <
SOCT™, EV, is allowed to be charged or discharged
according to the scheduling plan.

Note that EV, is the d" EV; SOC, is the SOC of
EVy, at current time #; and SOC'™ and SOCT™ are the
minimum and maximum expected SOC for each EV,,
respectively.

3.2.2 Definition of charging/discharging rate

The charging/discharging rate v, is used to characterize
the users’ demands, as shown in (12). The value of vy, is
related to the initial SOC, ending SOC and 4, of EV,.

soc!, — soc
Vi, = SYd P d (12)
ta
where SOC},™" is the SOC of EV, at time f + 143 v, <0
indicates that EV; is charging; and v,, > 0O indicates that
EV, is discharging.

3.2.3 Real-time EVSCF model

The real-time EVSCF model includes real-time
schedulable charge capacity (SCC) and schedulable dis-
charge capacity (SDC) of EVSC based on real-time oper-
ation data of EVs from BMS and group classification
above. In this paper, SCC and SDC of individual EVs are
obtained from (13) and (14), respectively:

SCCd,,x = vd,tthd Var € [yd‘,, 0] (13)
[07 ﬁd,t] (14)

where v;, and v,, are the limits of charging/discharging
rate, respectively; SCCy,and SDC,,; are SCC and SDC of
EVSCF of EV; at the scheduling period f,, respectively;
and Cjy is the rated battery capacity of EVj.

According to the real-time SCC and SDC of individual
EVs as well as SCC and SDC of EVSCF of the cluster of
EVs, SCC# and SDC;?” are derived as in (15) and (16),

respectively:

SDCd’,x = vdv,tst Va: €

N
scc =Y sccy,, (15)
’ d=1
SDC = Z SDCy,, (16)

where N is the total number of EVs connected to the grid.
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3.3 Ultra-short-term and one-day-ahead EVSCF
models

3.3.1 Construction of training dataset and testing dataset

Feature selection is required before establishing the
training dataset and testing dataset for ultra-short-term and
one-day-ahead EVSCF models. The following feature
attributes of EVs are selected to train the model based
historical data and time attributes of operations for indi-
vidual EV.

1) The average values of SCC and SDC of EVSC at the

——==all
and

same time 7 of the previous month are SCC,,,,
which are calculated as in (17) and (18),

all

SDC

t,mon’

respectively:

tmon ZSC t,mon (17)
all

tmon Ji ZSDCtmon (18)

where [ is the total number of days of the previous month;
SCCfmo,,, SDCfmo,, are the values of SCC and SDC of
EVSC at the same time 7 on the k™ day of the previous
month, respectively.

2) The average values of SCC and SDC of EVSC at

the same time ¢ last week are SCC and

SDC"
(20), respectively, where SCCIZweekv SDwaeek are
the values of SCC and SDC of EVSC at time ¢ on
the k™ day of last week:

t, week

”m)k, which are calculated as in (19) and

scc

t, week

ZSC t,week (19)

SDCI week Z SDCt week (20)

3) The values of SCC and SDC of EVSC at the same time
t of the previous day are SCC, 4,y and SDC; 44y .

According to different time attributes, the following four
feature attributes are selected as inputs at the training stage:
current time ¢ (a total number of 1440 time slots, repre-
sented by 0 to 1439), indication of rush hour, holiday or
working time.

In summary, through the correlation analysis, the data
set with length ¢ is divided into two parts: training dataset

@ Springer
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with length p and testing dataset with length g-p. The next
step is to construct EVSCF models for ultra-short-term and
one-day-ahead scales, as follows.

3.3.2 Ultra-short-term and one-day-ahead EVSCF models

Ultra-short-term and one-day-ahead EVSCF models
with PGBDT proposed in this paper differentiate only in
the time scales. Both are trained as follows:

1) Input training dataset A including the feature attributes
and  actual EVSC  y.,, A=
{r—p, i—p,wi—p) ¥'_, comprises 10 feature attributes

of the training dataset with length p; h,_, =
[x}_p,xlz_p,...,xf_p] is a 6-dimensional vector with
the historical data of EVSC;
[xZ,p,xf,p,x?,P,x}Bp] is a 4-dimensional vector with
the time attributes of EVSC.

2) Set the parameters of the PGBDT algorithm including
the number of iterations / and maximum depth d.

3) Train the model represented by (21) by the training
dataset A:

Yi—p :f(htfpawrfp) (21)

4) Substitute testing dataset B into the model, and obtain
the predicted value of EVSCF y¢ as (22):

yf :f(ht—p, wt—p) (22)

value  of

and w,_, =

B = {(yi,hi,w)}{_,,, has 10 feature attributes of the
testing dataset with length g—p.3.3.3 Evaluation indexes

In order to evaluate the performance of the proposed
PGBDT algorithm for the ultra-short-term and one-day-
ahead EVSCF models, the mean absolute percentage error
(MAPE) and root mean square error (RMSE) are chosen as
evaluation indexes. The expressions are shown in (23) and
(24), respectively:

1< .
MAPE = i;f |(yi = ¥§) /yi| x 100% (23)
NS ey
RMSE = \/; iE:l (i = ¥¢) /yi]” x 100% (24)

where y; and y¢ are the actual and forecasted EVSC values,
respectively. If y; is O, it is replaced with the historical
average of EVSC. The smaller the value of MAPE, the
more accurate the predicted value is. RMSE is sensitive to
outliers and can amplify the prediction errors. It can be
used to evaluate the stability of the algorithm.
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3.4 Implementation of EVSCF models with PGBDT
algorithm and big data analysis

3.4.1 Real-time EVSCF framework based on big data

Equations (12)-(16) form the real-time EVSCF model.
Although the proposed model looks simple, it is difficult to
apply, since it needs to process the large amount of related
data of EVsinreal time. In this paper, Hadoop is used to solve
the storage problem of big data by the Hadoop distributed file
system (HDFS) [40]. Moreover, Spark designed for large-
scale data processing is used. The Spark streaming can pro-
cess stream data with a minimum interval of 500 ms. In this
paper, the real-time processing interval is 60 s, which enables
parallel computation to meet real-time requirements.

Parallel processing on Spark is shown in Fig. 2a. When
EVs are connected to the grid, their operation information
can be acquired and processed through the following
functions. The Map function calculates the real-time EVSC
of individual EVs. The ReduceByKey function combines
the value (the output of Map function) of each key (the
number of EVs). Real-time EVSCF values are obtained
from the real-time EVSCF model. This is used as historical
data for ultra-short-term and one-day-ahead EVSCF mod-
els, as discussed in the following sections.

3.4.2 Framework of EVSCF models based on PGBDT

The structure of EVSCF models based on PGBDT algo-
rithm for multi-time scales is shown in Fig. 2. The real-time
EVSCF model is built, as shown in Fig. 2a, and the historical
data of the real-time EVSCF is combined with the time
attributes to generate the training dataset and testing dataset.
According to the different prediction periods, the training
dataset and testing dataset are updated in order to apply
rolling forecasting. Finally, one-day-ahead and ultra-short-
term EVSCF models based on the PGBDT algorithm are
trained, tested and evaluated, as shown in Fig. 2b.

4 Study cases
4.1 Big data platform configuration

Combining the advantages of Hadoop and Spark, a big
data platform is constructed to test the proposed method.
The hardware of configured big data platform consists of
two IBM servers, which can communicate on the same
network through Gigabit gateway. Based on Ubuntu 64-bit
operation systems, a computer cluster containing four
machines is set up, one of which is selected as the master
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Input real-time EV data

EVs stream on HDFS

Batch processing of
Spark streaming

II

Master

ReduceByKey Real time
Map function function 1 EVSCF model
Slave 1 Gain(ky,s) Regression

‘:,-—le—' Gain(ky,s)

tree

Slave n Gain(ky,s,)

Each iteration for m" regression tree

Output forecasting results
and evaluate performance

One-day-ahead and ultra-
short-term EVSCF models

PGBDT
algorithm

. Real-time
EVSCF model

Historical data of real-
time EVSCF model

i

Training dataset and testing dataset updated and re-
predicted to rolling forecasting

Fig. 2 Structure of EVSCF models for multi-time scales

Table 1 Big data platform configuration parameters

(b)

T

Time attributes
data of EVs

Table 2 Processing time for different data size of real-time EVSCF

Master/slave node  IP address Software version Data scale (GB) T.(s) T(s) Sspeedup
Master 192.168.16.135 0.5 22 246 11
Slavel 192.168.16.198 Hadoop-2.7.0, Spark-1.6.0- 1.0 37 643 17
Slave2 192.168.16.199 bin-hadoop-2.7.0 5.0 109 2808 25
Slave3 192.168.16.229 17.0 196 13030 66

node and the rest three as the slave nodes. The configura-
tion parameters of the big data platform are shown in
Table 1.

With the big data platform, the real-time data of 521
EVs are used to test the EVSCF models proposed in Sec-
tion 3. These data are acquired from BMS of each EV with
one-minute resolution, (17 GB in total) in the period from
Nov. 1, 2015, 00:00 to Apr. 30, 2016, 23:59 [15].

4.2 Processing time analysis of different real-time
EVSCEF data scales

In this paper, the speed-up factor S;pecq., i defined as an
evaluation index for measuring the parallelization degree
of the big data platform, as shown in (25):

T,/T. (25)

S speedup —

where T and T, are the running time of single machine and
cluster machines for processing big data, respectively.

STATE GRID

With the proposed big data platform and the real-time
operation data of EVs, real-time EVSCF is performed.
Table 2 shows the values of Sy,..q,, for the processing
methods by single machine and cluster machines. The
achieved EVSCF increases from 0.5 GB to 17 GB.

It can be seen from Table 2 that with the increasing data
size of real-time EVSCF, the speed-up factor increases
from 11 to 66. The acceleration effect is obvious, reflecting
the ability of the proposed method to process large-scale
data.

4.3 Simulation results and discussions
4.3.1 Real-time EVSCF
The real-time EVSCEF is performed using the operation

data of EVs connected to the grid from Nov. 1, 2015, 00:00
to Apr. 30, 2016, 23:59 with one-minute resolution,
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Fig. 3 Real-time EVSCF during Nov. 2015 to Apr. 2016
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Fig. 4 Real-time EVSCF of a week during Apr. 24, 2016 to Apr. 30,
2016

including a total number of 262080 data points. The pre-
dicted results of both SCC and SDC are shown in Fig. 3. It
can be seen that there is a drop in the curves of both SCC
and SDC during the course Feb. 7, 2016 to Feb. 13, 2016
(time: 141120-151200 minutes), which is explained by the
Chinese Spring Festival.

Figure 4 depicts SCC and SDC curve form Apr. 24,
2016 to Apr. 30, 2016. The daily trend of EVSCF is
basically the same, because the travel time of EV buses is
nearly the same every day. Since EVs will leave or access
the grid at any time, the values of EVSCF always change
and reflect the volatility of EVSC.

Figure 5 shows the results of real-time EVSCF for the
specific day of Apr. 30, 2016. From Fig. 5, it is expected
that the maximum values of SCC and SDC during this day
are 167.557 kWh and 117.155 kWh, respectively, and the
minimum values are zero. Figure 5 shows that the values of
real-time EVSCEF for the time periods from 05:00 to 08:59
(time: 301-540 minutes) and 16:00 to 18:59 (time:
961-1140 minutes) are close to zero, which reflects the
intermittency of EVSC. For EVs, this happens during rush
hours when EVs have completed charging and are
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Fig. 5 Real-time EVSCF of Apr. 30, 2016

disconnected from the grid. Therefore, during these peri-
ods, there are few EVs participating in grid scheduling.

In summary, EVSC for EVs is lower during the daytime,
close to O during rush hours and higher during the night.
The time characteristics of EVSC are consistent with the
operation frequency of buses. The probability of access to
grid at night is much higher than at daytime, which results
in higher EVSC for EV buses at night. Based on this
characteristic, charging of EVs can be shifted, not only
reducing the peak power, but also being charged at low
electricity prices. Operation regularity also provides the
basis for EVSC predictability. The analysis results of big
data show the characteristics of EVSC, namely, volatility,
intermittent and predictability.

4.3.2 Ultra-short-term EVSCF

For ultra-short-term and one-day-ahead EVSCF models,
the real-time historical EVSC data from Nov. 1, 2015,
00:00 to Apr. 23, 2016, 23:59 are used for training data-
sets, while the historical EVSC data from Apr. 24, 2016,
00:00 to Apr. 30, 2016, 23:59 are used for testing datasets.
Therefore, ultra-short-term EVSCF is set an hour in
advance to forecast the next hour, rolling to the 168" hour
(7 x 24 hours).

To demonstrate the effectiveness of the proposed
method, the results from the PRF and PKNN algorithms
[32, 41] are compared with the results of the PGBDT
algorithm proposed in this paper. Taking into account the
accuracy and processing time, the set of parameters for
different algorithms are selected, as shown in Table 3.

The errors of SCC and SDC in MAPE and RMSE and
the training time for ultra-short-term EVSCF obtained by
the three ML algorithms are shown in Table 4. It can be
seen that PGBDT has the best performance in both accu-
racy and traning time, and the MAPE of SCC by PGBDT
are 6.52% and 24.01% lower than those of PRF and PKNN,
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Table 3 Set of parameters for different algorithms

Algorithm  Set of parameters

PGBDT Number of iterations / = 4; maximum depth d = 8
PRF Number of trees T = 40; number of bins B = 64;
Maximum depth d = 5

PKNN Number of nearest neighbors & = 100

Table 4 Prediction errors and training time of ML algorithms for
ultra-short-term EVSCF

Algorithm Training time (s) MAPE (%) RMSE (%)
SCC-PGBDT 6.59 3.79 4.79
SCC-PRF 9.82 10.31 16.09
SCC-PKNN 20.07 27.80 41.10
SDC-PGBDT 6.11 3.37 3.96
SDC-PRF 9.53 9.87 16.44
SDC-PKNN 20.78 27.89 37.15
100 —
80 o
g 7
B 60 /
= Y
2 /" -SCC-PGBDT
kT e <
£ 40 / ----SCC-PRF
A SCC-PKNN
20 —SDC-PGBDT
—— SDC-PRF
SDC-PKNN

I 2 4 5 8 15 25 50
MAPE (%)

100 200

Fig. 6 Cumulative probability curves of ultra-short-term EVSCF

respectively. Similarly, MAPE of SDC by PGBDT are
6.50% and 24.52% lower than those of PRF and PKNN,
respectively. The training times of SCC by PGBDT are
3.23 s and 13.48 s faster than those of PRF and PKNN,

SDC (kWh)

190

— Actual value 1 g0

— PGBDT value | 79

— PRFT value i 60 i

— PKNN value ! 50 ) )
1261 1291 1321

respectively. Overall, the prediction accuracy and training
time of PKNN are much inferior to those of PGBDT.

In order to quantitatively evaluate the reliability of
PGBDT, PRF and PKNN algorithms, the cumulative proba-
bility curves of 168 hours of ultra-short-term EVSCF are
obtained, as shown in Fig. 6. As can be seen, PGBDT has
more than 92% of its results meeting the requirements of
MAPE within 8%, which means that PGBDT has good
generalization ability for 92% of new samples. At the same
level of error, the data volume of PRF is about 50%, while that
of PKNN is less than 20%. This reflects that the reliability of
PGBDT is the highest among the three algorithms.

Figure 7 shows the actual value and predictive values of
SDC for different algorithms for a typical day of Apr. 30
from 00:00 to 24:00. It can be seen that the curve of
PGBDT values is consistent with the curve of actual val-
ues, and the other two curves have large deviations during
the two selected periods. The amplitude of SDC changes
more than 70% in two hours and within 10% in two hours,
respectively.

To further evaluate the performance in different time
periods, 24 hours are divided into three periods according
to the operation practice of EVs, including peak hours of
EVSC (00:00-02:59, 20:00-23:59), flat hours of EVSC
(03:00-04:59, 09:00-15:59, 19:00-19:59), valley hours of
EVSC (05:00-08:59, 16:00-18:59). The histograms of the
evaluation indexes are shown in Figs. 8 and 9. As can been
seen from Figs. 8 and 9, the errors between PGBDT and
PRF are slightly different in peak hours. But in flat hours
and valley hours, due to multiple iteration errors, the results
from PGBDT are stable and much better than that of PRF
and PKNN.

4.3.3 One-day-ahead EVSCF

One-day-ahead EVSCEF is performed one day in advance
for the next day. For example, in one-day-ahead 24-hour

___________________________

361 421 481 541 601 661 721 781 841 901 961

1021 1081 1141 1201 1261 1321 1381 1441

Time (min)

Fig. 7 Forecasting errors of SDC by three algorithms on Apr. 30, 2016, 00:00-24:00
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Fig. 9 Comparison of RMSE in different time periods

Table 5 Prediction errors and training time of ML algorithms for
one-day-ahead EVSCF

Algorithm Training time (s) MAPE (%) RMSE (%)
SCC-PGBDT 8.19 4.11 4.15
SCC-PRF 11.63 11.00 19.45
SCC-PKNN 20.64 29.18 47.94
SDC-PGBDT 8.59 3.97 3.99
SDC-PRF 14.78 10.35 21.09
SDC-PKNN 21.25 28.02 62.44

EVSCF model, predicting that EVSC of Apr. 24, 2016
needs a training dataset from Nov. 1, 2015 to Apr. 23,
2016, predicting that EVSC of Apr. 25, 2016 needs a
training dataset from Nov. 2, 2015 to Apr. 24, 2016, etc, in
a rolling way, EVSC of Apr. 30, 2016 is predicted. Table 5
shows the forecasting errors of SCC and SDC in MAPE
and RMSE and the training time based on PGBDT, PRF
and PKNN algorithms for one-day-ahead EVSCF. Similar
to the results of Table 4, PGBDT is the best among all the
algorithms. Comparing with the results in Tables 4 and 5, it
can be seen that the smaller the time scale of EVSCEF is, the
smaller the forecasting errors in MAPE are. The value of
RMSE does not vary with the prediction time scale, and
only depends on the complexity of the data and the amount
of outlier data.

STATE GRID

5 Conclusion

This paper investigates the EVSCF using big data
analysis and ML algorithms. EVSCF models are estab-
lished for multi-time scales based on actual operation data
of EVs. Real-time EVSCF is achieved using the con-
structed big data platform, where the speed of Hadoop and
Spark is 66 times faster than traditional methods. The
proposed models are tested and compared with PRF and
PKNN, exhibiting superior performance. The simulation
results containing real operation data of EVs connected to
the grid with one-minute resolution. It shows that for one-
hour ultra-short-term EVSCF model, the PGBDT algo-
rithm has the highest accuracy for SCC and SDC, with the
forecasting errors in MAPE of 3.79% and 3.37%, and
reduced training time by 30% and 60%, respec-
tively, compared with those obtained by PRF and by
PKNN. The performance of PGBDT-based EVSCF model
for one-day-ahead 24 hours is much better than PRF and
PKNN, proving its reliable forecasting performance and
generalization ability. The simulation results also prove
that the proposed PGBDT-based EVSCF models can take
advantage of the analytical ability of ML under a big data
environment and provide powerful support for EV partic-
ipation in grid scheduling and ancillary services.
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