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Abstract — In the near future, photovoltaic (PV) power
generation systems will become widespread. In this study,
we apply multi-objective optimization to the designed
model: the concentrated introduction of PV systems with
stationary batteries and electric vehicle (EV) batteries in
housing areas to fulfill the diverse demands from various
sectors, including electrical power companies and utility
customers. In the computations, we propose a novel me-
thod for modeling the residential load and PV output
power based on the measured data from a national re-
search project in Japan. Furthermore, we carry out data
mining of the optimization results using a self-organizing
map as an effective analysis tool for the design of PV
systems with storage batteries.

Keywords: photovoltaic power generation, distribu-
tion network, stationary battery, electric vehicle, mul-
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1 INTRODUCTION

Photovoltaic (PV) power generation is predicted to
become one of most widespread measures to solve envi-
ronmental and energy problems. Japan aims to increase
the capacity of PV systems to 53 GW by 2030; residen-
tial grid-interconnected PV systems will account for
80 % of this target capacity.

When a number of PV systems are installed in a res-
idential area, some technical problems are bound to
occur. One of them is an increase in the grid voltage
due to reverse power flow from the PV system. In this
case, the PV output is reduced by a power conditioning
system (PCS) to sustain the grid voltage (below 107 V
in Japan). This phenomenon leads economic losses for
PV installers.

To overcome the above problem, the application of
stationary batteries and electric vehicles (EVs), which
are expected to be extensively used as next-generation
cars, is a possible energy buffer measure for reverse
power flow. The coordination of stationary and EV
batteries is very effective to provide various benefits to
utility customers and electric power companies.

In this paper, given the above background, assuming
the residential area model in which large quantities of
PV systems are introduced, we have carried out the
multi-objective optimization of the operation of statio-
nary and EV batteries.
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In the computations, we have also proposed a prac-
tical method for modeling the residential load and PV
output power which are based on the measured data of
the demonstrative research on clustered PV systems by
New Energy and Industrial Technology Development
Organization (NEDO) in Japan.

Furthermore, as the number of objective functions
increases, it becomes difficult to appropriately evaluate
the correlation among the objective functions and de-
sign variables. Therefore, we have attempted to effec-
tively extract the design information of the PV system
with batteries using self-organizing map (SOM) which
is able to project multidimensional data into two di-
mensions. Some numerical examples, which show the
effectiveness of the proposed methods, are also pre-
sented.

2 INVESTIGATED MODEL

2.1 Distribution network model

A residential area model, which consists of 18 resi-
dential clusters as shown in Fig. 1, is considered. Two
clusters are connected to each point in the high-voltage
network (P1 — P9). The distribution-line impedances
are listed in Table. 1. PV systems are randomly intro-
duced in 756 houses (66% of all houses).
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Figure 1: Distribution network model

High-voltage network Impedance 0.313+j0.377 [©/km]
3.73X10% Q/m
3.48x 104 Q/m

8.90 X 10 Q/m

Impedance Z;
Low-voltage network | ympedance Z,

Impedance Z,

Table 1: Distribution-line impedances
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2.2 Stationary battery model

The characteristics of the stationary battery are listed
in Table 2.

In the optimization procedure, the number of statio-
nary batteries is varied. Since the grid voltage increases
frequently at the terminal of the distribution network,
stationary batteries are preferentially installed in clus-
ters farther away from distributing substation. For ex-
ample, in the case where the installation number is 4,
the stationary batteries are set in the clusters connected
to P8 and P9 in Fig. 1.

In the stationary battery operation, the amount of
charged power corresponds to the surplus PV output
over the threshold for charge; the amount of discharged
power corresponds to the surplus load power over the
threshold for discharge as shown in Fig. 2. Hence, the
amount of discharged power is restricted so that no
reverse power flow is generated by the stationary batte-
ries. Taking into account the seasonality of load charac-
teristics, the threshold for discharge is set in each sea-
son. As a result, the stationary battery operation is
defined by the design variables listed in Table 3.

Type Lead-acid
Rated DC voltage 192V
Rated charging current 0.3C[A]
Rated discharging current 0.4 C[A]

Depth of discharge 0-70 %

Charging voltage 2112V

Discharging voltage 187.2V
Efficiency 89 %

Table 2: Characteristics of stationary battery

Power

Threshold
for charge =
Threshold

PV output - for discharge

Hour
Figure 2: Conceptual figure of stationary and EV battery
operation
Design variables Range Step size | Stationary | EV
battery
Threshold for charge | 0-3.2 [kW] 0.05
spring 0-1.3 [kW] 0.05
Threshold | summer | 0-1.3 [kW] 0.05 Yes
dis:]‘::rge autumn | 0-13[kW] | 0.05 Yes
winter | 0-1.9 [kW] 0.05
Capacity 378 - 2058 [Ah] 42 No
Number of batteries 2-18 2

Table 3: Design variables of stationary and EV batteries

2.3 EV battery model and driving pattern
The characteristics of the EV battery, i.e., i-MiEV
manufactured by Mitsubishi Motors, are listed in Table 4
[1] [2]. EVs are introduced in half of the houses with PV
systems, i.e., 378 vehicles. We set three types of EV
driving patterns as shown in Table 5 [3].

Capacity 16 kWh
Charge efficiency 90 %
Power spring , autumn 8.6 km/kWh
consumption summer 7.3 km/kWh
winter 6.0 km/kWh

Table 4: Characteristics of EV battery

Pattern Outgo | Return | Date of usage | Running distance | Number of
[time] | [time] | [days/week] [km] vehicles
Commuting | 7:00 20:00 5 24.5 162
Shopping 15:00 18:00 6 10 162
Leisure 7:00 20:00 1 95 54

Table 5: Driving patterns

2.4 Operation mode of EV battery

In order to examine the effectiveness of the applica-
tion of EV batteries, three types of operation modes are
set, as listed in Table 6.

MODE | Daytime charge of EV battery | V2H of EV battery

1 No No
2 Yes No
3 Yes Yes

Table 6: Operation modes of EV battery

In mode 1, the EV battery is charged up to an SOC
of 100% in the night, and the EV is driven on the fol-
lowing day. The battery is charged from 23:00 to 6:00,
when power rates are low.

In mode 2, the EV battery is charged up to an SOC
of 80% in the night only if the remaining charging
capacity is insufficient to last through the next day’s
drive. In addition, the EV battery is charged in the
daytime by using the PV output power in the same
manner as that used to charge the stationary battery.

In mode 3, the nighttime charge and the daytime
charge are the same as those in mode 2, and the EV
battery is discharged for the residential load in the
night, i.e., Vehicle to Home (V2H) in the same manner
as that used to discharge the stationary battery.

Therefore, the operation of the EV battery system is
defined by the design variables listed in Table 3.

2.5 Objective functions

Three types of objective functions, i.e., economic
cost, CO, emission, and annual load factor, are investi-
gated. The economic cost and CO, emission are aimed
to be minimized; the annual load factor is aimed to be
maximized.
(i) Economic cost

The economic cost is one of the objective functions
used for the evaluation of economic efficiency. It is the
sum of the electric expenses of all the houses and the
stationary battery costs. Electricity prices are listed in
Table 7 [4]. The cost of the stationary battery is as-
sumed to be 0.1765 USD/Ah (1 USD = 85 JPY), and its
lifespan is set to be 10 years. The economic cost is
expressed by (1).
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Economic cost [USD] = expense of electric power purchase [USD]
- income of electric power selling [USD]

+ stationary battery cost [USD] + 10 [year] (1)
Time zone Price [USD / kWh] (1 USD =85 JPY)
7:00~10:00, 17:00~23:00 0.2721
10:00~17:00 0.3327 (except summer), 0.3926 (summer)
23:00~7:00 0.1079
Selling 0.4471

Table 7: Electricity prices

(i) CO, emission
CO, emission is one of the objective functions for the
evaluation of environmental load. The CO, emission
coefficient of the power system is assumed to be
0.34kg-CO,/kWh [6]. The amount of CO, emitted
during the manufacture of the stationary battery is
assumed to be 2.20kg-CO, per battery weight of 1 kg
on the basis of weight composition, amount of energy
used, CO, basic unit, etc. [7]. CO, emission is ex-
pressed by (2).
CO, emission [ton] = amount of CO, emission by making battery [ton]
+ receiving electric power [kWh]
% CO, emission coefficient [ton /kWh)]

@)
(iii))  Annual load factor

Annual load factor, an important index for electric
power companies to ensure efficient power-supply, is
one of the objective functions used for the evaluation of
electric load leveling. The industrial load correspond-
ing to the residential load in Fig. 1 is modeled, as
shown in Fig 3 [8]-[10]. The annual load factor is de-
fined by (3); the total load power is the sum of the resi-
dential and the industrial load. The details of the resi-
dential load are discussed in the next chapter.

average of total load power [kW] X100

3
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maximum of total load power [kW]
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Figure 3: Industrial load model

2.6 Multi-objective optimization

In multi-objective optimization, Pareto optimal solu-
tions are searched by using the multi-objective genetic
algorithm (MOGA) [11]. Fig. 4 illustrates the concept
of the Pareto optimal solutions for two objective func-
tions (f; and f;). The crosses on the edge of the search
domain are Pareto optimal solutions. At this point, one
objective function cannot be improved without deteri-
oration of the other function. A designer finally selects

the most suitable solution from these solutions consi-
dering the various restriction conditions.
Silx)

search domain

minimize
X

Pareto oprimal solution

o

Conceptual figure of Pareto optimal solutions

minimize

Figure 4:

3 MODELING METHOD OF RESIDENTIAL
LOAD AND PV OUTPUT

In this study, two models of the residential load and
PV output are investigated. In the simplified model, the
unified residential load and PV output profiles are
applied to all the houses. On the other hand, in the
proposed model, the residential load and PV output
profiles are different in each house. The proposed mod-
els are derived from the measured data of the demon-
strative research on clustered PV systems conducted by
NEDO in Japan. Therefore, the simulation results are
more practical in the case of the proposed model. In
this chapter, we compare the computational results of
these models from a practical point of view.

3.1 Simplified model

The residential load profile in a simplified model is
shown in Fig. 5; that is, this figure shows the profile of
the power demand in an all-electric home [12]. The PV
output profile is based on the solar radiation data of
METPV [13].
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Figure 5: Residential load profile

3.2 Proposed model

In the proposed model, the residential load and the
PV output data measured at 553 residences in the re-
search project entitled “Demonstrative research on
clustered PV systems by NEDO” are utilized [14].

The residential load profiles depend on the family
configuration and lifestyle; the PV output profiles de-
pend on the installation situations. Therefore, in order
to classify the features of the residential load and PV
output of 553 houses, we carry out clustering using the
k-means++ method [15]. The adequate cluster number
of the patterns of the residential load and PV output
were determined to be 5. The ratio of the number of
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members in each cluster to the total members is shown
in Table 8. The averaged profiles of each cluster are
shown in Fig. 7.

Demonstrative research on clustered PV systems

Figure 6:
Cluster 1 | Cluster2 | Cluster3 | Cluster4 | Cluster5
Ratio 13.6 % 42.9% 24.1% 17.0 % 2.5%
Number 75 237 133 94 14
(a) Residential load
Cluster1 | Cluster2 | Cluster3 | Cluster4 | Clusters
Ratio 233% 22.8% 15.7 % 18.6 % 19.5%
Number 129 126 87 103 108

(b) PV output
Table 8: Ratio of number of members in each cluster to the
total members
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Figure 7: Clustering results of load and PV output
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Fig.8 shows the histograms of the hourly average
residential load power of cluster 4 in spring and winter.
It can be said that the variance depends on seasonality.
Therefore, we have calculated the averages and stan-
dard deviations of the residential load and PV output of
each cluster in each season. These averages and stan-
dard deviations are listed in Table 9. From Table 9 (a),
we can see that the variance of the residential load
increases in summer and winter when air conditioning
is frequently used. On the other hand, from Table 9 (b),
we can see that the variance of the PV output is larger
in autumn and winter when the weather is changeable.
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Figure 8: Histogram of hourly average load of cluster 4

Spring Summer Autumn Winter
Load Average | Standard | Average | Standard | Average | Standard | Average | Standard
kW] deviation [kW] deviation | [kW] | deviation kW] deviation
Cluster 1 | 0.3156 0.0755 0.3702 0.0938 0.3914 0.1035 0.4135 0.1281
Cluster 2 | 0.5176 0.0856 0.5938 0.1135 0.6472 0.1053 0.7268 0.1364
Cluster 3 | 0.6251 0.0970 0.6998 0.1553 0.8376 0.1003 1.0131 0.1410
Cluster 4 | 0.8413 0.1340 0.8740 0.1970 1.1517 0.1740 1.4878 0.2501
Cluster 5 | 1.3118 0.1747 1.2877 0.2647 1.6542 0.1750 21229 0.4752
(a) Residential load
Spring Summer Autumn Winter
PV Average | Standard | Average | Standard | Average | Standard | Average | Standard
output kW] deviation [kW] | deviation | [kW] | deviation [kW] deviation
Cluster 1 | 0.4710 0.0585 0.3609 0.0458 | 03035 | 0.0541 0.4494 0.0701
Cluster 2 | 0.5606 0.0529 0.4308 0.0429 | 03533 | 0.0489 0.5201 0.0614
Cluster 3 | 0.6636 0.0489 0.5044 0.0413 | 04276 | 0.0651 0.6284 0.0803
Cluster 4 | 0.6652 0.0434 0.5150 0.0322 04350 | 0.0466 0.6408 0.0594
Cluster § | 0.7542 0.0504 0.5853 0.0438 | 05190 | 0.0559 0.7555 0.0689
(b) PV output

Table 9: Average and standard deviation of each cluster

Assuming that the residential load and PV output are
normally-distributed, we have designed a versatile
model of the load and PV output by using the Box-
Muller method [16]. We have modeled the residential
load and PV output using the following expressions

rLoad = /- 21In(r,)sin(2zr, ) +1

“4)
rPV = a./—2In(r,)sin(2ar, ) +1
Load =rLoadx Load _ave (5)

PV =rPVxPV _ave

where «ais a coefficient of variance of each cluster in
each season. rLoad and rPV are numbers which follow
normal distribution of average 1 and standard deviation
a. r; and r, are random numbers between 0 and 1.
Load Ave and PV _Ave denote the averaged profiles of
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the residential load and PV output of each cluster, re-
spectively, as shown in Fig. 7.

3.3 Verification of proposed models

In this section, the computational results of simpli-
fied and proposed models have been compared. The
two-objective optimization in which the economic cost
and the CO, emission are chosen as objective functions,
was performed in mode 1 shown in Table. 6. The opti-
mization results are shown in Fig. 9. The Pareto front
of the proposed model is obviously different from that

of the simplified model.
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Figure 9: Results of two-objective optimization for 2 types
of residential load and PV output models

Fig. 10 shows the average values of the residential
load power in a day. Though the total electric demands
of both models are equivalent, the fluctuation profiles
of both models are different. In the proposed model, the
averaged load power profile becomes smooth as com-
pared to that of the simplified model because of the
variance of the residential load power.

Consequently, by using the proposed modeling me-
thod, we can appropriately account for the smoothing
effect in the residential load and PV output model,
which results in a practical solution corresponding to
actual conditions. Therefore, the following simulations
are carried out using the proposed residential load and
the PV output model.
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Figure 10: Average values of residential load in a day

4 COMPARISON AMONG OPERATION
MODES OF EV BATTERIES

Two-objective optimization was carried out in 3 op-
eration modes of the EV battery in Table 6 to clarify the
effects of the daytime charge of the EV battery and
V2H in the night. The optimization results are shown

in Fig. 11. The Pareto optimal solution of mode 3 is
better than those of other modes. In mode 3, we can
decrease the total capacity of stationary batteries be-
cause the EV batteries undertake the role of an energy
buffer through daytime charge and V2H in the night. In
other words, we can save the additional cost of statio-
nary batteries in (1).

Therefore, we finally carry out three-objective opti-
mization for the battery operation under the condition
of mode 3, in the next chapter.
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Figure 11: Results of two-objective optimization in 3 opera-
tion modes of EV battery

5 DATA MINING METHOD OF USEFUL
DESIGN INFORMATION

In this chapter, three-objective optimization, with the
added annual load factor, was carried out in mode 3,
which is the best operation mode of the EV battery.
Figs. 12 and 13 show the optimization results as graph
on the 3 axes. The distribution of Pareto optimal solu-
tions forms a planar and convex structure toward point
0.

Analysis of correlation among objective functions
and design variables is complicated because each Pare-
to solution has a number of components (15 compo-
nents, i.e., 3 objective functions and 12 design va-
riables). Thus, self-organizing map (SOM) is used to
obtain the correlation.
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Figure 12: Results of three-objective optimization
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Figure 13: Results of three-objective optimization (different
viewpoint from Fig.12)

5.1 Self-organizing map (SOM) [17]

SOM is a method to project multidimensional data in
two dimensions. It enables us to visually understand the
information contained in the data with ease because it
explains the relationship of multi-dimensional data as
the distance on a two-dimensional surface. Fig. 14
illustrates the concept of SOM.
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> W
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Input : Pareto solutions |7 s

Figure 14: Conceptual figure of algorithm of SOM

| Winner search

Here, an example of analysis by SOM is provided.
Three parameters have a relationship shown by the
pink line in Fig. 15, and the blue lines are two-
dimensional projections of the pink line. Line (a) ob-
viously indicates the trade-off and nonlinear relation-
ship between parameters 1 and 2. In addition, line (b)
shows the nonlinear and positive correlation between
parameters 1 and 3. Furthermore, the linear and nega-
tive correlation between parameters 2 and 3 can be read
from line (¢).

Parameter 3

Parameter 2

285
18 % Parameter 1

Figure 15: Example of 3 parameter relations

Fig. 16 shows the computational results of the appli-
cation of SOM to the above example. Each figure cor-
responds to the map of each parameter, i.e., a compo-
nent of data.

Good Bad
Low N I High

(a) Parameter 1 (b) Parameter 2 (¢) Parameter 3
Figure 16: SOMs of 3 parameters

From Fig. 16, the strong negative correlation be-
tween parameters 2 and 3 is easily understood because
the color of figure (b) is completely opposite to that of
figure (c). This relationship corresponds to the result of
line (c) in Fig. 15. Since the color of figure (a) is not
identical but similar to that of figure (c), we can see
that parameters 1 and 3 have positive and nonlinear
correlation. In a similar way, a trade-off and nonlinear
relationship between parameters 1 and 2 is understood.

Therefore, we can visually and easily extract the
beneficial information for designing, such as the corre-
lation among objective functions and design variables,
through the proposed approach.

5.2 Analysis of three-objective optimization results by
SOM

We applied the proposed method to the Pareto op-
timal solutions of three-objective optimization. 15
SOMs, 3 objective functions and 12 design variables,
were drawn. 7 maps of the objective functions and
design variables were selected from 15 maps, as shown
in Fig. 17. ¥V and A denote the minimum (good)
and the maximum (bad) points in the SOMs, respec-

tively. ' » . - .
!n a

(a) (OF)Economlc cost (b) (OF)CO, emlssmn (c) (OF)Annual load factor
w

(&

(e) (DV)Thres]mld
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EV battery of stationary baltery of stationary battery
T in spring
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‘m
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for discharge battery capacity
of stationary battery (capacity X number)
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Figure 17: Analysis of three-objective optimization results

First, the relationships among objective functions
were examined. Since the color pattern of figure (a) is
opposite to that of figures (b) and (c), the economic cost
is in almost negative correlation with the CO, emission
and the annual load factor. Additionally, the CO, emis-
sion and annual load factor have nearly positive corre-
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lation with each other whereas there is a slight differ-
ence between the color patterns of figures (b) and (c).

Next, the relationship among each objective function
and design variables is examined.
(1) Economic cost

The economic cost and the total stationary battery
capacity are in strong correlation because figures (a)
and (h) are very similar in color pattern.

In addition, focusing on circle A where the economic
cost is very good, we find that the threshold for the
charge of the EV battery should be set high to some
extent. This indicates that reducing the amount of
charged power supplied to the EV battery results in an
increase of the reversal power flow from PV to grid,
i.e., the increase in the income of the electric power
selling.

(i) CO, emissions

Figures (b) and (h) are obviously in negative correla-
tion. Therefore, it is very effective to increase the total
stationary battery capacity and charge a larger amount
of PV output for reducing the electric power from the
distribution network.

Additionally, focusing on circle B where the CO,
emission is low, we find that the threshold for the
charge of the stationary battery should be high to some
extent and the threshold for its discharge of in spring
should be low. This result indicates that we have to
adequately set the threshold for the charge of the sta-
tionary battery in accordance with the surplus PV pow-
er; the stationary battery’s capacity has to be secured
for the charge of PV output in the next day, especially
in spring when the amount of PV output is very large.
(ii1)  Annual load factor

In this optimization problem, the maximum total
load power is obtained at around 18:00 in winter.
Therefore, it is effective if the stationary battery dis-
charges to the residential load at the above mentioned
time for improving the annual load factor. Comparing
figures (c) and (g), we can find that there is an ade-
quate threshold value for the discharge of the stationary
battery in winter, i.e., the green colored area in figure
(8).

As seen above, the application of SOM makes it
possible to efficiently extract the design information for
improving the objective function values, which is useful
in designing the PV systems.

6 CONCLUSIONS

In this study, the optimal operation of the stationary
and EV batteries was investigated in a residential area
where PV systems were introduced in large quantities.
From the numerical results, the effectiveness of the
cooperative operation of stationary and EV batteries has
been presented.

In the computations, we proposed a novel method for
modeling the residential load and PV output. The pro-
posed method, based on the measured data from a na-

tional project in Japan, was also verified from the prac-
tical point of view.

Furthermore, the extraction of the system design in-
formation through the self-organizing map was also
shown for efficiently improving the objective function
values.

In the future work, we will investigate the stationary
battery operation including the weather forecast and
boost charge of EV batteries in a parking lot.
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