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ABSTRACT

With the development of renewable energy technology and the pursuit of sustainable development in the
construction industry, the design of direct-soft photovoltaic systems integrated with buildings has become
an important research direction. In this paper, a variety of photovoltaic power generation modules are
selected and combined with building roof functions to design a solar photovoltaic building integration
system. In addition, this paper constructs a multi-objective optimization configuration model, improves the
multi-objective particle swarm algorithm, and analyzes the optimization effect of the improved particle
swarm algorithm on the photovoltaic building integration system by using multiple sets of test functions
and evaluation indexes, combined with a number of experiments. The improved particle swarm algorithm
in this paper converges to the optimal value of 0.21 when iterating to 25 rounds. And with the increase of
the number of nodes, the optimized particle swarm algorithm, the distribution of node voltages in the
vicinity of the standard voltage. The PV building integrated system designed in this paper still has a
generation output efficiency higher than 85% after 20 years, which shows good stability of power
generation. And the power generation in its whole life cycle is about 1645710kwh, which greatly reduces
the consumption of conventional energy. In conclusion, the PV building integrated system in this paper
not only has significant advantages in terms of capacity efficiency, but also shows strong potential for
environmental protection.

Keywords: multi-objective optimization algorithm, improved particle swarm algorithm, Pareto solution set,
photovoltaic building integration

1. Introduction

Photovoltaic building integration is a design approach that integrates solar power (PV) technology into
buildings. It not only converts solar energy into electricity, but also serves as a part of the building material
with dual functions of power generation and construction [ 1-47. In recent years, with the increasing
demand for renewable energy and the deepening of the green building concept, photovoltaic building
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integration has gained widespread attention and application worldwide [ 5-77]. However, the development
of this field also faces some challenges, such as inconsistent technical standards and difticult design and
construction. Therefore, it is of great significance to establish a perfect standard system for PV building
integration to promote its healthy development [53-117.

The specific realization of photovoltaic building integration includes facade photovoltaic building
integration, roof photovoltaic building integration, shading photovoltaic building integration, and window
photovoltaic building integration [12-147. Photovoltaic building integration shows many advantages,
including saving land resources saving land resources, improving building energy utilization, beautifying
building appearance and reducing building carbon emissions [15-177]. In conclusion, PV building
integration is the combination of PV power generation system and building to realize the organic
integration of power generation and building functions. It is an important part of sustainable development
and green building, and has a broad application prospect [ 18-207.

This study proposes an integrated design method based on multi-objective optimization algorithm for
direct-flex photovoltaic (PV) buildings, which selects suitable PV power generation components such as
PV arrays, inverters, and batteries to be combined with building roofs, and realizes the integration of power
generation PV and roof functions (e.g., daylighting, heat insulation). In addition, this paper designs an
improved multi-objective particle swarm algorithm photovoltaic building optimization strategy, and
evaluates the optimization effect of the multi-objective particle swarm algorithm by using the ZDT2,
ZDT4, ZDT7 test functions, as well as the GD, SP, ER evaluation indexes in combination with simulation
experiments.

2. Solar-based integrated design for direct-flex photovoltaic buildings

2.1.  Solar photovoltaic systems

A system is capable of converting solar radiant energy into electrical energy through a combination of
components, with individual submembers interacting with each other. Among these sub-members, a
member called PN junction is the core of the whole device, which can move through the molecules and
photogenerated voltammetric eftect occurs. The schematic diagram of a solar cell is shown in Figure 1.
When the amount is greater than the energy at which the electrons are bound, the electrons escape, and
the increase in free electrons is followed by the creation of electron-hole pairs. In order to maintain the
balance of the field, the electric field acts as a supervisor to drive the free electrons towards the N-type
region and the holes are driven towards the P-type region, separating the two.
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Fig. 1. Solar cell power diagram
2.2.  Solar PV system architecture

2.2.1.  Photovoltaic arrays. Photovoltaic module array will be the photovoltaic cells to connect the work
of the complex, in accordance with the system requirements as well as user needs, series, parallel connection,
the formation of the array. Photovoltaic array is the main constituent element of the photovoltaic power
generation system, all components in the system are for its services, to his main in meeting their own
operational stability, reasonable configuration.

2.2.2.  Inverter. Inverters are used to transform the type of current and current-voltage difference of the
PV system. There are two ways to categorize inverters, one is to classify them according to the mode of
operation, the mode of operation is divided into grid-connected and independent, and named as such, they
are classified as grid-connected inverters and independently operated inverters. The other is according to
the output waveform, the output waveform has square wave and sine wave, will be divided into square
wave inverter and sine wave inverter.

2.2.3.  Storage batteries. Battery, as the name suggests, is a battery that saves electricity, similar to a
rechargeable battery. For photovoltaic systems, the requirements for the battery are very high, requiring
it to have: low self-discharge, high charging efficiency and good stability. Special attention is paid to the
grid-connected photovoltaic power generation system in the operation of the battery is not required, so
the battery only exists in the independent photovoltaic system

2.2.4.  System controller. The system controller, the core processor of the entire system, controls the
distribution of current in the PV system. The stronger the technology in the solar PV industry, the more
powerful the controller, which can integrate traditional building blocks with multiple roles.

2.3.  Integration of PV Modules with Building Roof Functions

Photovoltaic building integration, as a new whole design mode, is a holistic design of photovoltaic system
and building. It is mainly divided into two modes, one is Building AttachedPhotovoltaic (BAPV), which is
an ordinary PV module directly placed on the building and fixed on the building by physical or chemical
methods. The second is Building Integrated Photovoltaic (BIPV), which is the solar PV building
integration proposed in this paper. In BIPV can realize the PV system and the building to realize from the
design institute design at the beginning of the design, construction team construction at the same time
construction, installation team installation at the same time, completely PV system as a part of the building,
PV system and the building for integrated design.

2.3.1.  Integration of Photovoltaic Power Generation and Roof Lighting. In this paper, an integrated PV
roof structure based on the integration of PV modules and ETFE air pillow system is designed ETFE
membrane is a kind of membrane structure polymerized with ethylene and tetrafluoroethylene as raw
materials. As a new type of PV power generation and lighting integrated roof, this roof structure combines
the advantages of PV system and ETFE air pillow structure, the ETFE membrane structure has a high
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light transmittance, which ensures that the inner PV module receives enough solar radiation, and the
unique internal structure of the ETFE air pillow system also provides a layer of protective film for the
solar cells, so that the internal cells are protected from the wind and rain and other external unfavorable
tactors. The unique internal structure of the ETFE air pillow system also provides a protective film for the
solar cells, so that the internal cells are protected from the wind and rain and other external adverse factors.

2.3.2.  Integration of Photovoltaic Power Generation and Roof Ventilation and Cooling. In this paper,
the PV ventilation cavity is set to optimize the ventilation and heat dissipation function of the roof. In order
to increase the convective heat dissipation between the modules, reduce the battery temperature and
improve the thermal insulation performance of the roof, a ventilation chamber can be reserved between the
modules and the roof. The PV modules themselves can absorb most of the solar radiation, thus reducing
the direct sunlight to the roof, and the ventilation cavity can utilize the heat pressure and wind pressure to
discharge the hot air.

2.3.3.  Integration of Photovoltaic Power Generation and Roof Shading and Heat Insulation:

1) Installation of photovoltaic sunshade. The photovoltaic sunshade is not limited by the roof equipment,
and can form a complete power generation system, and the installation of photovoltaic sunshade can retain
the use of roof area, without affecting the power generation function on the premise of the roof above the
formation of a gray space that can be protected from the sun and rain, and increase the comfort of the roof
space.

2) Installation of additional photovoltaic panels. Additional photovoltaic panels can block most of the solar
radiation and convert it into electricity, lowering the indoor temperature and reducing the energy
consumption of air conditioning, as well as reducing the erosion of ultraviolet rays and other natural factors
on the root to extend the service life of the roof. And photovoltaic panels have the role of thermal insulation,
can slow down the heat conduction and absorption of the roof.

2.3.4. Integration of photovoltaic power generation and root” waterproofing:

1) Use of constructed photovoltaic tiles. PV tiles can make better use of the waterproofing of PV modules
without the need for sealing materials, and can be structurally waterproofed only by the lapping of the
components. Later maintenance is also more convenient, PV tiles can be replaced by a single piece of mobile
replacement, if there is damage to the component, it can be replaced by a single piece without the need to
dismantle all of them.

2) Photovoltaic racking infusion. The use of PV bracket infusion and other structural waterproofing
strategies, installed on both sides of the PV bracket water guide tank, usually using a combination of W-
guide and U-type water guide tank. As the water channel is prone to water return and leakage in case of
excessive drainage, additional waterproofing layer still needs to be laid below the base of the infusion
bracket in areas with heavy rainfall.

3. Optimization of photovoltaic building configuration based on improved multi-
objective particle swarm algorithm

3.1.  Multi-objective optimal allocation model for PV allocation
3.1.1. Mathematical models:

1) Total annual cost of PV. PV cost = purchase cost + annual maintenance fee. The total annual cost,
annual subsidy fee and annual revenue are calculated as in the following equation:
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Among them, va , C, and C_ are the annual total cost, annual subsidy fee and annual total revenue

of PV equipment, respectively, «, is the purchase cost of PV equipment, I' represents the discount rate,

pv

m,, represents the annual life of the equipment, P, is the total purchased power of PV, U is the

annual maintenance fee per unit of power of PV equipment, C_ is the subsidy cost of each unit of tariff,

g
C,, is the unit of feed-in tariff, and C,_ is the capacity factor.
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2) Active line loss of distribution network. Its calculation formula is as follows:
N
fiws =0, Gy (U +U7 =20 U cos(6, -0, )) 2)
k=1

where, f is the total active line loss of the system, N is the total number of lines in the distribution

loss

network, G;; theconductance fromnode i tonode j, U; and U; are the voltage magnitudes at node

I andnode j,and 6 and 6, are the phase angles at node i and node j, respectively.

3) Distribution grid voltage deviation. In this paper, the voltage deviation after the PV equipment is
connected to the distribution network is taken as one of the objective functions, and its specific formula is
as follows:

exp (3>

AU :i\ui—u
k=1

where, AU is the total active line loss of the system, U; is the total number of lines in the distribution

network, and U, is the conductance from node i tonode j.

3.1.2. Constraints:

1) Currents constraints. The calculations are shown below:

P, =U,> U, (G; cosg, +B;sing, )

(4)
Q. =U; > U,(G;sing, —B; cosd )

jei

G, and Bj represent the conductance and conductivity from node i to node j, U,

. . and Uj are

the magnitude of the voltage amplitude at node i andnode j, € and 6, are the phase angles at node

i and node ], respectively, and P, and Q, are the injected active and reactive power at node i and

node |, which are calculated as follows:

P, =P
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P
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are the active and reactive power when injected by node i and node j.

represent the active and reactive power consumed by node i and node j,and P
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2) Voltage range constraints:

min —

U, <U <U_ (6)

where U, and U_, represent the two extremes of the voltage allowed in the distribution network.

3) PV access point power constraint and total PV power constraint:

I:)ipv < Pimax
X (7)
z I:)ipv < Pmax
)
where, B, is the distribution node i PV equipment installation power, B, . is the maximum value of

distribution node i PV equipment installation power allowed, M is the total number of PV equipment

installation nodes, and P, is the total PV equipment installation power.

ax
3.2.  Multi-objective optimization

1) Objective function:

min f,(x)
min f, (x)

F= (8)

min f (x)
2) Constraints:
_a(x)<0
S't_{h(x):O} (9)

f, (X) is the objective function, ¢ (X) is the inequality constraints, and h (X) represents the equation

constraints. Multi-objective optimization is to find a Pareto solution that satisfies all constraints in the
domain of definition of X.

3.8.  Improved multi-objective particle swarm algorithm

3.3.1.  Elementary Particle Swarm Algorithm. The mathematical expression of a particle swarm is
defined as follows [21-227:

Assuming that L particles form a population in a D -dimensional search solution space, the position
of the i th particle in the mrd iteration is defined as:

Xim:(XiT’Xirgl---’XinI;)),i:11---1L (10>
The velocity of the ith particle in the mth iteration is defined as:
Vim:(ViT!Vinz]l---lvirg)ai:11---1L (11>

The historical best position of each particle in the mth iteration is defined as:
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Pim:(piT’pin;""’pirlg)’i:]'""'l‘ (12)
The historical best position of the entire particle population in the mth iteration is defined as:
S" =(50.55,.-Sip )i =1...,.L (13)
The position and velocity of the particle are updated by the following equation:
Vi = Vi "‘C1r1(pir|T<1 _Xirl?)"‘czrz (Slin _Xirl]:) (14)
Xt =xi +aviti=1,...,Lk=1...,D (15)

@ s representing inertia weights; C, and C, are representing individual acceleration factors and

population acceleration factors; I, and r, are random numbers between 0 and 1, respectively; and « is
known as the constraint factor.

3.3.2.  Algorithmic topology. The following figure reflects the different ways in which particles
communicate with each other, and the variety of particles connected to each other shows the variety of
particle-to-particle communication [237]. The particle swarm topology is shown in Fig. 2.
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Fig. 2. Particle topology
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<V

Assuming that the position vector crosses the boundaries of the search, in this paper we use the reset
method as a solution, i.e., randomly resetting the particle once it flies out of the allowed search space.

3.3.3.  Handling of out-of-bounds particles. The velocity of the particle at the time of update ‘Vi”l

3.3.4.  Algorithm parameter selection:
1) Number of particles: generally takes the value of 30 to 40.

2) Particle velocity: randomized with the purpose of allowing the particles to vary moment to moment in
the decision space.

3) Learning factor: the parameters of C1, C2 control the optimal learning towards itself and globally,
respectively.

4) Inertia weights: when @>1, the acceleration of the particles becomes larger, when @w<1 the
acceleration of the particles becomes smaller, and it is found that we [0.8,1.2] converges well. Nowadays
most of the schemes used are linearly decreasing and the value of @ can fluctuate from 0.9 to 0.4. The
expression is given below:

(O(t) = i~ Cens (Tmax _1) + Oy (16)

max

where T, is defined as the maximum number of iterations; @, is the initial weight; and @, is the

weight value at T .

3.3.5. Improved multi-objective particle swarm algorithm. The particle swarm algorithm based on
Pareto algorithm can be combined with multi-objective optimization to solve multi-objective optimization
problems [24-257. Divided into the following steps, the flow of the improved particle swarm algorithm is
shown in Figure 3.

1) Selection of individual optimal solution.

2) Selection of population optimal solution.

3) Acquisition and maintenance of Pareto solution set.
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Fig. 3. Improves the flowchart of particle swarm algorithm

3.4.  Multi-objective optimization of test functions and evaluation metrics

In order to have a better comparison of the algorithms, the test functions ZDT2, ZDT4, and ZDT7 are
introduced in this paper with the following expressions:
7ZDT2 with convex Pareto front:

() =x

g(x)=1+9 ixi (n-1)

h( f1’g):1_ fl/g

ZDT4 consisting of a plurality of discontinuous convex surfaces:

f,(X) =%

g(x):1+9(2xij/(n—l)
h(f.g)=1-\f,/g-f/gsin(107f)

(17)

(18)



26 XUET AL.

The target space is not uniformly distributed ZDT7:

f,(x) =1-e *sin® (67

g(x)=1+9{3zolxi/(n—1)} (19)

h(f,9)=1-(f/g)

In addition, the following models were used as evaluation metrics:
1) GD Measure
The metrics for evaluating the distance between the Pareto frontier and the true frontier are expressed

GD = /%Zn:df (20)

d =minj(i\fki(x)—fki(x)U,i,j=1,2...n (21)

as follows:

where n represents the number of non-inferior solutions and m represents the number of objective
functions.

2) SP Measure

The specific metrics for determining the uniform distribution of the sought solution set are expressed as
tollows:

1l &/ 2

i=1

X! (29)

i=1

d=

S|

3) ER Measure
It is used to record the magnitude of the proportion of non-inferior solutions obtained by the algorithm
that do not belong to the true frontier, with the following expression:

>

&

c 24

ER ( X ) _ =l ( )
n

where € =0 indicates that non-inferiority belongs to the truest frontier, and once it tends to 1 more and

more it indicates less and less true.

4. Multi-objective optimization algorithm for photovoltaic building integration
system application analysis

4.1.  Multi-objective optimization analysis based on improved particle swarm algorithm

In order to verify the effectiveness of the adopted improved multi-objective particle swarm algorithm in
the configuration of photovoltaic (PV) equipment in the distribution network, this paper simulates and
analyzes the configuration of PV equipment using the IEEE-33 distribution network node.

The particle swarm algorithm program is written and tested on Matlab with the following parameter
settings: particle swarm algorithm N=100, maximum number of iterations k=200, learning factor
C1=C2=1, inertia weights @ = [0.4,0.97.
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Figure 4 shows the convergence results of the objective function of the multi-objective function model.
Fig. 5 demonstrates the comparison of node voltages for the multi-objective function model.

From Fig. 4, it can be seen that the improved particle swarm algorithm has better results than the
standard particle swarm algorithm, which converges to the optimal value of 0.31 in the 90th iteration,
while the improved particle swarm algorithm converges to the optimal value of 0.21 in the 25th iteration,
thus realizing the goal of reducing the network loss and the deviation of the node voltage.

Unoptimized particle swarm algorithm
Optimized particle swarm algorithm
B—

1.0

S
0

0.6

Target function value

150
Epochs 200

Fig. 4. The result of the target function

Simulation experiments show that the improved PSO algorithm converges more efficiently than the
standard PSO algorithm and has higher accuracy when solving the reactive power optimization problem
of distribution networks with DG.

From the data in Fig. 5, it can be seen that with the increase of the number of nodes in the three models,
the voltage shows the trend of “decrease-recovery-decrease”. The voltage of the unincorporated
photovoltaic with the increase in the number of nodes has a larger downward trend, when the number of
nodes is 14, the voltage is as low as 0.097. When the number of nodes is increased to 25, the optimized
particle swarm algorithm, the node voltage is in the vicinity of the standard voltage, which is in line with
the voltage standard, and has a positive significance on the maintenance of the stability of the power system.

Unphotovoltaic
Unoptimized particle swarm algorithm
1.0+ Optimized particle swarm algorithm
0.8
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&
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>
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0.0 T T T
0 10 20 30 40
Nodes

Fig. 5. Multi-objective function model node voltage contrast diagram
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4.2.  Stmulation experimental results of multi-objective particle swarm algorithm

In order to evaluate the performance of the multi-objective optimization algorithm more objectively, this
section will test the particle swarm algorithm using the test function, draw the distribution of the
nondominated solution set obtained by the final optimization of the algorithm and the real Pareto front of
the test function respectively, and visually compare the gap existing between them.

Set the maximum size of the Pareto solution set as 200, run the improved multi-objective particle
algorithm, and get the Pareto solution set as shown in Figure 6. From the figure, it can be seen that the
solutions in the Pareto solution set have smaller and smaller network losses and voltage deviations as the
total annual cost of PV increases. For example, when the total annual PV cost increases from 2 to 38, the
network loss decreases from 0.049 to 0.021.
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Fig. 6. Pareto solution set

The multi-objective optimization algorithm is tested using the three test functions mentioned above, i.e.,
ZDT2, ZDT4, and ZDT7, with a population size of N = 100, and 500 iterations uniformly on each test
function, and the distribution of the solution set in the objective space is plotted by comparing the results
obtained with the true Pareto frontiers of these test functions, and the distributions of the test functions
on f1 and {2 are shown in Fig. 7.

It is obvious from the distribution plots of the true Pareto frontiers of the above three test functions and
the non-dominated solution set obtained by the algorithm that the multi-objective optimization algorithm
has a relatively uniform distribution of the solutions on the above three test functions and is distributed
over the entire true Pareto front surface. It proves the powertul ability of the algorithm proposed in this

paper.
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Using the algorithm of this paper, 50 tests were conducted for ZDT2, ZDT4, and ZDT7 test functions
respectively, and the measured values of GD, SP, and ER in the tests were recorded and their average
values were calculated. The average values of the evaluation index measurements are shown in Table 1.

As can be seen from the table, such as ZDT2, ZDT4, ZDT7 on the GD for 50 tests of the mean value of
0.0053, 0.0061, 0.0057, respectively, on the three test functions, the mean value of the two evaluation
indicators of the GD, SP tends to 0, indicating that the non-inferiority of the algorithms proposed in this
chapter sought non-inferiority of the solution is more in line with the actual frontier in. And the ER
measures of the three test functions are close to infinitesimal, indicating that the non-inferiority solutions
solved by the algorithm proposed in this paper are real. It indicates that the algorithm in this paper
converges more accurately in the real Pareto frontiers.

Table 1. Evaluation index measure

ZTD2 ZTD4 7ZTD7
GD 0.0053 0.0061 0.0057
SP 0.0024 0.0075 0.0033
ER 0.0005 0.0003 0.0007

4.8.  Pareto non-dominated solution set assignment analysis

For the building multi-objective optimization decision-making problem, the weight value reflects the
relative importance between different optimization objectives, and the correct selection and use of weight
coefficients for different decision-making problems can ensure the operability of the decision-making
process and the credibility of the decision-making results.

In order to verify the performance of the improved particle swarm algorithm in PV building integration
design, this section compares it with common assignment methods, entropy weight method, CRITIC
method, and hierarchical analysis method. Four assignment methods are used to assign the Pareto
nondominated solution set, including the building whole life cycle carbon emissions (WC), building
operation energy consumption (WE), and the percentage of all-natural lighting (WDA).The assignment
results of the Pareto nondominated solution set are shown below in Fig. s.

From the data in Figure 3, it can be intuitively seen that with the change of the assignment method, the
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weights of the indicators obtained from the calculation also change. For example, the weights calculated
by the algorithm of this paper, entropy weight method, CRITIC method, and hierarchical analysis method
on the carbon emissions of the whole life cycle of the building are 0.516, 0.496, 0.648, 0.434, respectively.In
addition, the weight coefficients of the CRITIC method in the Pareto nondominated solution set are not
uniformly distributed, which is because the method only considers data similarity between different
objectives when determining the weights, and does not consider the importance of the indicators. Similarity
and does not consider the indicator importance.

For the same decision problem, the uniformity of the weight distribution of each optimization objective
can reflect the advantages and disadvantages of the assighment method used: the uniformity of the weight
distribution can avoid over-emphasis on the influence of a single indicator on the results, which can help
the decision maker to consider the problem more comprehensively, and ensure the fairness and objectivity
of the decision-making process, which is more in line with the decision maker's expectations.
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Fig. 8. The result of the empowerment of the pareto non-dominant solution

4.4.  Annual Capacity Effectiveness Analysis of Photovoltaic Building Integration Systems

In order to verify the effect of the capacity of the solar PV building integrated system designed in this
paper, this section utilizes PVsyst to simulate the power generation of the BIPV system on the rooftop of
this scheme.

The project is located in a university campus in a district of a city in a province. The east and west sides
of the site are large green areas, the south and west sides are adjacent to the school river, and the traffic is
mainly connected to the main campus road through the south side branch road. The irradiation amount of
this area is about 1150-1500 kW-h/m?, which belongs to the area rich in solar energy resources and has
good value for solar energy utilization and development. The project has a total building area of 3150m?,
building height of 16.7m, main body of 4 floors, local 3 floors, mainly for teachers and graduate students
to conduct scientific research experiments, training and teaching. The building form is a frame structure,
and the service life of the building is 40 years. The roof of the building is flat.

The monthly distribution of power generation from the BIPV system is shown in Figure 9. From the
distribution of power generation, the overall power generation of the BIPV system varies greatly from
month to month, with January being the trough of power generation, mainly due to the influence of weather
and poor radiation conditions, and the roof power generation is the largest in August, which is 13,710kwh.
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Fig. 9. The BIPV system generates monthly distribution of electricity generation

In addition, according to the manufacturer's product information, the attenuation rate of PV modules is
around 1.7% in the first year, and the average annual attenuation rate is around 0.5% from the next year
onwards, and the power generation output efficiency of PV modules is predicted in this section for 20 years.
The PV module decay rate and power generation output prediction is shown in Figure 10. From the figure,
it can be seen that after 20 years, the attenuation rate of PV module is 13.27%, and the output efficiency is
not less than 85%. And the full life cycle power generation output of BIPV is about 1645710kwh.
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Fig. 10. Photovoltaic component attenuation rate and output forecast

5. Conclusion

This paper utilizes a variety of photovoltaic (PV) power generation modules in combination with buildings,
aiming to realize the integration of PV power generation with roof lighting, cooling, and heat insulation.
A multi-objective optimization model of PV configuration is constructed, the multi-objective particle
swarm algorithm is improved, and its performance in the PV building integration system is evaluated and
analyzed by using test functions and evaluation indexes, combined with simulation experiments.

1) The improved particle swarm algorithm in this paper converges to 0.21 when iterating to 25 rounds,
which reduces the network loss and node voltage deviation. The optimized particle swarm algorithm, with
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the increase of nodes, its node voltage reaches the standard of voltage.

2) The total annual cost of PV increases, and both network loss and voltage deviation are reduced. And
the solution of this paper's algorithm on ZTD2, ZTD4, ZTD?7 test function is distributed on the real Pareto
front surface. The evaluation value of the three test functions on the GD evaluation index is 0.0053, 0.0061,
0.0057 respectively.

3) The weight coefficients derived from this paper's algorithm on the Pareto nondominated solution set
are uniformly distributed, such as 0.516, 0.377, and 0.461 for the weights on the whole life cycle carbon
emissions (WC) of the building, the building operation energy consumption (WE), and the percentage of
all-natural daylighting (WDA), respectively.

4) In this paper, the PV building integrated system, the output efficiency of the PV module is still higher
than 85% for 20 years, and its full life cycle power generation is about 1645710kwh.
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