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Abstract:
Background:
In the renewable energy investment market, there are risks such as fossil fuel price fluctuations, environmental risks caused by
pollutant emissions, electricity price fluctuations caused by energy policies, and so on, which bring certain difficulties to measure the
investment efficiency.
Methods:
In this regard, the paper applies the portfolio theory to the Data Envelopment Analysis (DEA) model to evaluate investment
efficiency. First of all, the Monte Carlo method is used to simulate the four uncertain factors of fuel unit price, feed-in tariff, annual
operating hours, and carbon price, so as to quantitatively measure the risk and return of different power generation. According to the
portfolio theory, it evaluates the portfolio risks and returns, respectively as input and output indicators, so as to build a Data
Envelopment Analysis (DEA) model to estimate investment efficiency.
Conclusion:
The simulation and experimental results demonstrate the effectiveness of the presented method. In details, we select a poor efficiency
sample, and then, we propose an optimization measure to improve the efficiency. By adjusting the proportion of its investment, the
result proves that increasing the proportion of renewable energy can realize optimization and validity of renewable energy
investment. Thus, it provides auxiliary support for the investment decision of renewable energy and realizes the coordinated
allocation and efficient utilization of renewable energy.
Keywords: Renewable energy, Uncertain conditions, Portfolio theory, Investment efficiency, Data Envelopment Analysis, Monte
Carlo.

1. INTRODUCTION
With the shortage of fossil energy, more and more countries are facing the challenge of energy supply, especially
the power industry. According to the “2017 Global Renewable Energy Development Report,” we can see that the new
capacity of the global renewable energy power was reinvented to reach 161GW in 2017. China was ranked first in the
world in terms of renewable energy investment and installed capacity, which means that China has great potential for
renewable energy investment. However, the uncertainty and risk of current coal-based power generation structures are
gradually emerging. It is mainly reflected in the following three points.
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1.1. Price Fluctuation Risk
There is a contradiction between coal price changes and electricity price control after “coal and electricity linkage”.
Since 2009, domestic coal prices have continued to rise and have been operating at a high level, leading excessive
growth in fuel costs. The profits of domestic power generation companies, which rely mainly on thermal power, have
fallen sharply, even large losses, resulting in increased business risk. Therefore, price fluctuations bring certain
uncertainty to power generation investment.
1.2. Environmental Risk of Emissions
The coal-power-based power structure has brought a large amount of greenhouse gas and pollutant emissions. The
environmental costs have risen dramatically, which brings great risks to the sustainable development of contemporary
society. Moreover, in recent years, the carbon price policy has been regarded as an important means to cope with
climate change. In the future, it is possible to influence power generation investment decisions through mandatory
restrictions or carbon trading.
1.3. Renewable Energy Policy Risk
China's renewable energy investment has developed well, thanks to strong government support and subsidy policies,
as well as the overall strength of the entire industry. The National Development and Reform Commission formulates
tariff subsidies for renewable energy such as wind power, photovoltaic power, biomass power, etc. The changes in
national policies may stimulate the increase of electricity prices, meanwhile, promote the progress of the renewable
energy technology industry. In the changing market environment, renewable energy policy makes the electricity price
subject to huge uncertainty.
Faced with uncertainty in the future energy market, renewable energy has obvious advantages due to its universality
and availability. The environmental cost is almost zero and the investment risk is low, because it is unaffected by the
price fluctuation of fossil fuel and the clean and pollution-free characteristics. Studies have shown that diversified
portfolios can achieve risk hedging and neutralization. Li Ranran [1] applied the investment portfolio theory to China's
power generation portfolio optimization, combined with renewable energy price subsidies to study the optimal power
generation portfolio under different tariffs and carbon taxes, and proposed that diversified power generation methods
based on renewable energy generation can reduce overall power generation portfolio risk; Bhattacharya [2] used
Japanese data as an example to study the effects of different levels of electricity prices, carbon taxes, plant size and
market size on the optimal power generation portfolio, and analyzed that the introduction of renewable energy
investments can reduce system risks. Edelarue [3] proposed that the introduction of wind power generation can also
reduce the risk, considering the variability of wind power and the climbing ability of conventional power plants.
For the uncertainty of the investment portfolio, domestic and foreign scholars have also conducted corresponding
researches. Roques et al. [4] utilized Monte Carlo to simulate the benefits of natural gas, coal and nuclear power plants,
and then used the results in a portfolio model to study the effective power generation mix of large-scale power plants in
the free electricity market. Fuss et al. [5] introduced the mean-variance-combination theory into the real options
evaluation framework to analyze the impact of market, technology, social and economic uncertainties on the investment
decisions of power plants. Zeng Ming et al. [6] applied the Monte Carlo simulation method to construct a probability
distribution of various uncertainties, including capital cost, fuel, carbon price and load demand, and then the uncertainty
was integrated into the portfolio analysis.
The above studies mainly focused on the investment risks and returns, but investment efficiency is a key indicator
for measuring the appropriateness of resource allocation. There have been a lot of researches about it at home and
abroad. Zhou Zhongbao and Ding Hui [7] used the data-based portfolio DEA model to construct the frontier surface,
and studied the efficiency evaluation of portfolios considering transaction costs. Angelelli E et al. [8] used CVar and
mean absolute deviation to measure risk respectively, and established a corresponding mixed integer linear
programming model, Optimizing the portfolio of securities; Yu and Lee [9] proposed a series of multi-objective
programming methods to guide investment decisions under the V-type transaction costs, to determine the portfolio
model and obtain the optimal solution through fuzzy multi-objective planning; Moeini [10] considered the gradual
increase of transaction cost to form a situation similar to multifaceted convex function, and constructed the
corresponding portfolio model.
Through the above analysis, we can see that researches on investment efficiency mainly concentrated in the field of
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securities investment, and rarely involved in the field of renewable energy investment; In addition, they were based on
complex mathematical derivation, and the real frontier was difficult to obtain, which brought great difficulties for the
calculation of portfolio efficiency. So, DEA is introduced to assess portfolio efficiency based on real frontiers.The
innovation of this paper is the application of DEA method to the renewable energy field, it can expand the application
field of DEA, which provides a simple measurement method for renewable energy portfolio efficiency; This paper
applies the portfolio theory to the DEA model, defines the portfolio efficiency based on the investment efficiency, and
uses Monte Carlo simulation to simulate the risk and return of different power generation portfolio.
The second part of the article is on the basis of the traditional deterministic model, and uses the Monte Carlo method
to simulate four uncertain factors: fuel price, feed-in tariff, annual operating hours, carbon price, and quantitatively
measures the risks and returns of different power generation. The third part is based on the DEA model and takes seven
regions of North China, Northeast China, East China, Central China, Northwestern China, South China, and China as
the research object. It considers the ratio of newly installed power generation capacity as a portfolio. The DEA model is
constructed by combining risk and return as input and output indicators. The simulation and experimental results
demonstrate the versatility and practicality of the model. Further, by analyzing the investment efficiency, it puts forward
optimization measures, which provide certain auxiliary decision-making for optimizing renewable energy investment;
Section 4 presents the corresponding conclusion.
2. MATERIAL AND METHODS
2.1. Deterministic Model Construction
2.1.1. Measurement of Power Generation Cost
In this paper, the total power generation cost of various power generation methods consists of three parts:
production cost, external cost and CO2 cost.
2.1.1.1. Production Cost
The production cost depends on factors such as construction costs, fuel costs, operating and maintenance costs,
finance costs and operating hours, mainly includes investment costs, operation and maintenance costs and fuel costs in
three parts. The cost of power generation as shown in Eq. (1):

c

Ia
H



co

(1)

 ks  p

H

Where I is the initial investment cost of power generation (yuan / kW), H donates the annual operating hours (h), a
is the present value of annuity, co represents the operation and maintenance costs (yuan / kW), ks is the unit of
electricity consumption (kg / kWh), p is the fuel unit price (yuan / kg).
The data of different power plants are shown in Table 1, of which thermal, nuclear, hydropower, wind power and
solar power data, respectively, are estimated according to the literature [11 - 15].
Table 1. Production costs of different power generation.
–

Thermal

Nuclear

Hydro

Wind

Solar

Initial investment cost(yuan /kW)

5000

12688

3000

8300

13000

Service life(year)

25

40

25

20

25

Present value of annuity coefficient

0.110

0.102

0.110

0.117

0.110

Annual operating hours(h)

5000

7000

4500

2500

1500

Operating and maintenance costs (yuan /kW)

175

650

200

415

500

Fuel unit price (yuan/kg)

0.6

/

/

/

/

Fuel consumption(kg/kwh)

0.340

/

/

/

/

Production cost (yuan /kwh)

0.349

0.278

0.118

0.556

1.288

2.1.1.2. External Cost
The external cost is the environmental cost, which is the cost of the enterprise in order to avoid the economic loss.
In this paper, we use the method of literature [16] to calculate the unit environmental cost of pollutants by Ecosense
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model. By calculating the emissions of nitrogen oxides, sulfides, soot and other pollutants, the environmental costs of
various power generation are estimated as shown in Table 2.
Table 2. External costs of different power generation.
–

Thermal

Nuclear

Hydro

Wind

Solar

External cost(yuan/kwh)

0.2176

0.0200

0.0137

0.0060

0.0094

2.1.1.3. CO2 Cost
Greenhouse gas emissions will be caused by the use of equipment and fuel consumption in the whole life cycle of
construction, operation and retirement. Yet, the generation mode of renewable energy can reduce the consumption of
fossil fuels, cut down the emission of greenhouse gases, and decrease the cost of power generation to a certain extent.
The CO2 cost is calculated by Eq. (2).
CO2 Cost = CO2 Emission Factor × Carbon Price

(2)

Where CO2 emission factor is the CO2 emissions per unit of power generation, which cites the reference [17]. With
the increase of carbon emission reduction pressure, it is possible to introduce a carbon tax in the future. The paper uses
carbon tax instead of carbon cost. According to the proposal of China's Ministry of Environmental Planning Institute,
20 yuan per ton of CO2 emissions is taxed at the initial stage. Table 3 depicts the CO2 costs of different types of power
generation.
Table 3. CO2 costs of different power generation.
–

Thermal

Nuclear

Hydro

Wind

Solar

CO2 Emission factor(kg/kWh)

1.075

0.020

0.023

0.007

0.050

Carbon price(yuan/t)

20

20

20

20

20

CO2 cost(yuan/kwh)

0.0215

0.0004

0.00045

0.00013

0.001

The power generation costs of five different types are summarized in Table 4.
Table 4. Power generation costs of different power generation.
–

Thermal

Nuclear

Hydro

Wind

Solar

Production cost (yuan /kwh)

0.3490

0.2780

0.1180

0.5560

1.2880

External cost(yuan/kwh)

0.2176

0.0200

0.0137

0.0060

0.0094

CO2 cost(yuan/kwh)

0.0215

0.0004

0.0005

0.0001

0.0010

Power generation cost(yuan/kwh)

0.5883

0.2986

0.1320

0.5621

1.2985

2.1.2. Measurement of Power Generation Return
Due to the imperfect market mechanism, the generation cost of renewable energy is higher than the conventional
energy, so renewable energy such as hydropower, wind and solar power need to be subsidized by the National
Renewable Energy Development Fund.
The revenue of conventional power generation (including thermal power and nuclear power) are obtained by the
Eq.(3). Otherwise, the return of renewable energy generation is calculated by the Eq.(4). Different types of power
generation have different subsidy policies. Table 5 summarizes the feed-in tariffs and subsidies for renewable energy in
China and shows the benefits of various power generation, based on the literature [18].
Revenue = Feed-in tariff − Power Generation Cost

(3)

Revenue = Feed-in tariff − Power Generation Cost + Subsidies

(4)

Table 5. Return of different power generation.
–

Thermal

Nuclear

Hydro

Wind

Feed-in tariff(yuan/kwh)

0.60

0.60

0.30

0.80

Solar
1.15

Power generation cost(yuan/kwh)

0.5883

0.2986

0.1320

0.5621

1.2985
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–

Thermal

Nuclear

Hydro

Wind

Solar

Subsidy(yuan/kwh)

/

/

/

0.22

0.9367

Return(yuan/kwh)

0.0117

0.3014

0.1680

0.4579

0.7882

2.2. Risk and Return Measurements Taking into Account Uncertainty Factors
The above model of power generation revenue is a deterministic model, in which each variable is fixed. However, in
the actual production and operation, various power generation technologies will have great uncertainty in the power
supply. Based on the deterministic investment model, we introduce the fuel unit price, feed-in tariffs, annual operating
hours and carbon price as uncertain factors, using Monte Carlo Method to construct uncertainty risk and return model.
The basic steps are as follows:
(1) Building a probability distribution model of various uncertainties. For the uncertainties, the best probability
distribution parameters are fitted according to their respective historical data.
(2) Using Monte Carlo method to simulate the data. This paper uses Crystal Ball simulation software. The Monte
Carlo simulation will be performed using the Latin Hypercube sampling algorithm to solve the above optimization
problem [19, 20]. The whole optimization process, based on the mathematical search algorithm, runs the spreadsheet
data until the set running times and finally produces the predicted value.
Through the simulation of uncertainties, we can get the average and standard deviation of return of different power
generation. In this paper, we measure the return by the average and weigh the risk by the standard deviation.
2.3. DEA Portfolio Efficiency Evaluation
Data Envelopment Analysis (DEA) is a common method to evaluate the efficiency of portfolio based on the true
frontier, mainly including the Constant Returns to Scale (CRS) and Variable Returns to Scale (VRS) model. The
efficiency calculated by CRS model is called the Technical Efficiency (TE), which includes the component of scale
efficiency; The efficiency obtained from VRS model is known as pure technical efficiency (PTE), excluding the impact
of scale [21 - 23]. By comparing the efficiency values of VRS and CRS, the Scale Efficiency (SE) can be separated, as
described in Eq. (5).
SE=TE/PTE

(5)

This CRS model based on input is commonly used to evaluate TE. A detailed description of the methodology is here
presented:

m in 
n

  i xi   x0
i 1

n

s .t . 
 i yi  y 0
i 1

  i  0( i  1, 2, ..., n )



Where x is the input index, y is the output index, (x0, y0 ) represents the Decision Making Unit (DMU) to be
evaluated. Using the model to evaluate DMU, we can get the DEA efficiency. At present, portfolio theory is applied to
the DEA model [24]. There are n power generation portfolios, i.e.M1 (σ1, r1),
M2 (σ2, r2),…,Mi (σi, ri), …,Mn (σn, rn). Where σi and ri respectively represent the risk and return of the ith power
generation technology. According to the newly installed capacity proportion, a portfolio of five power generation
technologies is constructed including thermal, nuclear, hydropower, wind and solar power generation. In order to
evaluate the portfolio in different regions, the paper describes renewable energy portfolio with combined expected
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n

return E(rj) and portfolio risk V(rj), as depicted in Eq.(6) and Eq.(7), where

t

ij

 1, j  1, 2, ..., m

i 1

.

n

E (rj ) 

t

r

(6)

i

(7)

ij i

i 1

n

V (rj ) 

t

ij

i 1

Assuming there are m DMUs, that is, m kinds of combinations, and count these m points as,
n

n

n

n

n

n

Q1 (  t i1 i ,  t i1 r i ) ， Q 2 (  t i 2  i ,  t i 2 r i ) … Q m (  t im  i ,  t im r i ) . Now, V(r )
j

and E(rj), respectively,
.
j
j
represent for the input and output indicators for the jth DMU. The validity of DMU Qj can be evaluated as follows:
i 1

i 1

i 1

i 1

i 1

i 1
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n
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  i  ij i
j 1
i 1
i 1

m
n
n
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 j  0 (j  1, 2, ..., m )



Similar method is used to calculate the PTE on the basis of input VRS model, which is different from CRS that
n

constraint



i

 1 is added. According to the two models, two kinds of efficiency states can be obtained. When θ

i 1

equals 1, it indicates that the investment unit is valid; and when θ is not equal to 1, namely, the investment unit is
invalid.
3. EMPIRICAL ANALYSIS
3.1. Basic Data Preparation
On the basis of the deterministic model in chapter 2, the risk and income model, which considers the uncertain
factors, is first built.According to the model construction steps, firstly, the probability distribution model is established
considering the uncertain factors. According to the historical data, field investigation and advice from different types of
power plants, the distribution of fuel unit price, electricity price and annual running hours is shown in Table 6.
Table 6. Probability distribution of uncertain factors.
Uncertain factors

Probability distribution

Fuel unit price

Logarithmic normal

Feed-in tariff

Trigonometric

Annual operating hour

Uniform

Because of the change of carbon price, we use the existing data to simulate the distribution of carbon price on the
basis of the trend of European Union (EU) carbon emission fluctuation. Based on the EU carbon price of European
Climate Exchange, the carbon price within one month from April 17, 2017 to May 17, 2017 is selected as the basic data.
It can be seen in Fig. (1). Then, simulations are performed using Monte Carlo software to obtain the distribution, as
shown in Table 7.

58 The Open Electrical & Electronic Engineering Journal, 2018, Volume 12

Yi et al.

Fig. (1). Carbon emissions trading prices of European Climate Exchange.
Table 7. Carbon price distribution comparison table.
Distribution

Chi-square

P

Parameter

Sort

Lognorma

0.3

2.40

position = 4.32, mean = 4.75, standard deviation = 0.66

1

Maximum Extrema

2.8

0.09

Probable Value = 4.56, Scale = 0.27

2

Pareto

4

0.04

Location = 4.32, Shape = 11.18

3

Students T

6

---

midpoint = 4.76, scale = 0.25, degree of freedom = 1.01

4

BetaPERT

7.2

---

minimum = 4.26, most likely = 4.34, maximum = 8.18

5

Weibull

8.8

---

Position = 4.34, Scale = 0.31, Shape = 0.64

6

Chi-square test is used to sort out the distribution, which is the method of deviating the actual sample from the
theoretical inference [25]. The discrepancy between actual observation and theoretical inference determines the size of
the chi-square value. The larger the chi-square value, the less consistent, and vice versa [26]. It can be seen in Table 8
that the carbon price obeys the lognormal distribution and the parameters are: mean value = 4.75, standard deviation =
0.66. To sum up, the probability distribution of uncertain factors of different power generation can be obtained, as
described in Table 8.
Table 8. Probability distribution of uncertainty factors for different power generation.
Uncertain factors

distribution

Thermal

Nuclear

Hydro

Wind

Solar

Fuel unit price

Logarithmic normal

Mean =0.6 standard
deviation =0.06

/

/

/

/

Carbon price

Logarithmic normal

Maximum value
=0.66
Minimum value
=0.54
Most likely value
=0.6

Maximum value
=0.36
Minimum value
=0.24
Most likely value
=0.3

maximum value maximum value
=0.86
=1.27
Minimum value
Minimum value
=0.74
=1.04
Most likely value Most likely value
=0.8
=1.15

maximum value
=6000
Minimum value
=7000

maximum value
=4000
Minimum value
=5000

maximum value
=1500
Minimum value
=2500

Mean =4.75, standard deviation =0.66

Feed-in tariff

Trigonometric

Maximum value =0.66
Minimum value =0.54
Most likely value =0.6

Annual operating
hour

Uniform

Maximum value =4500
Minimum value =5500

maximum value
=1000
Minimum value
=2000

Secondly, the Monte Carlo method is used to simulate the data. In this paper, the number of simulations N is 5000.
After running 5000 times with Crystal Ball software, statistical analysis of the results sets is carried out, as shown in
Table 9.
Table 9. Statistics of return for different power generation.
Statistical Characteristic

Thermal

Nuclear

Hydro

Wind

Solar

Average

-0.0032

0.2794

0.1671

0.3039

0.5327

Standard deviation

0.0334

0.0284

0.0259

0.1063

0.2802
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When constructing DEA efficiency evaluation model, this paper chooses the newly installed capacity of seven
different regions in North China, Northeast China, East China, Central China, Northwest, South China and the whole
country as the research object.According to the “China Electric Power Industry Annual Development Report”
published by the China Electricity Council (CEC) in August 2017, by the end of 2016, new installed capacity in the
different region is depicted in Fig. (2).

Fig. (2). New installed capacity ratio of sub-regional type in 2016.

According to different power generation installed capacity proportion as shown in Fig. (2), combining Eq.(6) and
Eq.(7), a portfolio of five power generation technologies is constructed, including thermal power, nuclear power,
hydropower, wind power and solar power. The return and risk of seven portfolio DMUs in North China, Northeast
China, East China, Central China, Northwest, South China and whole country data as shown in Table 10.
Table 10. Risk and return of Portfolios of different power generation in seven regions.
No.

Area

Return

Risk

No.1

North China

26.05%

10.14%

No.2

Northeast China

39.73%

9.77%

No.3

East China

30.44%

10.61%

No.4

Central China

35.51%

11.68%

No.5

Northwest

38.08%

12.88%

No.6

South China

14.87%

3.93%

No .7

whole country

38.42%

8.81%

3.2. Analysis of Simulation Results
The paper evaluates portfolio efficiency using Max DEA software, taking the combined risk and return as the input
and output index. Then, the technical efficiency and pure technical efficiency can be obtained by running CRS model
and VRS model respectively. The scale efficiency is calculated according to Eq. (5), and the calculation results are
shown in Table 11.
Table 11. Portfolio efficiency in seven regions.
Area

TE

PTE

SE

North China

0.580

0.617

0.939

Northeast China

0.895

1

0.895

East China

0.686

0.748

0.917
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Area

TE

PTE

SE

Central China

0.644

0.701

0.919
0.901

Northwest

0.672

0.746

South China

1

1

1

whole country

0.832

0.922

0.902

As can be seen from Table 11, the South China region achieves the best in terms of PTE and SE. As the southern
region is rich in water resources and large-scale hydropower stations are concentrated, the proportion of single unit
capacity 600MW and above exceeds the national average. The wide application of high-capacity unit makes its
technology efficient; The Northeast China region technically achieves DEA effectively, mainly due to the large
proportion of new energy generation installed capacity, and its proportion of wind power and solar power is at a higher
level than other regions. However, in terms of scale, as shown in Fig. (3), the overall installed capacity is small,
significantly lower than the national average, and the investment scale needs to be further adjusted to achieve the
optimal result.

Fig. (3). New installed capacity of sub-regional type in 2016.

For other regions, the technical and scale efficiency are not optimized, among which North China region has the
lowest efficiency, mainly due to the large thermal power installed capacity and small installed capacity of new energy
resources. Now, in order to improve the efficiency, we adjust the proportion of its investment in the way, expanding the
proportion of new energy power generation and reducing the thermal power ratio.Taking into account the abundant
wind resources in the Inner Mongolia region in the region, the proportion of wind power installed capacity is increased,
as shown in Table 12.
Table 12. Proportion of new installed capacity before and after adjustment in North China.
Proportion

Thermal

Nuclear

Hydro

Wind

Solar

Before

0.00%

57.74%

0.00%

16.48%

25.79%

After

0.00%

40%

0.00%

34.21%

25.79%

According to the same method, the adjusted investment portfolio efficiency can be obtained. It can be seen from
Table 13 that the technical efficiency has been improved, which shows that increasing the proportion of new energy can
improve the investment efficiency.
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Table 13. Efficiency of investment portfolio before and after adjustment in North China.
Proportion

TE

PTE

SE

Before

0.580

0.617

0.939

After

0.671

0.735

0.912

Through the analysis of the simulation results, not only can we demonstrate the effectiveness of the presented
method, but also propose the investment optimization method. National government departments can step up their
support and subsidies for new energy generation. According to reserves of renewable energy and economic
development in different regions, the government can selectively increase investment in renewable energy, optimizing
investment portfolio of different power generation, thereby enhancing the efficiency of investment in the country.
CONCLUSION
Firstly, this paper uses Monte Carlo method to simulate the uncertainty factors, including fuel unit price, feed-in
tariff, annual operating hour, and carbon price, and constructs a portfolio risk and return model. Secondly, we construct
a DEA model to evaluate the efficiency of diversified portfolios, using portfolio risks and returns, respectively as input
and output indicators. Finally, the newly installed capacity in seven different regions of North China, Northeast China,
East China, Central China, Northwest China, South China, and China was taken as the research target. The model is
used to calculate the investment efficiency of different regions. The simulation and experimental results demonstrate the
effectiveness of the presented method. Meanwhile, we propose an optimization measure to improve the efficiency. By
increasing the proportion of renewable energy, the investment efficiency can be increased, so as to provide
supplementary support for national investment decisions under environmental policies and market policies.
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