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Abstract
With the acceleration of China's energy transformation process and the rapid increase of renewable energy market demand, the
photovoltaic (PV) industry has created more jobs and effectively alleviated the employment pressure of the labor market under
the normalization of the epidemic situation. First, to accurately predict China’s solar PV installed capacity, this paper proposes a
multi-factor installed capacity predictionmodel based on bidirectional long short-termmemory-grey relation analysis. The results
show that, the MAPE value of the GRA-LSTM combined model established in this paper is 5.995, compared with the prediction
results of other models, the prediction accuracy of the GRA-BiLSTM model is higher. Second, the BiLSTM model is used to
forecast China’s installed solar PV capacity from 2020 to 2035. The forecast results show that China’s newly installed solar PV
capacity will continue to grow and reach 2833GW in 2035. Third, the employment number in China’s solar PV industry during
2020–2035 is predicted by the employment factors (EF) method. The results show that the energy transition in China during
2020–2035 will have a positive impact on the future stability and growth of the labor market in the solar PV industry. Overall, an
accurate forecast of solar PV installed capacity can provide effective decision support for planning electric power development
strategy and formulating employment policy of solar PV industry.
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Introduction

Global climate change has promoted the rapid development
and wide application of renewable energy in the world, and
the renewable energy industry has gradually become the focus
of attention of various countries (Dga et al. 2019). As a widely
used renewable energy, solar energy has the characteristics of
wide distribution, mature technology application, reliability,
and low construction cost. It will become an important growth
pole in future energy development (Kabir et al. 2018). As

early as the 1970s, developed countries such as the USA,
Germany, and Japan implemented many incentive policies
to promote solar power generation and the construction of
solar PV power stations. As the largest developing country,
China has formulated several encouraging policies to expand
the market scale of domestic solar PV power generation since
its formal large-scale launch in 2009, including promoting
several solar PV power plant concession projects in 2009,
implementing the online tariff policy in 2011, and formulating
the solar PV industry development action plan in 2018. These
policies have further promoted the development quality and
efficiency of the solar PV industry achieving sustainable and
healthy development driven by photovoltaic intelligent
innovation.

With the strong support of the policy, China’s solar PV
industry has achieved breakthrough progress in the past
decade, and its social welfare effect has been gradually
reflected. China’s annual new installed capacity and the cu-
mulative installed capacity of solar PV have seen significant
growth. At the same time, the growth rate of its new installed
capacity is significantly higher than the world average, as
shown in Fig 1. By 2020, China’s cumulative installed

Responsible Editor: Philippe Garrigues

* Qingshan Wang
tigermountain@yeah.net

1 School of Management, Tianjin University of Technology,
Tianjin 300384, People’s Republic of China

2 School of Humanities, Tianjin Agricultural University,
Tianjin 300380, People’s Republic of China

3 School of Environmental Science and Engineering, Tianjin
University, Tianjin 300072, People’s Republic of China

https://doi.org/10.1007/s11356-021-15957-1

/ Published online: 19 August 2021

Environmental Science and Pollution Research (2022) 29:4557–4573

http://crossmark.crossref.org/dialog/?doi=10.1007/s11356-021-15957-1&domain=pdf
mailto:tigermountain@yeah.net


capacity of solar PV power generation has reached 203GW,
ranking first in the world. At the Climate Ambition Summit in
2020, the total installed capacity of wind power and solar
power will reach more than 1.2 billion kW in 2030, which
fully demonstrates China’s strength and determination to ac-
tively respond to climate change. By the end of 2019, the total
number of employees in China’s solar PV industry has
reached 4.57 million, including 3.75 million in the solar PV
power generation industry and 820,000 in the solar heating
industry. Since the solar PV poverty alleviation work was
carried out in 2014, China has built 26.36 million kW of solar
PV poverty alleviation power stations, benefiting 60,000 poor
villages and 4.15 million poor households, encouraging poor
labor to work nearby, and effectively alleviating the employ-
ment pressure in poor areas. In 2020, 80% of the income from
PV poverty alleviation will be used to pay the poor people for
public welfare jobs and the poor households for public welfare
construction.

Reasonable installed capacity is very important for the so-
lar PV industry to enter the stage of scale economy, so the key
problem of accurate prediction of installed capacity needs to
be solved. The too fast installation will lead to overcapacity
and an “abandoned light” problem; slow and insufficient in-
stallation will lead to China’s economic growth lower than
expected. The forecasting of installed capacity is a nonlinear
problem under the influence of multiple factors. Therefore, to
accurately predict China’s installed solar PV capacity, it is
necessary to fully consider the influencing factors of China’s
installed solar PV capacity and screen out the indicators with a
strong correlation with installed capacity. The deep neural
network has good abilities of nonlinear mapping, self-
learning and self-adaptive, associative memory, and parallel

information processing. It shows good applicability in pro-
cessing time series data in different scenarios. When dealing
with the problem of nonlinear time-series prediction, a deep
neural network effectively extracts data features through
multi-layer nonlinear transformation to achieve accurate pre-
diction of output variables. Based on this, a multi-factor pre-
diction model for GRA-BiLSTM solar PV installed capacity
is established in this paper. Accurate prediction results can
effectively schedule and plan the energy system, improve
the stability of the energy system, and reduce the overall op-
erating cost. With the reduction of a series of solar PV subsidy
funds, the public has become concerned about the employ-
ment situation of the solar PV industry, and the recognition
of the solar PV industry is not high (Yan et al. 2020; Dong
et al. 2020). At the same time, the government also fails to
fully recognize the positive role of the rapid development of
the solar PV industry in China’s employment, and lacks cor-
responding employment support policies to encourage the
public to actively participate in the development of the solar
PV industry. Due to the late start of China’s solar PV market,
most of China’s solar PV enterprises pursue the scale of pro-
duction capacity and ignore the professional skills training of
employees. The overall value chain of the solar PV industry is
still at the low-end level. Compared with other countries’ solar
PV industry, it lacks core competitiveness and advantages. In
China, the cultivation of solar PV talents is still at the level of
secondary colleges or vocational and technical colleges.
Although domestic well-known colleges have some research
in the field of solar PV, they have not carried out systematic
teaching on a large scale. At present, most of the technical
talents are from related industries, such as the semiconductor
industry, electronic industry, and related materials industry

Fig. 1 The growth rate of
installed capacity of PV industry
in the world and China
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after entering solar PV enterprises; these transformation per-
sonnel still need a long time of technology running in, tech-
nology growth, and technology maturity. And with the con-
tinuous expansion of the scale of the solar PV industry, the
gap of human resources will be further expanded. Based on
this, this paper uses the EF method to estimate the employ-
ment number of different jobs in the solar PV industry in the
future, which provides the basis for the development of solar
PV professional talent training direction and employment
policy.

The contribution of this study mainly includes three as-
pects: (1) The multi-factor prediction model of solar PV
installed capacity based on GRA-BiLSTM is established.
For the first time, the deep learning technology is introduced
into the forecast of installed capacity. (2) Based on the predic-
tion model of GRA-BiLSTM, this paper predicts the installed
photovoltaic capacity in China from 2020 to 2035, points out
the characteristics of different stages of the development of
China’s photovoltaic industry, and analyzes the reasons. This
can be used as a reference for the management decision of
electric power enterprises and the policy formulation of the
government. (3) According to the forecast results of installed
capacity, the EF (employment factors) method is used to esti-
mate the employment of China’s solar PV industry from 2020
to 2035. Combined with the prediction results, the social wel-
fare effect brought by the rapid development of photovoltaic
industry is explained. (4)The corresponding suggestions are
put forward according to the forecast results, including the
government should fully understand the positive role of the
rapid development of the solar PV industry in China’s em-
ployment, improve the existing preferential policies for solar
PV employment, increase financial support for solar photo-
voltaic projects in poor areas, and strengthen educational
training of relevant professionals in the photovoltaic industry.

The paper is organized as follows. “Literature review” sec-
tion” introduces the methods and indicators used by different
scholars to predict installed capacity, as well as the methods to
calculate renewable energy jobs. “Methodology and data”
section introduces the research framework, methods, and data
of the paper. The prediction implementation and results anal-
ysis are shown in “Empirical study” section, and “Discussion”
section discusses the forecast results in the context of the
broader scientific literature. “Conclusions and policy implica-
tions” section summarize the research results of the paper and
put forward corresponding policy suggestions.

Literature review

Forecast of installed capacity

The prediction of solar PV installed capacity is a complex
nonlinear problem. The traditional prediction model can be

divided into a single factor or multi-factor model according
to the data structure. Statistical analysis method is applied to
early capacity prediction. Li et al. (2018) used four-time series
prediction methods including MGM, ARIMA, GM-ARIMA,
and NMGM to predict coal and electricity installed capacity in
China. Şahin (2020) predicted Turkish total installed capacity
and electricity of renewable energy and hydropower energy
from 2019 to 2030 through the fractional-order nonlinear
Bernoulli model. However, due to the exponential growth
trend of solar PV-related energy production indicators, includ-
ing power generation and installed capacity, traditional statis-
tical methods cannot meet the complex and changeable data
prediction needs. Assuming that the best predictor of installed
capacity is historical data, without considering other influenc-
ing factors, machine learning methods such as support vector
regression (SVR) and artificial neural network (ANN) can
also achieve univariate time series prediction with historical
values as input variables. The above model has been widely
used to predict electricity consumption (Khan et al. 2020),
electricity price (Uniejewski and Weron 2021), electricity
generation (Or et al. 2020), and electricity market investment
(Marques et al. 2019).

Although the single-factor forecastingmodel has been wide-
ly used in forecasting, the multi-factor forecasting model is
more feasible. The multi-factor forecasting model identifies
the economic, social, and environmental factors associated with
the prediction indicators, and further constructs the functional
relationship between the influencing factors and the prediction
indicators (Wang et al. 2018). Celik and Zgür (2020) analyzed
the relationship between the installed capacity of solar PV pow-
er generation and GDP and population in Turkey, and Nemet
et al. (2020) discussed the impact of the solar feed-in tariff on
the installation of installed capacity. When carrying out the
installed capacity, we should fully consider the impact of mac-
roeconomic indicators on the installed capacity (Bulut and
Menegaki 2020), including GDP, population, and industrial
added value. Most of the indicator data results come from var-
ious official and authoritative institutions. Since the end of the
1980s or the beginning of the 1990s, the statistics of installed
capacity and related conditions in various regions have gener-
ally started. Due to the small sample size and the non-linear
data change, some statistical multi-factor forecasting models,
such as the vector error correction model or multiple regression
model, have poor applicability. Considering the nonlinear char-
acteristics of the data, the machine learning method is intro-
duced into the prediction of installed capacity. According to the
prediction accuracy of the model, the predictability of national
installed capacity is discussed, and the influence of input index
on output result is calculated (Feng et al. 2021). SVR has been
widely used in a small sample and high-dimensional data
(Duan et al. 2018). Compared with the traditional regression
model, artificial neural network prediction can have better pre-
diction performance. In the case of missing data, the method

4559Environ Sci Pollut Res (2022) 29:4557–4573



based on SVR can effectively deal with the problem of missing
data (Luo et al. 2018; Li et al. 2018). To predict the future solar
installed capacity, Liu et al. (2020) tested the applicability of
the CEEMD-ABC-LSSVM model to this kind of problem
through the historical solar PV installed capacity data. At the
same time, based on good accuracy, the model was further used
to predict the future solar PV installed capacity growth.

According to the literature analysis, the existing installed
capacity prediction is mainly based on traditional statistical
methods and machine learning methods, including single-
factor prediction model and multi-factor forecasting model.
Among them, the multi-factor forecasting model can predict
the output index according to the identification of relevant
influencing factors and improve the accuracy and adaptability
of the model prediction under the influence of multi factors.
At the same time, the existing researches are mostly based on
machine learning methods to build multi-factor models and
make predictions and fail to apply deep learning to the predic-
tion of installed capacity. Compared with the traditional sta-
tistical methods and machine learning methods, deep learning
technology solves the problem that it is difficult to deal with
nonlinear data in traditional statistics, and makes up for the
defect that machine learning can only achieve local optimiza-
tion. Deep learning algorithm is far superior to other types of
algorithms in depth function extraction ability, and has great
potential in improving accuracy. Compared with other
methods, the biggest advantage of deep learning is that it
can effectively reduce the errors caused by data redundancy
and random noise through the input function of the model
(Zhu et al. 2019), and combine with the network structure
composed of multiple hidden layers to extract the hierarchical
characteristics of data and improve the robustness of the mod-
el. Compared with other methods, deep learning has greater
shallow learning potential, helps to solve the problem of small
samples, and improves the generality of the model through
feature extraction of data (Feng and Chen 2021). Zeng et al.
(2017a) applies deep learning technology to national energy
consumption prediction, which effectively solves the problem
of small amount of data at the national level.

The impact of renewable energy on employment

In recent years, renewable energy has made great contributions
to providing new jobs during the energy transformation period
under the influence of environmental policies and energy secu-
rity issues. The International Renewable Energy Agency esti-
mates that the number of renewable energy- related employ-
ment will increase from 10.3 million in 2017 to about 16.7
million in 2030 (IRENA, 2018). At the same time, many stud-
ies show that the use of renewable energy power generation
creates more employment opportunities than traditional power
plants (Stephens 2019). It is estimated that the jobs created by
renewable energy are 1.7 to 14.7 times that of natural gas power

plants and 4 times that of coal-fired power plants (Cameron and
Bob 2015). Renewable energy has contributed to the creation
of more employment opportunities in the markets of various
countries. Take the USA as an example, solar power generation
accounts for only 1% of the total power generation, while coal
accounts for about 26% of the power structure. However, com-
pared with the highly automated coal industry, the number of
jobs in the solar PV industry has doubled (U.S. Department of
Energy, 2017).

Most of the existing literature focus on the impact of renew-
able energy on employment in developed countries such as the
USA and Europe. Dvořák et al. (2017) evaluated the capacity
of Czech renewable energy sectors to provide jobs, and the
results showed that solar energy and biomass energy could
provide more jobs. The employment rate of solar PV construc-
tion and operation is 7.14 jobs per MW and 0.12 jobs per MW
(Heavner and Chiaro 2003). Renewable energy will have a
positive impact on the Dutch economy, creating nearly
50,000 new jobs (Bulavskaya and Reynes 2018). However,
the survey results of this type of report are not suitable for the
calculation of employment situation in other regions, and the
analysis value of studying employment situation in other coun-
tries is limited.

In the research of measuring the impact of renewable ener-
gy on employment, three methods are mainly used: economic
input-output model (I/O), computable general equilibrium
model (CGE), and spreadsheet analysis method. I/O model
can fully consider the potential employment impact of renew-
able energy diffusion (Panagiotis and Leonidas 2018). I/O
model can be used to determine the change of a specific in-
dustry according to its impact on other industries, to evaluate
the multiplier effect of direct employment and indirect em-
ployment (Hondo and Moriizumi 2017; Jiang et al. 2019).
CGE model emphasizes the input-output linkage or correla-
tion effect of industry (Li et al., 2020), which establishes a
quantitative relationship between various components of the
economy so that we can investigate the impact of disturbance
from one part of the economy on the other part of the economy
(Mu et al. 2018). Compared with the CGE model, the spread-
sheet analysis model is generally considered to be more trans-
parent. It usually relies on the interview or questionnaire sur-
vey of the relevant departments of the renewable energy in-
dustry, and obtains the employment coefficient of each depart-
ment through simple calculation, which can be directly ap-
plied to the calculation of employment in other regions
(Bongers et al. 2020). This model often ignores jobs that are
not directly related to a particular industry. Therefore, the
results of the model do not include indirect employment and
induced employment. Some scholars also apply econometric
methods such as vector error correction model and panel data
analysis to the impact of renewable energy on employment
(Arvanitopoulos and Agnolucci 2020), analyze the relation-
ship between renewable energy installed capacity and job
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creation, and propose that every 1% increase in renewable
energy generation capacity will increase employment by
0.48% (Proença and Fortes 2020).IRENA and Greenpeace
International use the work intensity or employment factor
(Vosniadou et al. 2018) to measure the number of jobs gained
from an increase in capacity or investment in given energy
technology, and the results are highly transparent (Zhou
et al., 2020). Rutovitz and Atherton (2009) elaborate on the
EF approach to job creation potential in a low-carbon energy
environment of the future as proposed in the Greenpeace
Energy Plan. Rutovitz et al. (2015) aim to further improve
the methodology and provide a more comprehensive analysis
of the net jobs created during the energy transition to assess
the job creation potential of complementary storage technolo-
gies. This study also includes an estimate of decommissioning
jobs for various generation technologies created during the
energy transition to 2050.

According to the literature analysis, during the period of
energy transformation, the rapid development of renewable
energy plays a positive role in alleviating the employment
pressure of the local labor market, but the existing research
on the employment effect of the PV industry is mainly con-
centrated in developed countries, and the in-depth research
on the employment effect of China’s PV industry is very
little.

Methodology and data

GRA-BiLSTM

GRA-BiLSTM model is an intelligent network model that
combines the advantages of grey relational degree analysis
and a bidirectional long short-term memory neural network.
The approximate correlation between the reference series and
several comparison series is determined through the correla-
tion analysis, and the indicators with higher correlation are
screened out to enter the learningmodel. Finally, the predicted
value of PV installed capacity is output, laying a foundation
for the calculation of the number of employments. The re-
search steps are shown in Figure 2. GRA-BiLSTM model
can not only analyze the correlation characteristics among
the original indicators by using the grey relational degree
method, but also combine the self-learning and fault-tolerant
ability of the neural network, which can improve the accuracy
of the prediction of solar PV installed capacity and the effi-
ciency of deep learning.

BiLSTM

To improve the learning ability of the traditional long short-
term memory (LSTM) model, the BiLSTM model takes into
account the bidirectional relationship of input data in the time

structure, instead of only using a single direction of input
processing through the LSTM gate, and processes the cur-
rent time series data with full consideration of the next
information. This two-way processing obtains more struc-
tural information through the gate mechanism and enhances
the way of information intelligence. The BiLSTM model
encodes information in sequence to obtain the information
characteristics of the data before and after, to improve the
generalization ability. The LSTM unit starts from the input
sequence, and the reverse form of the input sequence has
been integrated into the LSTM network. The BiLSTM

model generated by the forward ht and backward layers h
0
t

is shown in Fig 3.
Calculate forward from time 1 to time t in the forward layer

to get and save the output of forward at each time. Calculate
backward from time t to time 1 in the backward layer to get
and save the output of backward layer at every moment.
Finally, the final output can be obtained at each moment by
combining the output results at the corresponding moments of
the forward layer and the backward layer. The mathematical
expression is shown in Eqs. (1)-(3).

ht ¼ f w1xt þ w2ht−1 þ bð Þ ð1Þ

h
0
t ¼ f w3xt þ w5ht−1 þ b

0
� �

ð2Þ

yt ¼ w4ht þ w6h
0
t þ by ð3Þ

Where w1-w6 is the corresponding weight coefficient; ht, h
0
t

,xt, and yt, are respectively the vectors forward propagation,
backward propagation, input layer, and output layer; b, b', and
byare the corresponding bias vectors.

Gray relation analysis

Grey relation analysis (GRA) is a multi-factor statistical anal-
ysis method, which measures the relationship of each
influencing factor of the selected research index according to
the similarity or difference degree of development trend
among factors (Wei 2010; Mahmoudi et al. 2020). The GRA
method has a small amount of calculation, which is suitable
for both sample size and regularity (Feng et al. 2021). Set
reference sequence as x0 = {x0(1), x0(2), ⋯, x0(m)}, where n
is the number of input data, comparison sequence xi = {xi(1),
xi(2),⋯, xi(n)| i = 0, 1, 2,⋯,m − 1}, wherem is the number of
all indicators. The selected index series are standardized, and
the correlation coefficient is obtained according to formula 4.
Where ε is the discriminant coefficient, 0 < ε < 1, it is used to
reduce the influence of excessive maximum value on the dis-
tortion of correlation coefficient; ξi(k) represents the correla-
tion coefficient of reference sequence and comparison
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sequence at k time. Finally, the correlation degree of the ref-
erence sequence is calculated according to formula 5, ρi indi-
cates the overall closeness between the comparison sequence
and the reference sequence.

ξi kð Þ ¼
min
i;k

jx0 kð Þ−xi kð Þj þ εmax
i;k

jx0 kð Þ−xi kð Þj
jx0 kð Þ−xi kð Þj þ εmax

i;k
jx0 kð Þ−xi kð Þj ð4Þ

ρi ¼ ∑
m

k¼1

1

m
ξi kð Þ ð5Þ

Employment factors

One of the main advantages of EF method is that it can
be modified for specific environment, and can also be

applied to a series of energy scenarios. It is simpler and
more effective in predicting direct employment related
to energy production, storage, and transmission.
Figure 4 outlines the method for estimating renewable
energy job creation during the energy transition period
from 2020 to 2035. As the fuel supply does not involve
solar energy, this paper estimates that the number of
solar PV industry employment in 2020–2035 is the
sum of manufacturing, construction and installation, op-
eration, and maintenance. Manufacturing jobs include
equipment and component manufacturing jobs of power
plant projects; construction and installation jobs include
all jobs related to installation construction and installa-
tion; operation and maintenance jobs include all jobs
related to operation and maintenance in the whole cycle
of equipment operation.

Fig. 2 GRA-BiLSTM prediction
model logic structure diagram
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Among them, the employment factor refers to the number
of jobs provided by unit installed capacity, and the coefficient
changes according to the actual demand of different jobs,
separated into manufacturing, construction and installation,
operation and maintenance, and decommissioning. The
employment factors of PV industry used in this study comes
from Rutovitz et al. (2015) and solar power Europe. Decline
factor based on capex means that with the maturity and intel-
ligence level of renewable energy technology, the scale effect
gradually appears, and the employment opportunities that can
be created gradually decrease; the decline factor based on
capex of PV industry used in this study comes from Ram
et al. (2017); Regional employment multiplier refers to the

differences in labor productivity and labor cost caused by
different regional economic development. It can effectively
and reasonably quantify the employment ability of different
regions. This study uses the regional employment coefficient
based on labor productivity factors which are derived from
International Labour Organization and International
Monetary Fund World Economic Outlook.

Data

In this paper, the influence of macroeconomic indicators on
the power market is fully considered, and the factors affecting
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Fig. 3 Bidirectional long short-term memory (BiLSTM) model structure
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the installed capacity of solar PV are determined as follows
through the review of relevant literature.

Gross domestic product (GDP) and residential consumption
expenditure (HCE)

Economic growth is the main driver of accumulated installed
capacity. The development of electric power consumption de-
pends on the continuous development of industrialization,
commercialization, and informatization. Moreover, the in-
crease in installed capacity is dependent on state and private
investment, which depends on rapid economic development.

Population (POP)

The population is a fundamental aspect of the social economy.
It will directly affect the demand for electricity in a region and
thus the amount of installed capacity.

Industrial value added (IND)

In a highly industrialized society, materials and products are
produced in a mechanized manner, and the industrial sector
uses high amounts of electricity, which increases the demand
for installed capacity. This paper chooses the industrial added
value as the index representing the development of
industrialization.

Solar energy generation and solar energy consumption (SG
and SC)

These energy production indicators are most closely related to
solar installed capacity. The demand for the electricity market
directly drives the development of the power equipment
market.

Import and export of electricity (IM and EX)

The import and export of electricity reflect a country’s depen-
dence on electricity. Dependence on energy imports has en-
couraged countries to adopt incentives to develop domestic
electricity markets and to increase government and private
investment in power generation markets.

The data are shown in Fig 5, in which the data of China’s
installed solar PV capacity, solar power generation, and solar
energy consumption are derived from the BP Statistical
Yearbook. Macroeconomic indicators include GDP, popula-
tion, and household consumption expenditure; industrial
added value comes from the World Bank; electric power ex-
port and electric power import come from EIA (Energy
Information Administration). There are 24 sets of data in this
paper. From 1996 to 2019, 19 sets of data from 1996 to 2014

are selected as training samples, and 5 sets of data from 2015
to 2019 are selected as test samples.

Empirical study

Data pre-processing

In this paper, the grey correlation analysis is used to calculate
the correlation degree between the solar installed capacity data
and various influencing factors from 1996 to 2019. The cal-
culation results are shown in Table 1. Excluding the indicators
below 0.7, the main indicators affecting China’s solar installed
capacity are GDP, final consumer expenditure, industrial
added value, solar power generation, and solar energy
consumption.

Model accuracy

To verify the validity and accuracy of the proposed forecast
model for solar installed capacity, three error analysis

Fig. 5 Original Data

Table 1 Grey relation degree between influencing indicators and
China’s PV installed capacity

Influencing factor Grey relation degree

GDP 0.7763

Population 0.5912

Household consumption expenditure 0.784

Industrial added value 0.7568

Electricity import 0.6225

Electricity export 0.6242

Solar generation 0.9446

Solar consumption 0.9456
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methods, namely absolute percentage error (APE), mean ab-
solute error (MAE), root mean square error (RMSE), and
mean absolute percentage error (MAPE), were selected in this
paper to evaluate themodel results, as shown in Formulas 6–8.

APE ¼
byi−yi��� ���
yi

*100% ð6Þ

MAE ¼ 1

n
∑
n

i¼1
byi−yi��� ��� ð7Þ

RMSE ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1

n
∑
n

i¼1
byi−yi� �2

s
ð8Þ

MAPE ¼ 100%

n
∑
n

i¼1

byi−yi
yi

�����
����� ð9Þ

Where by ¼ by1f ;by2;⋯;byng is the predicted value, y = {y1,
y2,⋯, yn} is the true value, n is the number of index variables.
Zeng et al. (2017b) provide the model evaluation criteria for
MAPE of previous studies listed in Table 2. Since the index
APE is independent of the order of magnitude, it has been
widely adopted to assess the precision of the prediction
models. Lower indicator values represent more satisfactory
forecasting ability and higher precision.

To evaluate and analyze the prediction performance of the
GRA-BiLSTM combinationmodel, this paper adopts multiple
linear regression (MLR), support vector regression (SVR),
gated recurrent unit (GRU), and long- and short-time memory
network (LSTM) as the comparisonmodels based on the same
input time series. Using the same proportion of training set to
test the learning performance of each model and comparing
the prediction performance of nine models based on the above
prediction model evaluation index, the BiLSTM neural net-
work contains four parameters that affect the prediction accu-
racy of the model, including the number of learning rate, the
time step of each layer, the number of hidden_layer of each
layer, and the number of training epoch. In the training process
of the model, the setting of a single parameter is different, but
other parameters are the same, so as to find the best prediction
model. Each parameter setting in the proposedmodel is shown

in Table 3. The APE values of ten prediction models from
1996 to 2019 are shown in Table 4. The calculation results
of performance and evaluation indexes are shown in Table 5.

The MAE, MAPE, and RMSE values of the GRA-
BiLSTM model are 6.571, 5.995, and 7.666, respectively,
which are lower than those of other models. Therefore, the
GRA-BiLSTM model has good applicability for predicting
the installed solar capacity. The possible reason is that consid-
ering the data characteristics of output indicators, statistical
methods such as multiple linear regression are not applicable
to nonlinear data. Machine learning and deep learning predic-
tive models can fully learn the correlation between input and
output variables just like human neural networks. In particu-
lar, the deep learning model can have a more comprehensive
understanding of the trend of time series data and has a higher
prediction accuracy, while the SVR model considers more
local optimization and has a slower convergence speed. It is
suitable for predicting the installed solar capacity of China’s
solar PV power generation. Figure 6 shows the prediction
results of the GRA-BiLSTMmodel and the other ninemodels,
directly reflecting the degree of fit between the predicted
values of the nine models and the actual values. The results
show that all the nine prediction models can achieve reason-
able prediction, and the screening of input indexes through
grey-relational-analysis plays an obvious role in improving
the accuracy of prediction results.

Mean impact value

In order to test the validity and stability of the model, this
paper further determines the contribution of each input index
to the experimental results through MIV analysis. MIV is a
common method to determine the relative importance of each
input index in artificial neural network. MIV analysis method
can measure the influence of input variables on output vari-
ables in the multi-factor prediction model (Xu et al. 2019;
Feng et al. 2021). A positive value ofMIV indicates a variable
directly related to the output, while a negative value indicates
the opposite relationship. A value close to zero indicates that
the input variable is not related to the output variable. Increase
and decrease each input indicator by 10%, and get new data

set X 1ð Þ
i and X 2ð Þ

i , it is shown in Formula 9–10, where n rep-
resents the number of samples in the training set; p represents

the number of input variables. Then the data setsX 1ð Þ
i and X 2ð Þ

i
are put into the BiLSTMmodel for training, get the output sets

Table 2 Typical MAPE
values for accuracy
evaluation

MAPE (%) Prediction classes

≤10% High-accuracy

10%<MAPE≤20% Good

20%<MAPE≤50% Reasonable

>50% Inaccurate

Table 3 Proposed parameter setting for the BiLSTM neural network

Algorithms Time step Hidden_layer Batch size Lr Epoch

GRA-BiLSTM 2 32 2 0.001 10000
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Y 1ð Þ
i ¼ y 1ð Þ

i1 ; y 1ð Þ
i2 ;⋯; y 1ð Þ

im

h i
a n d Y 2ð Þ

i ¼ y 2ð Þ
i1 ; y 2ð Þ

i2 ;⋯; y 2ð Þ
im

h i
.

According to Y 1ð Þ
i and Y 2ð Þ

i , the average influence value and
contribution degree of each index is calculated. The formula is
shown in 9–12.

X 1ð Þ
i ¼

X 11 X 12 … X 1n

X 21 X 22 … X 2n

⋮ ⋮ … ⋮
X i1 1þ 10%ð Þ X i2 1þ 10%ð Þ … X in 1þ 10%ð Þ

⋮ ⋮ … ⋮
X p1 Xp2 … X pn

26666664

37777775
ð10Þ

X 2ð Þ
i ¼

X 11 X 12 … X 1n

X 21 X 22 … X 2n

⋮ ⋮ … ⋮
X i1 1−10%ð Þ X i2 1−10%ð Þ … X in 1−10%ð Þ

⋮ ⋮ … ⋮
X p1 X p2 … Xpn

26666664

37777775
ð11Þ

MIVi ¼ ∑
m

j¼1

y 1ð Þ
ij −y 2ð Þ

ij

m
ð12Þ

Ci ¼ MIVi

∑
p

i¼1
jMIVij

100% ð13Þ

Table 4 The APE (%) values of all prediction models from 1996 to 2019

Year MLR SVR GRU LSTM BiLSTM GRA-
MLR

GRA-
SVR

GRA-
GRU

GRA-
LSTM

GRA-
BiLSTM

1996 70.00 130.00 140.00 120.00 50.00 20.00 30.00 210.00 220.00 9.00

1997 56.00 12.00 56.00 28.00 40.00 160.00 28.00 48.00 80.00 16.00

1998 56.00 14.00 46.00 34.00 10.00 50.00 24.00 24.00 30.00 10.00

1999 115.00 8.00 10.00 25.00 100.00 75.00 13.00 32.00 20.00 20.00

2000 13.96 11.28 3.22 6.03 29.80 10.68 9.49 3.04 29.83 2.95

2001 37.03 5.47 20.46 11.42 6.18 25.99 11.26 15.47 2.63 3.55

2002 6.32 8.08 4.90 0.00 17.69 9.85 5.61 15.80 7.08 10.51

2003 8.56 9.91 31.08 34.53 24.47 10.96 5.26 23.57 1.95 15.02

2004 13.71 7.44 21.02 3.52 13.05 20.50 11.75 7.83 7.91 3.92

2005 19.62 8.50 12.11 21.46 4.46 22.03 12.54 26.56 1.77 7.79

2006 10.42 6.05 10.61 16.73 2.18 14.36 8.80 8.55 19.85 6.24

2007 9.55 5.03 8.54 16.08 6.03 11.06 2.01 11.56 10.05 5.03

2008 66.40 10.28 4.74 9.09 15.81 28.06 19.76 7.11 27.11 3.95

2009 23.00 19.02 0.34 9.14 24.11 14.25 16.49 7.38 28.93 12.05

2010 78.12 57.57 44.45 6.30 4.90 65.39 29.18 10.78 0.80 20.55

2011 20.52 14.09 11.27 10.15 4.48 10.23 9.58 6.83 18.39 12.87

2012 40.20 11.78 10.88 11.83 13.77 25.47 8.95 7.79 16.44 7.46

2013 19.42 12.78 8.14 8.76 13.78 13.73 8.16 3.94 4.89 7.88

2014 30.17 17.21 4.47 6.47 3.82 24.80 10.45 3.65 3.46 3.87

2015 24.22 16.76 14.12 29.63 8.07 16.76 17.33 24.67 25.65 6.34

2016 38.31 14.78 24.46 6.79 2.92 27.63 19.91 3.50 5.82 6.25

2017 23.35 9.59 15.71 2.56 18.16 17.24 19.53 19.66 11.26 10.28

2018 21.24 13.26 9.28 14.11 5.33 18.39 9.84 8.74 6.70 2.73

2019 27.99 13.39 13.40 7.72 9.23 28.56 18.25 9.97 4.78 4.39

Table 5 Comparison of prediction performances using deep learning
models

Algorithms MAE MAPE (%) RMSE

MLR 33.131 27.024 36.406

SVR 20.668 16.973 23.038

GRU 17.905 15.393 19.209

LSTM 12.421 12.158 14.615

BiLSTM 11.568 8.741 14.341

GRA-MLR 28.418 21.715 32.971

GRA-SVR 16.418 13.556 19.109

GRA-GRU 14.997 13.307 16.961

GRA-LSTM 10.397 10.841 10.923

GRA-BiLSTM 6.571 5.995 7.666
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The results of MIV and the contribution of each index are
shown in Table 6. According to the calculation results, SG and
SC have a significant impact on the prediction of solar
installed capacity. With the continuous reduction of the pro-
duction cost of solar panels and the increase of the demand for

renewable energy, the growth rate of the demand and con-
sumption of solar energy is gradually accelerating. The instal-
lation and construction of PV generation equipment in areas
with abundant solar energy is more promising than the
existing coal or natural gas power generation. GDP has a high
contribution to the prediction of solar installed capacity.
The rapid growth of national economy provides a guarantee
basis for the installation of photovoltaic installed capacity
equipment, and promotes the continuous upgrading of pho-
tovoltaic power generation technology and the wide appli-
cation of distributed photovoltaic. While IND and CFE
have a low contribution, electricity demand mainly comes
from residential electricity and industrial added value. With

Fig. 6 Prediction performance of
GRA-BiLSTM model and other
models

Table 6 Input variables ,mean MIV, and contribution rate

Variables GDP CFE IND SG SC

MIV 0.89 0.77 0.71 1.35 1.39

Contribution 17.42% 15.07% 13.89% 26.42% 27.20%
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the continuous expansion of electricity demand in the
whole society, renewable energy will become the main
source of power generation. The growth of residential con-
sumption expenditure and industrial added value will fur-
ther promote the expansion of photovoltaic installed
capacity.

Discussion

Annual new solar PV installed capacity forecast

On the basis of literature research, fully considering the data
characteristics of the input data and the applicability of the
SVR model for single-factor prediction. This paper uses the
SVR model to predict the input indicators from 2020 to 2035.
Taking the above indicators as the input data of the BiLSTM
model prediction, China’s solar installed capacity in 2020–
2035 is obtained through model learning, and the results are
shown in Fig 7.

As Fig 7 presented, since China’s cumulative installed so-
lar PV capacity was relatively small before 2010, this study
divided the changes of new installed solar PV capacity from
2010 to 2035 into three stages for analysis:

The first stage is from 2010 to 2019. China’s solar PV
installed capacity increases geometrically, accumulative total
installed capacity of 1.02 GW in 2010 increased to 130.82
GW in 2017. However, the newly added solar PV
installed capacity decreases year by year in 2017–2019.
The reason for this phenomenon is that in the early stage
of the development of the photovoltaic market, the gov-
ernment strongly subsidized the production, installation,
and power generation of the photovoltaic industry.

Secondly, China adjusted the photovoltaic subsidy policy
in 2018, proposing that the PV industry should maintain a
reasonable scale and pace of development, reducing the
intensity of subsidies to the PV industry, and the era of
“no subsidy for photovoltaic” is approaching. A wide
range of PV subsidy policies resulted in subsidy gaps,
project stagnation, and other problems, which had a great
impact on domestic demand; the overall growth of PV
new installed capacity slowed down.

The second stage is from 2020 to 2025. Based on the pre-
diction of SVR and BiLSTM model, China’s new solar PV
installed capacity will grow rapidly, from 50.37GW in 2020 to
146.76GW in 2025. After 2020, the state will issue a series of
policies to effectively undertake the “solar PV 531 New
Deal,” encourage and support the development of distributed
solar PV; and the development cost of new energy such as
wind energy and solar energy will drop rapidly, which makes
it possible to build an energy system with clean energy as the
main body and solve the climate and environmental crisis. As
the situation of COVID-19 epidemic prevention and control in
China improves, the PV industry returns to work and produc-
tion faster; domestic and foreign market demand and projects
accelerate; the PV industry will gradually step into the era of
“affordable Internet access.”

The third stage is from 2025 to 2035. According to the
forecast results of the model, the overall development of
China’s solar PV industry will show steady growth. By
2035, China’s cumulative installed solar PV capacity will
reach 2833GW. With the continuous progress of material
technology and process technology, the driving force of the
solar PV industry has shifted from the original subsidies to the
endogenous drive of scientific and technological research and
development, and the solar PVmarket has stepped into the era

Fig. 7 Phase analysis of China’s
installed solar capacity in 2010–
2035
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of “affordable Internet access.” At the same time, to step into
the era of “renewable energy” and realize the goal that renew-
able energy generation accounts for more than 50% of the
global electricity supply, China’s installed solar PV capacity
will enter the stage of scale effect, and more investment in
solar PV industry will drive the sustained growth of GDP.
During the energy transformation period, the photovoltaic in-
dustry is bound to follow the path from “affordable Internet
access” to “low-cost Internet access” and then to clean substi-
tution, laying the foundation for the long-term goal of forming
an energy system based on renewable energy in China by
2050.

As the public’s attitude towards expanding the scale of the
solar PV industry will be eased, economic growth and elec-
tricity demand will continue to slow down, so China’s energy
transformation to green energy will be impeded. Coal-fired
power generation is still in the leading position, which makes
the government lack full and reasonable understanding role of
the solar PV industry in creating employment and improving
employment structure. This paper forecasts the number of jobs
created by China’s solar PV industry from 2020 to 2035 by
using the EF method, which includes three types: manufactur-
ing, construction and installation, and operation and mainte-
nance. As can be seen from Figure 8, with the reduction of
renewable energy costs and the continuous growth of the solar
PV installed capacity, the employment of the solar PV indus-
try in 2020–2035 shows a gradual upward trend. The strong
growth of solar PV industry makes the employment of solar
PV industry reach 3.52 million in 2035, an increase of 187%

compared with 2020. In 2020–2024, the growth rate is large,
but after 2024, the growth rate gradually slows down. The
results show that, with the rapid expansion of the solar PV
market in the future, the employment prospect of solar PV
industry can be predicted. Meanwhile, with the help of the
solar PV installed capacity and the number of employees from
2020 to 2035 predicted above, the employment megawatt ra-
tio of the solar PV industry can be obtained, as shown in
Table 7. From 2020 to 2035, the employment megawatt ratio
of the solar PV industry shows a downward trend year by
year. The reason for this result is that due to the continuous
improvement of scale economy and technology development
level of solar PV industry, mechanization and automation are
replacing manual labor.

With economic stagnation and high unemployment in
many regions under the influence of COVID-19 in 2020,
job creation is a major priority when designing policies. In
the report issued by the Chinese government in 2021, it was
pointed out that, when formulating macro policies,
persisting in giving top priority to employment and
expanding employment channels will create more jobs to
promote steady and sound economic growth. As the
Chinese government continues to deploy and promote the
development of renewable energy, it will gradually maxi-
mize the benefits of renewable energy development and
make it a powerful “engine” to boost economic develop-
ment and alleviate employment problems.

As can be seen from Fig 9 and Table 8, with the contin-
uous expansion of the solar PV market, the construction
and installation of solar PV installed capacity has created
a large number of employment opportunities, which will
account for 54% of the total employment opportunities in
2035. The proportion of manufacturing jobs is relatively
high in the initial stage before 2025, and it will stabilize
after this stage until 2035. The development of solar PV-
related manufacturing industry will create a number of jobs
with high technical requirements and service level, cover-
ing design materials, equipment manufacturing, power, and
automatic control, and other fields.

During the transition period, the share of operation and
maintenance work increased from 14% of the total jobs in
2020 to 27% of the total jobs in 2035. With the continuous
growth of solar PV installed capacity, the operation and main-
tenance of power facilities has become a crucial part. In the
current situation of the normalization of the epidemic, in order
to effectively reduce the impact of the epidemic on poor out-
door workers, different regions can provide public welfare
jobs according to the actual needs of local photovoltaic indus-
try development, and promote poor people’s local and nearby
employment. The poor households are encouraged to obtain
labor income through their efforts, and actively participate in
photovoltaic operation and maintenance to ensure the effec-
tive supply of labor.

Table 7 Jobs and Jobs/MW ratio in China’s solar PV industry, 2020–
2035

Year Installed capacity(MW) Jobs Jobs/
MW

2020 255,858 1,225,178 4.788

2021 323,240 1,625,173 5.027

2022 420,622 2,314,666 5.502

2023 524,217 2,518,545 4.804

2024 670,979 3,032,495 4.519

2025 840,763 2,627,868 3.125

2026 1,008,117 2,679,943 2.658

2027 1,183,499 2,872,006 2.426

2028 1,369,893 2,972,628 2.169

2029 1,562,307 3,142,715 2.011

2030 1,738,169 2,654,615 1.527

2031 1,926,528 2,868,705 1.489

2032 2,116,664 2,963,261 1.399

2033 2,317,018 3,156,499 1.362

2034 2,552,697 3,645,193 1.427

2035 2,833,058 3,521,850 1.243
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Conclusions and policy implications

Conclusions

This study predicts and analyzes the development prospects
of China’s solar PV industry during the energy transition
period. The positive role of photovoltaic industry in broad-
ening employment channels and alleviating employment
pressure under the normalization of epidemic situation is
further discussed. (1) This paper puts forward a forecasting
model of China’s solar PV installed capacity based on
GRA-BiLSTM. By optimizing and adjusting the parame-
ters of the model, the prediction performance of the model
is evaluated. The MAPE value of GRA-BiLSTM is 5.995,
which indicates that the GRA-BiLSTM method is more
suitable for multi-factor solar PV installed capacity fore-
casting than the benchmark models GRU and LSTM. At
the same time, MIV analysis was used to evaluate the im-
pact of each input index on the output index. Solar energy
consumption and solar power generation have the greatest
impact, with an average contribution rate of 26.42% and
27.20%. (2) The BiLSTM model is used to forecast the

installed solar PV capacity in China from 2020 to 2035.
Forecast results show that China’s solar PV installed capac-
ity will continue to grow in the future, and China’s solar PV
installed capacity will reach 2833GW in 2035. Meanwhile,
combined with the historical data of installed capacity, this
paper discusses the stage characteristics and reasons for
China’s installed capacity. The results show that the solar
PV installed capacity shows an exponential growth trend in
the early stage, mainly because the solar PV subsidy policy
plays a crucial role in the early development of the solar PV
market, but with the scale and intensification of the PV
industry and the decline of subsidies, the growth rate of
solar PV installed capacity will gradually slow down. (3)
This paper estimates the future solar PV market by using
the predicted value of installed capacity. Before 2025, the
number of jobs in different industries will increase rapidly,
but with the continuous improvement of scale economy and
technology development level of solar PV industry, the
growth rate of jobs will slow down. In 2035, the number
of new jobs in solar PV industry will reach 3.5218 million,
an increase of about 187% compared with 2020. China’s
solar PV industry is in good shape, and it is in the stage of
expansion, constantly attracting labor to join the solar PV
industry. These results are of practical value to the decision-
making of power enterprises and the formulation of energy
planning and employment policy of the government.

Due to the difficulty in obtaining some index data and the
inconsistency of some data in scale, the PV installed capacity
prediction model has limitations in the selection of input in-
dex. The next step of the study will consider the photovoltaic
support policies and technological research can be used as the
input index of the same model.

Fig. 8 Annual employment and
growth rate of photovoltaic
industry in 2020–2035

Table 8 Jobs and Jobs/MW ratio in China’s solar PV industry in 2035

Jobs Jobs/
MW

Manufacturing 70,0731 0.247

Operation and maintenance 902,712 0.318

Construction and installation 1,918,405 0.677

Total 3,521,850
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Policy implications

On the one hand, according to the prediction of this study,
China’s photovoltaic installed capacity will enter the stage
of scale effect, and more photovoltaic industry investment
will drive the sustained growth of GDP. On the road of
energy transformation and transformation, photovoltaic
power generation is bound to follow the path from “afford-
able access to the Internet” to “low price access to the
Internet,” and then to clean replacement, which lays the
foundation for the long-term goal of China to form an en-
ergy system dominated by renewable energy in 2050.
Chinese governments at all levels should formulate or ad-
just the equipment installation and employment support
policies of relevant photovoltaic industry according to the
actual situation of local photovoltaic industry development,
so as to ensure the healthy and rapid development of
China’s photovoltaic industry. As most of China’s installed
solar energy capacity is distributed in Xinjiang, Inner
Mongolia, Qinghai, Gansu, and other areas with sufficient
sunshine but slow economic development, the development
of solar PV industry can not only help the rapid develop-
ment of the local economy, but also effectively alleviate the
employment pressure of local labor market.

On the other hand, with the innovation of industrial tech-
nology, the reduction of cost, and the enhancement of com-
petitiveness, many employment opportunities are created
with the actual needs of different types of jobs, and more
and more employment opportunities will be available for
innovative talents and senior managers. But at present,
there are few colleges and universities offering solar PV
specialty in China. Most of the existing technical personnel

are from various vocational colleges. There is a lack of
corresponding research talents in the fields of design mate-
rials, equipment manufacturing, electric power, and auto-
matic control. As a result, many solar PV enterprises have
to employ graduates majoring in electronics, materials and
so on, resulting in problems such as professional mismatch.
Continuous technological progress is the biggest thrust to
reduce the cost of solar PV power generation, and the rapid
reduction of the cost of solar PV power generation is the
firm cornerstone to achieve a high proportion of solar PV
installed capacity deployment. Therefore, we need to make
great efforts in professional training and education in col-
leges and universities to reserve corresponding high-end
talents for the solar PV industry. It is suggested that all
kinds of colleges and universities should set up relevant
solar PV majors, carry out systematic teaching, and
strengthen the cooperation between solar PV enterprises
and universities and scientific research institutions, which
is of positive significance to build the core competitiveness
of enterprises and enhance the scientific research strength
of colleges and universities.
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