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Abstract:



We examine the driving effects of various factors on technological innovation to renewables (TIRES), focusing on a set of 29 provinces in China, and apply a dynamic panel approach. China has become a leading player in research and development spending in renewables, and the dynamic panel estimators we use prove themselves to be suitable in handling the persistent effect on TIRES. The level of TIRES in the previous periods is positively and highly correlated with that in the current period and confirmed the need for a stable and consistent policy support for renewables. Electricity consumption is the most important driver for all renewables and wind energy, but the driving effect was weaker for solar energy and biomass. Research and development intensity is the most important driver for biomass, but is only the second most important driver for all renewables, solar energy and wind energy. Unexpectedly, electricity price has had significant negative impacts on TIRES, which reveals that lowering electricity prices will lead to higher innovation in renewables. The driving effect of renewable energy tariff surcharge subsidy is not significant, which means that Chinese subsidy policy has not played the desired role. The driving effect of installed renewable energy capacity is also minimal, which may be due to the fact that overcapacity will hinder TIRES in China. This paper may help policy-makers and the industry understand how to promote TIRES in China effectively based on these above influential factors.
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1. Introduction


The Paris Agreement on the climate change came into effect on 4 November 2016. As the global institutional arrangement to reduce greenhouse gas emissions significantly in response to climate change action after 2020, the Paris Agreement will become the watershed in the development of global energy development [1]. More than 90% of the parties to the Paris Agreement have set their own renewable energy targets in their Intended Nationally Determined Contributions (INDC) in response to climate change. It is generally agreed that the establishment of renewable energy based energy system is an effective way to the global long-term energy transformation. Meanwhile, the reports issued by Renewable Energy Policy Network for the 21st Century (REN 21), International Energy Agency (IEA) and United Nations Environmental Programme (UNEP) have pointed out that no targets in response to climate change can be realized without the development of renewable energy, and the basic trend of the global energy transformation is realizing the transition from fossil-based energy system to low carbon and sustainable energy systems, and eventually entering the era of sustainable energy based on renewable energy sources [1,2,3].



With the continuous decline in costs and the accelerated progress of promotion, actively promoting TIRES has become a mature solution to deal with climate change. TIRES is of great importance for realizing the win-win strategy of environmental protection and economical sustainability; meanwhile, the increased proportion of renewable energy in the global energy mix can contribute to a series of public policy targets, such as greater energy security, environmental benefits, jobs and economic benefits etc. Since renewable energy projects have much higher up-front costs than fossil fuel projects, the decision to promote TIRES implies substantial up-front investments and cannot be a short-term decision, that is to say, the process of promoting TIRES should be a persistent and dynamic one. We can understand the persistency of the process from Figure 1. As Figure 1 indicates, the annual growth rate of global research and development (R&D) spending in renewable energy is positive in most of time period from 2004 to 2015, which implies that there is a persistence effect in TIRES. This paper intends to apply the dynamic panel approach to analyze the process of TIRES, which should be a persistent one. We are aimed at examining the factors that drive or hinder that process.


Figure 1. Research and development (R&D) spending in renewable energy, 2004–2015, $BN. Source: Bloomberg, Bloomberg New Energy Finance, IEA, IMF, various government agencies.
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Additionally, as Figure 2 indicates, China became the second biggest contributor to R&D spending in renewable energy in 2015, reaching 2.8 billion USD. Europe continued to be the biggest contributor to R&D investment in renewable energy, but it encountered a severe challenge from China. It implied that the focus of the total renewable energy investment shifted from developed economies to developing countries in 2015: the proportion of global investment by developing countries rose from 49% in 2014 to 55% in 2015, with the dollar commitment reaching $155.9 billion in 2015. Meanwhile, developed countries only invested $130.1 billion in 2015. Remarkably, except large hydro, China became the largest investing country for renewables, reaching $102.9 billion in 2015 and occupying more than a third of the global total [3]. Therefore, exploring the factors influencing TIRES in China is bound to attract the attention from the global policy makers and the industry and of great significance for proposing the relevant policy implications.


Figure 2. Corporate and government R&D renewable energy investment by region, 2015 $BN. Source: Bloomberg, Bloomberg New Energy Finance, IEA, IMF, various government agencies.
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We have contributed to the research in this field in three aspects: (i) we add empirical research on driving factors towards TIRES, emphasizing the difference for separate sources of renewable energy; (ii) we show the relative importance of different factors; and (iii) Employing a dynamic panel approach to analyze the persistent TIRES process is new in literature.



The other parts of this paper are arranged as follows. Section 2 makes a literature review. Section 3 presents the methodology, which includes research design, model specification, data sources, data description, etc. Section 4 shows the main results. Section 5 discusses the results. Finally, Section 6 concludes and provides policy implications.




2. Literature Review


There are vast numbers of recent literature on factors promoting renewable energy development and use. The vast majority of this literature are normative and includes descriptive analysis in some countries, such as USA [4,5], the Netherlands [6,7], Denmark [8], Finland [9], Germany [10,11,12], Kazakhstan [13], Europe [14], and UK [15]. However, there is a lack of empirical literature in this field. Further, much of the empirical adopt case studies [16,17,18], field studies [19,20], static panel analysis [21,22,23], there are also a few literature that adopt dynamic panel approach [24,25], but none of those was focused on the case of China. The scarce empirical literature which adopted panel approach is focused on European countries [22,25], Organization for Economic Co-operation and Development countries [23], and advanced countries in wind power development [21]. In this sense, examining the driving effect of various factors on TIRES in China will be meaningful.



A great deal of literature have focused on the research about the drivers of TIRES. Five such research streams could be identified in the literature.



2.1. Renewable Energy Policies


The first research stream shows broad evidence that renewable energy policy makes a primary driving effect on TIRES, but that the choice and design of policies should also be the focus of research [26,27,28]. In general, renewable energy policies can be divided into technology push and market-pull. Market-pull policies aim at creating demand for renewable technologies and at stimulating their diffusion. Technology-push policies advocates increasing the incentives to supply new knowledge. This dichotomy has gained support from literature in recent decades [29,30].



Many literature sources have confirmed the important effects of technology-push approaches, mainly referring to R&D support mechanism together with fiscal policies that motivate private R&D, on promoting TIRES [31,32,33]. In comparison, market-pull approaches still play a small role in the related literature until now [34]. However, there is still some literature which do not confirm the statistically significant effect of R&D investment [23,35].



Specifically, Watanabe et al. (2000) indicate that public R&D investment has a positive effect on technological innovation in the Japanese PV sector. They argue that this investment helps to realize a virtuous cycle between technological innovation, price reduction, market growth, and supplementary industry R&D spending [36]. If R&D investment is regarded as an exogenous technology-push mechanism, it was tested to exert a driving effect on renewable energy diffusion together with renewable energy support policies (an exogenous demand-pull measures) and per capita income (an endogenous demand-pull measure), whereas economic growth is a stronger driver since it is endogenous element [30]. According to the interaction effect with other policy instruments in different country and region, Klaassen et al. (2005) [37] examined the effect of public R&D investment on cost reduction innovation for wind turbine farms in Denmark, Germany and the United Kingdom(UK) and concluded that R&D support policy, in conjunction with investment subsidies, were most successful in Denmark in driving innovation, and capacity promoting subsidies were most effective in motivating innovation in Denmark and Germany. Further, compared with RD&D expenditure, RD&D intensity (e.g., spending per unit of GDP), which is more suitable for comparison among different regions with significantly different resource endowment and scientific capacity, may be a better indicator measuring RD&D performance on innovation [38]. Employing patent counts to measure innovative output, Johnstone et al. (2010) [39] revealed that public R&D funding was positively correlated with renewable energy technological innovation. Furthermore, policy instrument is also necessary to stimulate private R&D, as this is a complementary factor for public R&D funding.



Some recent literature have suggested that the best policy is keeping a balance between technology-push and market-pull approaches and emphasizing enhancing the interface between technology suppliers and users [40,41], as R&D may have greater innovation effects on less mature technologies [36].




2.2. Persistent Innovation and Policy Stability


The second research stream suggest that the process of innovations is typically incremental, cumulative and persistent [42,43]. Innovation can bring revolutionary results with the persistent and accumulation effect of past innovation, or with the radical performance characteristics that it introduces. In view of the persistent character of innovation, policies promoting investment in renewables should maintain long-term stability because the risk of policy change will cause financing difficulties, increase the premiums of financing risk, and thus reduce the effectiveness of the overall policy [44]. Barradale (2010) demonstrated that it is not the absence of the production tax credit (PTC) that leads to the investment downturn during “off” years, but rather the uncertainty over the investment periods [45]. With time-series cross-sectional analyses, Liang and Fiorino (2013) made empirical research on the driving effects of the stability of federal R&D spending on innovation (measured by patent counts) in different renewable energy sources (i.e., solar, wind, hydropower, geothermal, and bioenergy). They suggest that stability effect has greater explanatory power on innovation activities in renewables [46].




2.3. Market Demand and Renewable Energy Innovation


The earlier studies of innovation have made the conclusion that the dominant driving factor on the innovation process is market demand, that is, innovations are in some sense “called forth” or “triggered” in response to demands for the satisfaction of certain classes of “needs” [47,48,49]. Specifically, compared with the level of technological abilities, market demand incentives are also of great importance when providing investment incentives for firms since great investments are urgently needed in the processes of innovation [50]. In this respect, the extent of market demand and the level of prices have been regarded as two important drivers for renewable energy innovation [51,52,53,54].



Though some literature has widely acknowledged the stimulating effect of the market demand for innovation, such as Rehfeld et al. (2007) for Germanny and Veugelers (2012) for Flanders [55,56], the most recent literature indicates that different factors trigger different stages of innovation. Specifically, market demand and regulations have greater driving effects on the early stages of innovation, while firm size, technology push (R&D) and the company’s green capabilities have greater effect on either development or implementation stages of innovation [57].




2.4. Renewable Energy Subsidies


Renewable energy subsidy support mechanisms are necessary instruments to promote the application and innovation of most renewable technologies until they become mature and can compete with existing energy technology options [57]. For immature technologies, including renewable energy ones, demand subsidies are not so effective as R&D in contributing to cost reductions in renewables [58,59]. Many European countries usually provides subsidies on clean electricity through feed-in tariffs rather than subsidizing renewable energy equipment directly, however, feed-in tariffs adjusted optimally is far less effective than a first-best policy, causing substantial welfare losses in the case of too low emission tax or large market power in the fossil-fuel sector [60]. Further, compared with a carbon price policy, employing permanently renewable energy subsidies as effective instruments to achieve mitigation generates much higher welfare losses. Permanent renewable energy subsidies are not only an expensive choice to realize mitigation targets, but also a very risky instrument because even a small deviation from the optimal value will lead to a rapid rise in emissions or a loss of welfare [61]. Therefore, subsidy policy should not been regarded as an optimal choice for the long term. In order to promote the low-carbon transformation of the global economy successfully, governments will need to create fair competing environments for clean energy investment through carbon pricing, enhancing stable and predictable regulatory and investment environments, instead of relying on subsidies to renewable energy industry [62].



For the case of China, since the Renewable Energy Act came into effect, a series of specific incentive measures, especially subsidy policies have promoted great developments in TIRES and market application. However, the subsidy for renewable energy power from 2006 to April 2011 amounted to 33,448.84 million CNY and the subsidy cost reached 0.248 CNY/kWh, which was distributed among different renewable energy power categories (including electricity price, accessing-grid projects, and public independent renewable energy power system). Specifically, the vast majority of subsidies were used for electricity price category, occupying as much as 95.6% [63]. However, the reality is that the subsidy collection for China’s renewable energy development is not satisfactory, by the end of 2015, delays in subsidy collection and problems with solar panel quality were still the biggest concerns and doubts for investors in solar PV markets [64]. As a matter of fact, China has encountered difficulties in the implementation of subsidy policies. For example, the centralized subsidy system is always with problems like corruption, the subsidy is likely to be embezzled in each level of the system [65]. Additionally, due to vague guidance, China’s subsidy policies lead to a variety of problems such as overcapacity, excessively fierce competition, and lack of funds, and so on [65]. Therefore, in view of the welfare losses, discounted mitigation performance and a series of unintended effects resulted from the implementation of the subsidy policy, carbon pricing can be regarded as one of the most effective measures to stimulate private investment for the long run. A strong price signal in all major economies will guide financial resources away from fossil fuels and advance technology innovation for renewable energy [66].




2.5. Scale and Innovation


The viewpoint that scale has a positive effect on innovation actually stems from Joseph Schumpeter, who put forward the term “creative destruction” and indicated that large-scale firms were “the most powerful engine of progress” [67]. Drawing lessons from his work, some economists developed “Schumpeterian Hypothesis”, which proposed the argument that bigger firms have stronger incentives to spend on innovation than a smaller one. The recent empirical literature in industrial organization suggested that the effect of scale on innovation is pivotal, especially in relation to the Schumpeterian idea concerning whether large firms have more innovative power than smaller ones [68]. Further, developing an endogenous growth framework, Akcigit and Kerr (2010) show that incremental innovation scales much stronger with firm size than novel innovation [69]. In reality, many large organizations have strong abilities to innovate and can capture the benefits of having the scale of deploying innovative solutions across a broader market. To capture this benefit, they must understand and plan for resistance to major change. That is to say, large organizations usually have the patience to let an idea breathe and can finally achieve the greatest advantage of scale [70].



As far as we know, many previous studies focused on the influence of limited factors on TIRES and ignored the mechanism of the combined effects of various factors by applying dynamic panel estimators. Though a few studies have indeed examined the impacts of various factors on TIRES applying static or dynamic panel approach, they have focused only on the case of European countries or OECD(Organization for Economic Co-operation and Development) countries [22,23,25], instead of China, and they also do not consider this issue for different sources of renewable energy. However, in recent years, China has begun to play a leading role with rapidly increasing investment in renewable energy [3]. The relative importance of different factors for different renewable energy sources (wind, solar, geothermal, ocean and biomass) may be significantly different. Thus, empirical studies focusing on the effects of various factors on TIRES for overall renewables or different sources in China and using a dynamic panel approach will be more meaningful in the future.



Therefore, compared with the existing literature, we tried to gain new insight and make contributions to the following three aspects. (1) We add empirical knowledge about drivers towards TIRES, emphasizing the difference for separate sources of renewable energy (wind, solar, biomass, etc.). (2) Our study was based on an integrated theoretical framework that considers different factors for TIRES (including TIRES in previous period, renewable energy subsidy, renewable energy policies, scale and market demand); most of the other studies only provided a partial consideration of those factors. (3) Applying a dynamic panel approach to analyze the persistent process of TIRES in China is new in the literature.





3. Methodology


3.1. Research Design


This paper employs a dynamic panel approach to examine the driving effect of various factors on TIRES. Such a dynamic panel analysis allowed us to identify and compare the impact of various factors on TIRES for different regions of China, especially the persistent effect of TIRES in previous period on that in current period. As noted earlier, prior studies employed static panel analysis [23,71], systematic dynamic model [72], and case study [73,74] to explore the factors influencing TIRES and found that their effects are not consistent. We argue that such methods are restricted to static analysis or just aimed at overall renewables; in contrast, dynamic panel analysis is more suitable for the research on persistence effects [25,33]; accordingly, dynamic panel studies in the case of different renewable energy sources aimed at different regions of China are also urgently needed. Therefore, we adopted the dynamic panel method to examine the driving effect of various factors on TIRES based on the dynamic panel data of 29 provinces in China from 2006 to 2013.




3.2. Panel Model


To demonstrate the technology innovation status of the total renewables and separate sources of renewable energy respectively, we represented the dependent variable using a series of variables respectively: technological innovation to renewables (TIRES), technological innovation to wind (TIW), technological innovation to solar (TIS), technological innovation to geothermal (TIG), technological innovation to ocean (TIO), and technological innovation to biomass (TIB).



We considered a number of explanatory variables that are likely to generate incentives for innovation and put forward the principal hypotheses as follows: Continuous technological innovation to renewables ()TIRESt−1. The innovation process is characterized by incremental, cumulative, and assimilative. Innovation may lead to revolutionary results through the accumulation of small steps [42]. Accordingly, the decision for promoting TIRES should be a continuous process and cannot be a choice for short term. It implies long term great investments and it makes sense to persist in technological innovation in renewables. We tested the following hypothesis: H1—There is a persistence effect in TIRES. We expected to verify the existence of continuous and persistent TIRES, or rather, TIRES in the current period is positively correlated with that in previous periods.



Renewable energy tariff surcharge subsidy (RETSS). According to the 2006 Renewable Energy Law, the additional cost of integrating electricity from renewable energy sources should be shared among the entire electricity system. The 2006 Law put forward the Renewable Energy Surcharge, which was a fixed tariff added to the price of each kWh of electricity sold through the grid. The revenue generated by this premium is then to be shared among power distributors and utilities to balance the higher price they have to pay for electricity from renewable energy sources [75]. The introduction of renewable energy tariff surcharge in China is an effective policy to mobilize the whole society forces to support the development of renewables [75,76]. As one of China’s typical financial incentives, RETSS should play a significantly positive role in promoting TIRES. We tested the hypothesis: H2—Renewable energy tariff surcharge subsidy has significant positive impacts on TIRES. RETSS should be positively correlated with TIRES, since higher levels of RETSS would make electricity from renewable sources competitive with that from traditional fossil sources.



Research and Development intensity (hereafter called RDI). From the supply-side, there are great chances that general scientific inputs (scientific personnel, Research and Development expenditures, Research and Development intensity etc.) have a significant and positive effect on inventive activity in general. Among these, Research and Development intensity may be an appropriate indicator to capture and compare the driving effects of general scientific inputs on inventive activity in different provinces of China since it is suitable for comparison among different regions with significantly different scientific resources and capacity [77,78,79]. Therefore, we tested the hypothesis: H3—Research and Development intensity has significant positive impacts on TIRES. RDI should be positively correlated with TIRES, since higher levels of RDI in a specific region indicate that this region put more emphasis on resource and personnel inputs into innovation, which lead to greater innovation.



Renewable Energy Installed Capacity (hereafter called REIC). Some recent studies have indicated that scale had a positive effect on the level and quality of innovation [80,81], some studies selected installed capacity of renewable energy as the proxy for scale, but did not confirm its significantly positive effect [82]. Therefore, we test the hypothesis: H4—Renewable energy installed capacity has significant positive impacts on TIRES. REIC should be positively correlated with TIRES since higher levels of REIC in a specific region indicate that the renewable energy industries in this region take the advantage of the scale benefit to deploy innovative solutions across a broader market.



Electricity Consumption (ECONS). Earlier studies focused on the driving effect of market demand in inducing innovation; innovations are in some sense “called forth” or “triggered” in response to market demand. As with any industry, inventive activities are likely to respond to profit-making opportunities. Therefore, the potential to gain investment profits will significantly increase as the market continues to grow [47,48,49]. Marco Guerzoni (2010) puts forward a model where market demand is regarded as a special integration of two conditions of market size and users’ sophistication, and discusses the basic mechanisms of demand-pull innovation [83]. Thus, we test the hypothesis: H5—Electricity consumption has significant positive impacts on TIRES. The sign of the effect should be positive since fast-growing electricity consumption in a specific region indicates that renewable energy industry in this region face fast-growing demand, which lead to greater innovation.



Electricity Price (EPRICE). In accordance with the “induced innovation” hypothesis [84,85], the commercial feasibility of renewable energy depends on its cost to a large extent, compared with substitute factor inputs. Since the costs of electricity generated from renewable energy sources are generally higher than that generated from fossil fuels, the rationalization of electricity pricing mechanism in the mid- and long-term and an reasonable increase in the price of electricity should make renewable energy more competitive and drive innovation in this area [86]. Therefore, we tested the hypothesis: H6—Electricity price has significant positive impacts on TIRES. EPRICE should be positively correlated with TIRES since higher levels of electricity price would mitigate the cost constraints of renewable energy and make electricity from renewable sources competitive with that from traditional energy sources. The above 6 hypothesis is tabulated in Table 1.



Table 1. Research hypothesis.







	
Variable

	
Hypothesis
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H1—There is a persistence effect in TIRES.
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H2—Renewable energy tariff surcharge subsidy has significant positive impacts on TIRES.




	
RDI

	
H3—Research and Development intensity has significant positive impacts on TIRES.




	
REIC

	
H4—Renewable energy installed capacity has significant positive impacts on TIRES.




	
ECONS

	
H5—Electricity consumption has significant positive impacts on TIRES.




	
EPRICE

	
H6—Electricity price has significant positive impacts on TIRES.










In this paper we cannot control for variables of various policy instruments, such as feed-in-tariffs, investment subsidies, tax credits, support tax policy, tendering systems, renewable energy portfolio standard and tradable green certificates. Additionally, we still cannot include fossil fuel price in the explanatory variables. In fact, we are unable to include these variables due to: (i) lack of data for 29 provinces throughout our time span, such as fossil fuel prices; and (ii) some of these measures have not been adopted yet in all provinces in China, such as, renewable energy portfolio standard and tradable green certificates.



We established a panel model by expanding the renewable energy technological innovation model proposed by Johnstone et al. (2010), who suggested that renewable energy technological innovation can be explained by a number of explanatory variables such as policy variables, specific R&D expenditures, electricity consumption, electricity price and total European Patent Office filings. Drawing upon this model and in view of the above mentioned 6 hypothesis, our panel model includes the following seven variables: TIRES, TIRESt−1, RETSS, RDI, REIC, ECONS and EPRICE. The first hypothesis of persistence in TIRES requires, by its nature, a dynamic approach. Accordingly, we propose the following basic model:


[image: ]



(1)




where the subscripts [image: ] and [image: ] denote the province and time, respectively, [image: ] denotes the constant term, [image: ] denotes the coefficient for TIRESit−1, [image: ] represents the coefficients for other explanatory variables. Here the disturbance term [image: ] has two orthogonal components: the non-observable fixed effects (time invariant), [image: ], and the idiosyncratic shocks, [image: ]. That is [image: ]. Specifically, [image: ] refers to individual fixed effects, which do not change with time. In our panel model, the non-observed fixed effects should refer to the individual heterogeneity of every provinces (there are 29 provinces in our panel data sets) which is time invariant during our time span (2006–2013). [image: ] refers to the disturbance term which change with the individuality and time and contains information other than the main variables of this panel model. Moreover, in order to eliminate the dimension of each variable and to overcome the heteroscedasticity to some extent, the model can be expressed in logarithmic form and rewritten as follows:


[image: ]



(2)







Moreover, the high correlation coefficient between lnTIRES in the current period and that in the previous period is about 0.92, which confirms the high persistence effect in TIRES and strongly supports the adoption of dynamic estimators in our panel model.



As Table 2 shows, we detected signs of autocorrelation (Wooldridge test for autocorrelation, under H0: no first-order autocorrelation) and presented a highly significant F-statistic for all regressors and dependent variables, which certified the existence of first order autocorrelation and further confirms the adoption of dynamic regression. However, besides the dynamic approach, we also adopted the static fixed-effects panel estimation to cope with autocorrelation, and this method used a disturbance term being first-order autoregressive to eliminate serially correlated errors. It allowed more efficient parameter estimates than the independent and identically distributed (i.i.d.) error model in the standard static fixed effect estimation. The model can be written as:


[image: ]



(3)







Table 2. Wooldridge test for autocorrelation in panel data.







	
Variable

	
F-Statistics

	
P Value






	
lnTIRES

	
F(1, 28) = 23.429

	
Prob > F = 0.0000




	
lnTIRESL1

	
F(1, 28) = 27.688

	
Prob > F = 0.0000




	
lnRETSS

	
F(1, 28) = 10,715.704

	
Prob > F = 0.0000




	
lnRDI

	
F(1, 28) = 33.185

	
Prob > F = 0.0000




	
lnREIC

	
F(1, 28) = 13.101

	
Prob > F = 0.0012




	
lnECONS

	
F(1, 28) = 531.333

	
Prob > F = 0.0000




	
lnEPRICE

	
F(1, 28) = 186.559

	
Prob > F = 0.0000










With AR(1) error [image: ]. Durbin-Watson was the method used to compute autocorrelation, where lnTIRESit technological innovation to renewables in the current period and lnRETSSit, lnRDIit, lnREICit, lnECONSit and lnEPRICEit are explanatory variables.



In comparison, dynamic estimators can test how the dependent variable depends on its values in the previous period. The main advantages of the choice for dynamic estimators are as follows: (i) to eliminate the individual non-observable effects of provinces; (ii) to deal with endogeneity among explanatory variables, since their lagged values are used as instrumental variables; (iii) to address collinearity among variables; and (iv) to evaluate the persistence of technological innovation to renewables, allowing us to test whether TIRES in the current period is significantly positive correlated with previous one [25].



In general, we decided to employ four different panel methods: static fixed effects (FE) with AR(1) error terms, the difference Generalized Method of Moments (GMM-dif), the system Generalized Method of Moments (GMM-system) and Least Squares Dummy Variable Corrected (LSDVC). Initially, by Wooldridge test for autocorrelation, we selected the static FE model with AR (1) to carry out estimations on Equation (3). Then we turned to a dynamic approach to deal with autocorrelation. At first, the difference GMM estimator eliminated fixed effects by first-differencing [87]. This paper estimates Equation (2) by using variables in first-differences and lagged levels of lnTIRES and its determinants. This procedure eliminates correlation between [image: ] and lnTIRESit−1. However, when the number of sample periods w not large, the first-differencing GMM estimator may be biased by the impact of weak instrumental variables provided by lagged levels of the series [88]. To address these issues, Blundell and Bond [88] propose a system GMM estimator (GMM-system). This estimator considers introducing more instruments, namely instruments in first-differences for the equation in levels, and instruments in levels for the equation in first-differences. The systems of equations both in levels and first-differences lead to more robust instruments and can dramatically improve efficiency. There are two conditions that should be established for GMM-dif and GMM-sys to be considered valid: (i) over-identifying restrictions created as a result of the use of instrumental variables for endogenous variables should be valid; and (ii) there is no second-order autocorrelation.



Employing Monte Carlo simulation, Bruno [89] argued that Least Squares Dummy Variable Corrected (LSDVC) estimator is often superior to GMM estimators, both in terms of bias and root mean squared error. The disadvantage of GMM estimators, which generate a large number of instrumental variables under the background of a small number of cross-sectional units, can cause biased and inaccurate estimated parameters. Taking our sample into consideration, we employ the LSDVC estimator. By employing those three dynamic estimators, we are able to test whether TIRES in the previous period has a robust effect on that in the present period.




3.3. Data Sources


Data from the year 2006 to 2013 for 29 Chinese provinces was used. We focused on the following provinces (Anhui, Fujian, Jiangxi, Beijing, Tianjin, Hebei, Guangdong, Guangxi, Hainan, Hubei, Hunan, Heilongjiang, Jilin, Liaoning, Ningxia, Xinjiang, Shandong, Henan, Shanxi, Inner Mongnia, Shaanxi, Gansu, Qinghai, Shanghai, Jiangsu, Zhejiang). The data were derived from State Intellectual Property Office of the P.R.C. (SIPO) (2006–2013), the Annual Report on Electricity Regulation (2006–2013), China Statistical Yearbook on Science and Technology (2007–2014), China Electric Power Yearbook (2007–2014), China Energy Statistical Yearbook (2007–2014), China Agriculture Yearbook (2007–2014) and China Statistical Yearbook (2007–2014). Then we employed the following appropriate indicators for measuring dependent variable and explanatory variables.



In most economics literature, the number of patents and patent applications are usually considered as the most appropriate indicators to evaluate the companies’ innovative performance in terms of new technologies, new processes and new products [39,90,91]. We selected patent applications as the indicator for TIRES for the following reasons. Firstly, patent applications provide a complete picture of characteristics of the invention and the applicant. Secondly, the patent data is both usable at any time, discrete, timely updated, and covering almost every specific field of technology. It is worth noting that there are very few economically major inventions that have not been patented [92,93]. We use as a dependent variable technological innovation to renewables ()(TIRES), measured as the patent counts of renewables. Relevant patent counts in different areas of technology can be identified employing the International Patent Classification (IPC) codes, developed at the World Intellectual Property Organisation. This classification system is a hierarchy of codes, structured into different levels. Based upon the previous literature review, this paper uses a group of IPC codes to identify the patents counts in specific renewable energy sources (including wind, solar, geothermal, ocean and biomass). Table 3 shows the relevant codes and their definitions completely.



Table 3. International Patent Classification (IPC) codes used for patent counts of specific renewable energy.







	
Specific Areas of Renewable Energy

	
IPC Code






	
Wind

	
F03D, B63H13/00




	
Solar

	
F03G6/00-08, F24J2, F25B27/00, F26B3/28, H01L31/042, H02N6/00, E04D13/18, B60L8/00




	
Geothermal

	
F03G4/00-06, F24J3/00-08, H02N10/00




	
Ocean

	
F03G7/05, F03G7/04, E02B9/08, F03B13, F03B7/00




	
Biomass

	
C10L5/44, F02B43/08, C10L1/14, C12P7, C10L1/02, C12M1/107










According to “Interim Measures on Renewable Energy Electricity Prices and Cost Sharing Management” (NDRC Price (2006) 7 Document, referred to the seventh Document in the following) issued by the National Development and Reform Committee (NDRC) on 4 January 2006, renewable energy tariff surcharge subsidy should be approved by the price department of the state council and levied in accordance with the actual use of the electric power by the electric power users and by the national unified standard. From 28 June 2006 to 5 January 2016, the levying standard of RETSS has been adjusted for 6 times and increased from 0.001 CNY/KWh to 0.019 CNY/KWh. Since we used total electricity consumption for 29 provinces of China to measure the actual use of the electric power, we obtain the RETSS for 29 provinces of China by multiplying the total electricity consumption with the actual levying standard for each year from 2006 to 2013.



The data for research and development intensity of 29 provinces in China can be obtained from China Statistical Yearbook on Science and Technology (2007–2014). The data for renewable energy installed capacity and electricity consumption can be obtained from China Electric Power Yearbook (2007–2014). Finally, the electricity price variable was calculated by weighting price indices for residential and industrial use by consumption levels and we get the data from the Annual Report on Electricity Regulation of China (2006–2013). Table 4 provides the definition of the variables used in our paper.



Table 4. Definition of the variables used in the study for the period 2006–2013.







	
Variable

	
Measurable Indicator

	
Unit of Measurement






	
Technological innovation to renewables

	
patent counts of renewables

	
pieces




	
Technological innovation to wind

	
patent counts of wind energy

	
pieces




	
Technological innovation to solar

	
patent counts of solar energy

	
pieces




	
Technological innovation to geothermal

	
patent counts of geothermal energy

	
pieces




	
Technological innovation to ocean

	
patent counts of ocean energy

	
pieces




	
Technological innovation to biomass

	
patent counts of biomass energy

	
pieces




	
Renewable energy tariff surcharge subsidy

	
Renewable energy tariff surcharge revenue balances

	
Ten thousand yuan




	
Research and Development intensity

	
Input intensity in R&D expenditures

	
percent




	
Renewable energy installed capacity

	
Statistics of renewable energy installed capacity

	
MW




	
Electricity consumption

	
Statistics on electricity consumption of the whole society

	
MWh




	
Electricity price

	
weighting price indices for residential and industrial use by consumption levels

	
Yuan/MWh











3.4. Data Description


Table 5 shows the descriptive statistics for the main variables. The average TIRES index value for all regions was 69.80603, where the lowest was 0 (Qinghai, 2007) and the highest was 656 (Jiangsu, 2013). The average WIND index value for all regions was 15.23276, where the lowest was 0 (Henan, 2008–2010; Hainan, 2007–2009; 2011–2012; Guizhou, 2012; Yunnan, 2008; Shaanxi, 2006, 2008–2011; Gansu, 2007–2013; Qinghai, 2006–2007, 2011–2013; Ningxia, 2006–2009, 2011) and the highest was 133 (Jiangsu, 2011, 2013). The average RETSS index value was 56,181.05 ten thousand yuan, where the maximum was 431,206.5 ten thousand yuan (Jiangsu, 2013) and the minimum was 461.53 ten thousand yuan (Hainan, 2006). The average RDI index value for all provinces was 1.350733%, where the maximum was 6.08 % (Beijing, 2013) and the minimum was 0.2% (Hainan, 2006). The average REIC index value in all regions was 1141.211 MW, where the maximum was 19,908 MW (Inner Mongolia, 2013) and the minimum was 0 MW (Anhui, 2006–2010; Jiangxi, 2006–2007; Henan, 2006–2007; Hubei, 2006; Hunan, 2006–2008; Guangxi, 2006–2010; Sichuan, 2006–2008; Guizhou, 2006–2010; Yunan, 2006–2007; Shaanxi, 2006–2010; Qinghai, 2006–2010). The average ECONS index value was 136,230.9 MWh, where the maximum was 495,700 MWh (Jiangsu, 2013) and the minimum was 9768 MWh (Hainan, 2006). The average EPRICE index value in all regions was 542.7232 yuan/MWh, where the maximum was 1170.57 yuan/MWh (Sichuan, 2013) and the minimum was 293.98 yuan/MWh (Qinghai, 2006).



Table 5. Descriptive statistics for all variables.







	
Variable

	

	
Average Value

	
Standard Deviation

	
Minimum Value

	
Maximum Value

	
Observation Value






	
WIND

	
overall

	
15.23276

	
22.15973

	
0

	
133

	
232




	
Between groups

	

	
19.2197

	
0.125

	
86.5

	
29




	
Within group

	

	
11.52609

	
−44.26724

	
61.73276

	
8




	
SOLAR

	
overall

	
34.57328

	
58.17427

	
0

	
424

	
232




	
Between groups

	

	
50.1225

	
1.75

	
241.5

	
29




	
Within group

	

	
30.79139

	
−166.9267

	
217.0733

	
8




	
GEOTHERMAL

	
overall

	
1.228448

	
2.009601

	
0

	
13

	
232




	
Between groups

	

	
1.157308

	
0

	
4.375

	
29




	
Within group

	

	
1.65521

	
−2.146552

	
10.97845

	
8




	
OCEAN

	
overall

	
6.900862

	
8.79313

	
0

	
67

	
232




	
Between groups

	

	
6.662409

	
0.125

	
22.625

	
29




	
Within group

	

	
5.854615

	
−15.72414

	
51.27586

	
8




	
BIOMASS

	
overall

	
11.59914

	
15.8581

	
0

	
117

	
232




	
Between groups

	

	
11.27771

	
0.125

	
45.875

	
29




	
Within group

	

	
11.32019

	
−15.02586

	
100.8491

	
8




	
TIRES

	
overall

	
69.80603

	
97.77415

	
0

	
656

	
232




	
Between groups

	

	
83.91125

	
4

	
378.25

	
29




	
Within group

	

	
52.26905

	
−239.444

	
347.556

	
8




	
RETSS

	
overall

	
56,181.05

	
72,972.5

	
461.53

	
431,206.5

	
232




	
Between groups

	

	
39,135.86

	
6417.454

	
154,637.8

	
29




	
Within group

	

	
61,965.98

	
−85,732.54

	
332,749.8

	
8




	
R&DI

	
overall

	
1.350733

	
1.031938

	
0.2

	
6.08

	
232




	
Between groups

	

	
1.026288

	
0.335

	
5.565

	
29




	
Within group

	

	
0.2086738

	
0.7357326

	
2.058233

	
8




	
REIC

	
overall

	
1141.211

	
2546.448

	
0

	
19,908

	
232




	
Between groups

	

	
1796.166

	
40.5

	
8972.875

	
29




	
Within group

	

	
1831.925

	
−7283.664

	
12,076.34

	
8




	
ECONS

	
overall

	
136,230.9

	
101,533.5

	
9768

	
495,700

	
232




	
Between groups

	

	
97,390.38

	
15,670.88

	
392,781.3

	
29




	
Within group

	

	
33,340.37

	
22,729.89

	
261,454.9

	
8




	
EPRICE

	
overall

	
542.7232

	
140.9749

	
293.98

	
1170.57

	
232




	
Between groups

	

	
134.6132

	
330.0037

	
1044.986

	
29




	
Within group

	

	
47.98252

	
416.5032

	
672.1695

	
8










Figure 3 shows the total number of State Intellectual Property Office of the Peoples’ Republic of China (SIPO) patent applications for five renewable energy sources. The patent applications for the five sources grew dramatically since China promulgated the Renewable Energy Law in 2005, however, the growth rate was very slow from 1985 to 2004. Solar applications were the highest, followed by wind applications, and biomass, ocean and geothermal applications took the third, the fourth and the fifth respectively. Solar applications reached the peak value in 2012, then started to fall off in 2013 and 2014, and rebounded in 2015. By comparison, wind applications reached the peak value in 2014, then decreased in 2015. Meanwhile, biomass and ocean have risen steadily particularly since 2005. The patents for geothermal energy is relatively small, but it has been also increasing.


Figure 3. Number of State Intellectual Property Office of the Peoples’ Republic of China (SIPO) patent applications for renewables by type of technology.
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Figure 4 compares total patent applications for a selection of provinces in China which have showed significant levels of innovation. Jiangsu has the highest total number of patents, followed by Beijing and Shandong. Guangdong, Shanghai and Zhejiang have at least 1600 patent applications over the period (2006–2015).


Figure 4. Number of SIPO patent applications for renewables by province.
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In addition to these provinces, there are specific areas in which individual provinces have been important innovators for specific renewables. As shown in Figure 5, Figure 6, Figure 7, Figure 8 and Figure 9, Jiangsu also has the highest number of patents in wind, solar and ocean, Beijing has the highest number of patents in geothermal and biomass, in addition to Jiangsu and Beijing (provinces which have been consistently important innovators for most renewables), other important innovators for specific renewable energy sources have included Shanghai (wind), Shandong (solar, biomass), Guangdong (ocean), Zhejiang (ocean) and Shaanxi (geothermal).


Figure 5. Number of SIPO patent applications for wind by province.
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Figure 6. Number of SIPO patent applications for solar by province.
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Figure 7. Number of SIPO patent applications for geothermal by province.
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Figure 8. Number of SIPO patent applications for ocean energy by province.
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Figure 9. Number of SIPO patent applications for biomass by province.



[image: Sustainability 10 00124 g009]








4. Results


As Table 2 shows, we detected signs of autocorrelation and present a highly significant F-statistic for all regressors and dependent variables, and therefore we employed four different estimation methods to assess the effects of various factors on TIRES: a static FE panel model with the error term being first order autoregressive (Model I); dynamic estimators include the difference Generalized Method of Moments (GMM-dif), the system Generalized Method of Moments (GMM-system) and Least Squares Dummy Variable Corrected (LSDVC).



Since there are few patent counts for geothermal and ocean, we analyzed the empirical results for all renewables (see Table 6), the empirical results for wind, solar and biomass (as indicated by Table 7, Table 8 and Table 9).



Table 6. Results from models for all renewables.







	
Independent Variable

	
Dependent Variable lnTIRESi,t




	
(I) Fixed Effects(AR1)

	
(II) GMM-dif

	
(III) GMM-sys

	
LSDVC




	
(IV) Initial(AH)

	
(V) Initial(AB)

	
(VI) Initial(BB)






	
lnTIRESi,t−1

	
0.1389 *** (0.0854)

	
0.1399 *** (0.0126)

	
0.4630 *** (0.0120)

	
0.3870 *** (0.0125)

	
0.2582 *** (0.0934)

	
0.3717 *** (0.0972)




	
lnRETSSi,t

	
0.1074 * (0.0159)

	
0.0024 (0.0155)

	
−0.0604 (0.0714)

	
−0.0061 (0.0228)

	
0.0600 (0.0166)

	
−0.0123 (0.0169)




	
lnRDIi,t

	
0.4173 *** (0.0317)

	
0.6107 *** (0.0573)

	
0.5199 *** (0.0142)

	
0.4156 ** (0.0440)

	
0.4015 *** (0.0356)

	
0.4482 *** (0.0363)




	
lnREICi,t

	
0.0830 ** (0.0658)

	
0.0737 * (0.0103)

	
0.0305 * (0.0355)

	
0.0692 * (0.0339)

	
0.0704 ** (0.0781)

	
0.0657 * (0.0782)




	
lnECONSi,t

	
0.3775 * (0.0486)

	
0.7493 ** (0.0798)

	
0.5388 *** (0.0121)

	
0.5756 * (0.0799)

	
0.5293 * (0.0548)

	
0.5549 * (0.0564)




	
lnEPRICEi,t

	
−0.7172 ** (0.0790)

	
−0.4279 * (0.0786)

	
−0.7731 *** (0.0305)

	
−0.6039 (6.7161)

	
−0.6568 * (0.0820)

	
−0.5971 * (0.0832)




	
CONS

	
1.683 * (7.7229)

	

	
−8.3211 *** (2.6569)

	

	

	




	
Instruments

	

	
GMM-dif

	
GMM-sys

	

	

	




	
Observations

	
165

	
136

	
165

	
136

	
136

	
136




	
Arellano-Bond test for AR(1) in first differences

	

	
m1(N(0,1)) = −3.27 ***

	
m1(N(0,1)) = −2.74 ***

	

	

	




	
Arellano-Bond test for AR(2) in first differences

	

	
m2(N(0,1)) = 1.16

	
m2(N(0,1)) = 1.69 *

	

	

	




	
F test

	
2.52 ***
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87.27 **

	
109.91 **

	

	

	








Notes: The Sargan test of over-identifying restrictions tests H0 of instrument validity; the m1 test is a test for first-order autocorrelation of residuals, testing H0 of no first-order autocorrelation; the m2 test is a test for second-order autocorrelation of residuals, under H0 of no second-order autocorrelation. ***, **, *, denote significance at 1%, 5% and 10% significance level, respectively. Standard errors are reported in brackets.LSDVC refers to Least Squares Dummy Variable Corrected estimator, GMM refers to Generalized Method of Moments, AR(1) refers to first-order autocorrelation estimator.








Table 7. Results from models for wind energy.







	
Independent Variable

	
Dependent Variable lnTIWi,t




	
(I) Fixed Effects (AR1)

	
(II) GMM-dif

	
(III) GMM-sys

	
LSDVC




	
(IV) Initial (AH)

	
(V) Initial (AB)

	
(VI) Initial (BB)






	
lnTIWi,t−1

	
−0.1687 * (0.0842)

	
0.2147 *** (0.0996)

	
0.1207 * (0.0785)

	
0.0899 * (0.0120)

	
0.0694 ** (0.0963)

	
0.0290 * (0.0102)




	
lnRETSSi,t

	
0.1476 * (0.0233)

	
0.0610 (0.0301)

	
−0.2147 (0.0111)

	
0.1114 (0.0263)

	
0.0953 (0.0240)

	
0.0685 (0.0255)




	
lnRDIi,t

	
0.1431 (0.0532)

	
0.5872 ** (0.0856)

	
0.5080 *** (0.0167)

	
0.1692 (0.0581)

	
0.1744 * (0.0547)

	
0.1600 * (0.0577)




	
lnREICi,t

	
0.1230 ** (0.0109)

	
0.2563 *** (0.0187)

	
0.080 * (0.0611)

	
0.1055 * (0.0113)

	
0.1007 *** (0.0108)

	
0.0924 ** (0.0114)




	
lnECONSi,t

	
0.2263 (0.0723)

	
0.5998 ** (0.0680)

	
0.5150 *** (0.0163)

	
0.1752 * (0.0888)

	
0.1787 * (0.0798)

	
0.1843 * (0.0867)




	
lnEPRICEi,t

	
−0.7234 ** (0.1125)

	
−0.6168 * (0.1244)

	
−0.6571 *** (0.0339)

	
−0.6296 * (1.2294)

	
−0.5753 *** (1.1670)

	
−0.4222 * (1.243)




	
CONS

	
−3.1914 (11.2860)

	

	
−13.4495 *** (2.6696)

	

	

	




	
Instruments

	

	
GMM-dif

	
GMM-sys

	

	

	




	
Observations

	
136

	
110

	
136

	
110

	
110

	
136




	
Arellano-Bond test for AR(1) in first differences

	

	
m1(N(0,1)) = −2.95 ***

	
m1(N(0,1)) = −2.82 ***

	

	

	




	
Arellano-Bond test for AR(2) in first differences

	

	
m2(N(0,1)) = 0.73

	
m2(N(0,1)) = 1.79 *

	

	

	




	
F test
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73.82 *

	
119.75 *

	

	

	








Notes: The Sargan test of over-identifying restrictions tests H0 of instrument validity; the m1 test is a test for first-order autocorrelation of residuals, testing H0 of no first-order autocorrelation; the m2 test is a test for second-order autocorrelation of residuals, under H0 of no second-order autocorrelation. ***, **, *, denote significance at 1%, 5% and 10% significance level, respectively. Standard errors are reported in brackets.








Table 8. Results from models for solar energy.







	
Independent Variable

	
Dependent Variable lnTISi,t




	
(I) Fixed Effects (AR1)

	
(II) GMM-dif

	
(III) GMM-sys

	
LSDVC




	
(IV) Initial (AH)

	
(V) Initial (AB)

	
(VI) Initial (BB)






	
lnTISi,t−1

	
0.1831 *** (0.0865)

	
0.4073 ** (0.0119)

	
0.5373 *** (0.0687)

	
0.4643 *** (0.1329)

	
0.3594 *** (0.0870)

	
0.4145 *** (0.0956)




	
lnRETSSi,t

	
0.0252 * (0.0199)

	
0.0367 (0.0282)

	
−0.0114 (0.0892)

	
0.0235 (0.2636)

	
0.0564 (0.2298)

	
0.0404 (0.2387)




	
lnRDIi,t

	
0.2578 ** (0.0411)

	
0.4918 ** (0.0687)

	
0.4591 *** (0.1116)

	
0.3369 ** (0.5663)

	
0.3242 ** (0.4987)

	
0.3218 *** (0.5281)




	
lnREICi,t

	
0.0710 * (0.0828)

	
0.0367 (0.0874)

	
−0.0107 (0.0429)

	
0.0396 * (0.1014)

	
0.0504 (0.0898)

	
0.0433 (0.0919)




	
lnECONSi,t

	
0.1555 * (0.0699)

	
0.4856 ** (0.0876)

	
0.4351 *** (0.1201)

	
0.3258 * (0.8789)

	
0.3208 * (0.0771)

	
0.3061 (0.8069)




	
lnEPRICEi,t

	
−0.7982 *** (0.0999)

	
−0.638 *** (1.2044)

	
−0.6128 ** (0.3083)

	
−0.7976 ** (1.2347)

	
−0.6076 ** (1.1055)

	
−0.6931 ** (1.1612)




	
CONS

	
8.8970 * (10.0589)

	

	
−7.4822 *** (2.2853)

	

	

	




	
Instruments

	

	
GMM-dif

	
GMM-sys

	

	

	




	
Observations

	
155

	
125

	
155

	
125

	
125

	
155




	
Arellano-Bond test for AR(1) in first differences

	

	
m1(N(0,1)) = −2.78 ***

	
m1(N(0,1)) = −3.24 ***

	

	

	




	
Arellano-Bond test for AR(2) in first differences

	

	
m2(N(0,1)) = −1.04

	
m2(N(0,1)) = −0.53

	

	

	




	
F test

	
2.42 ***
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73.82 *

	
110.03 **

	

	

	








Notes: The Sargan test of over-identifying restrictions tests H0 of instrument validity; the m1 test is a test for first-order autocorrelation of residuals, testing H0 of no first-order autocorrelation; the m2 test is a test for second-order autocorrelation of residuals, under H0 of no second-order autocorrelation. ***, **, *, denote significance at 1%, 5% and 10% significance level, respectively. Standard errors are reported in brackets.








Table 9. Results from models for biomass energy.







	
Independent Variable

	
Dependent Variable lnTIBi,t




	
(I) Fixed Effects (AR1)

	
(II) GMM-dif

	
(III) GMM-sys

	
LSDVC




	
(IV) Initial (AH)

	
(V) Initial (AB)

	
(VI) Initial (BB)






	
lnTIBi,t−1

	
0.0527 (0.1090)

	
0.0509 ** (0.1191)

	
0.2575 *** (0.0845)

	
0.2738 *** (0.1211)

	
0.2246 *** (0.1003)

	
0.2728 *** (0.1053)




	
lnRETSSi,t

	
0.0330 * (0.2922)

	
0.0256 (0.3667)

	
0.0231 (0.1496)

	
0.02912 (0.2972)

	
0.0299 (0.2832)

	
0.0295 (0.2927)




	
lnRDIi,t

	
1.0194 *** (0.7077)

	
0.5721 *** (0.6724)

	
0.7649 *** (0.1205)

	
0.9835 ** (0.7514)

	
1.0154 ** (0.7360)

	
0.9779 ** (0.7720)




	
lnREICi,t

	
−0.1865 *** (0.1262)

	
0.0006 (0.1478)

	
−0.0789 * (0.0610)

	
−0.1884 ** (0.1355)

	
−0.1856 (0.1307)

	
−0.1883 * (0.1335)




	
lnECONSi,t

	
0.7179 * (1.2547)

	
0.3162 ** (1.7945)

	
0.3781 *** (0.1959)

	
0.4600 * (1.2587)

	
0.4109 (1.2049)

	
0.4328 (1.2488)




	
lnEPRICEi,t

	
−0.4069 * (1.7207)

	
−0.8644 * (1.7199)

	
−0.4206 (0.4713)

	
−0.4631 (2.0206)

	
−0.4935 (1.9077)

	
−0.5082 (1.9916)




	
CONS

	
−0.0900 (15.096)

	

	
−0.3550 (3.9236)

	

	

	




	
Instruments

	

	
GMM-dif

	
GMM-sys

	

	

	




	
Observations

	
142

	
115

	
142

	
115

	
115

	
142




	
Arellano-Bond test for AR(1) in first differences

	

	
Z = −2.45 **

	
Z = −2.76 ***

	

	

	




	
Arellano-Bond test for AR(2) in first differences

	

	
Z = −1.06

	
Z = −1.83 *

	

	

	




	
F test

	
F(26,109) = 1.80 **
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85.53 **

	
128.41 ***

	

	

	








Notes: The Sargan test of over-identifying restrictions tests H0 of instrument validity; the m1 test is a test for first-order autocorrelation of residuals, testing H0 of no first-order autocorrelation; the m2 test is a test for second-order autocorrelation of residuals, under H0 of no second-order autocorrelation. ***, **, *, denote significance at 1%, 5% and 10% significance level, respectively. Standard errors are reported in brackets.








4.1. Estimation for All Renewables


Overall, most of the explanatory variables possessed the desired signs and magnitudes. To test multicollinearity, we provided the Variance Inflation Factor (VIF) test. Both the mean VIF of 3.44 and the highest individual VIF of 5.41 showed that there is no collinearity here.



The results from estimators GMM-dif and GMM-sys are effective. Since the selection of instrumental variables is the most critical in dynamic panel model, we often have multiple instrumental variables to be available for an endogenous variable, and the problem of over-identification will occur in this case. Therefore, Sargan tests () should be used to check the over-identifying restrictions (namely, the rationality of the use of instrumental variables) [87] (Sargan is used to test the over-identifying restrictions, and it is asymptotically distributed as [image: ] under the null of instrument variable validity, with degree of freedom reported in parentheses [87].). Because the value of [image: ] for both cases are statistically significant at 5% level, restrictions created as a consequence of the use of instrumental variables are valid, which means condition (i) is established. Secondly, condition (ii) is also checked. We cannot reject the null hypothesis of absence of second-order autocorrelation.



As Table 6 shows, the coefficient of lnECONS was at least positive at the 10% level and it was significantly higher than that of the other variables. Thus, at the present stage in China, ECONS is still the most important factor that drives TIRES. This conclusion is also consistent with many other researchers, who suggested that demand has always been an important driving factor that affects innovation [47,50,51,52,53,54]. It implies that TIRES can be effectively promoted by expanding the demand. According to the most recent literature [57], it also indicates that renewable energy technology in China has been on earlier stage of innovation. The coefficient of lnRDI was at least significantly positive at the 5% level, which indicates that RDI is an important driving factor that is second only to ECONS, where this conclusion also agrees with that of previous studies [32,33,36,37]. It means that TIRES can also be effectively promoted by expanding the general scientific inputs in specific region. On the whole, the coefficient of lnTIRESi,t−1 for all models was statistically positive at 1% level, which shows great consistency and strongly certifies that TIRES in the previous period has a highly significant and positive persistent effect, and the magnitude was merely second only to that of lnECONS and lnRDI. It certifies the significance of maintaining a stable policy system.



The coefficient of lnRETSS was not statistically significant for Model II to Model VI, which indicates that RETSS is not a significant factor. This may due to the following fact that the implementation of Chinese renewable energy subsidy policy is not satisfactory, specifically, a large number of subsidy policies aimed at renewable energy have a certain time lag [94]; further, demand side subsidy may generate substantial welfare losses [60].



The coefficient of lnREIC was significantly positive at the 10% level for all models but the value was negligible, which indicates that at present, the larger scale of installed renewable energy capacity can lead to higher technological innovation in this field. However, the driving effect was very limited, this may be due to the following reason, the excessive subsidies and the swarm of the enterprises have resulted in overcapacity and thus hindered the progress of the technology [82]. Some researchers have further indicated that the effect of subsidy policy in China on renewable energy capacity varied for different sources. That is, subsidies have had the most significant impacts on solar energy, while had the less impacts on wind energy [94,95]. Instead, the coefficient of lnEPRICE was significantly negative at the 10% level (except Model IV), which indicates that electricity price has an inhibitory effect on TIRES.




4.2. Estimation for Specific Sources of Renewables


In order to explore the effects of different factors on technological innovation for specific sources of renewable energy, we divided renewable energy into five sources: wind, solar, geothermal, ocean, and biomass. Since there are few patent counts for geothermal and ocean for 29 provinces of China from 2006 to 2013, we focus on the estimation results for wind, solar and biomass (as shown by Table 6, Table 7 and Table 8). As shown in Table 7, the coefficient of lnECONS for wind energy was positive at 10% significance level (except model I) and it was significantly higher than that of the other variables, which indicates that electricity consumption was the most important factor driving innovation in wind energy. The coefficient of lnRDI was significantly positive, at least at 10% level, and the magnitude was second only to lnECONS, which indicates that research and development intensity was the second most important driving factor for TIW, and the relative importance of these two factors for wind energy are similar to that for all renewables. The coefficient of lnRETSS was negligible and was not significant, which shows that for wind energy, the driving effect of RETSS was not significant. The coefficient of lnTIWi,t−1 was significantly positive at least at 10% level (except Model I), which also reveals great consistency that the technological innovation to wind, in the previous period, has a highly significant and positive persistent effect on that in the current period. For wind energy, the way that REIC and EPRICE drive technological innovation is similar to that for all renewables.



As shown in Table 8, The coefficient of lnTISi,t−1 was significantly positive at 5% level and the magnitude was the highest (except Model I and Model II), which reveals that TIS in the previous period, has the greatest persistent effect. The coefficient of lnRDI for solar energy was positive at 5% level and the magnitude was second only to lnTISi,t−1, which indicates that research and development intensity was the second most important factor driving TIS. The coefficient of lnECONS for solar energy was significantly positive at least at 10% level (except Model VI) and the magnitude was smaller than lnTISi,t−1 and lnRDI, which indicates that electricity consumption has smaller driving effect on TIS compared with all renewables and wind energy. Similar to all renewables and wind energy, it also indicated that the effects of lnRETSS and lnREIC on TIS were not significant. Also similarly, the coefficient of lnEPRICE was also negative and statistically significant at 5% level, which means that lowering electricity price will contribute to higher TIS.



As shown in Table 9, the coefficient of lnTIBi,t−1 was significantly positive at 5% level, which reveals that TIB, in the previous period, has a highly significant and positive persistent effect. The coefficient of lnRDI was positive at 5% level and the magnitude was higher than that of any other variables, which indicates that research and development intensity was the most important driver for TIB. The coefficient of lnECONS was significantly positive at least at 10% level (except Model V and Model VI) and the magnitude was only second to lnRDI, which indicates that electricity consumption is the second most important driver for TIB. Similar to all renewables, wind energy and solar energy, it also showed that the driving effects of lnRETSS and lnREIC on TIB were not obvious. The coefficient of lnEPRICE was also negative but not statistically significant for most of the models, which means that the effect of electricity price on TIB is minimal.





5. Discussion


We find several interesting phenomenon from the above empirical results.

	(1)

	
There is a need for consistent and stable policies for renewable energy deployment and innovation [96], since the past knowledge stock based on patents have positive impacts on the existing innovation of renewable energy [53]. Therefore, reducing uncertainty is a crucial component of effective renewable energy policy [45]. It seems appropriate to employ dynamic estimators to analyze the driving factors of TIRES, because they enable us to evaluate the persistence of commitment and investment to renewable energy innovation. Indeed, we verified Hypothesis H1 There is a persistence effect in TIRES, i.e., the current level of TIRES depends positively on TIRES in the previous period. Results confirmed the need for a stable and consistent policy support for renewables, which is in accordance with those suggested by Wiser and Pickle (1998) [44] for the United States, Miguel Mendonca, et al. (2009) [8] for Denmark and the United States, and by van Rooijen and vanWees [7] for the Netherlands. They all pointed out that the persistence effect in TIRES is a very important criteria for assessing the efficiency of renewable energy policies, and the uncertainty risk of renewable energy policies are the main hindrance for longer-term business and investment planning for renewables in these countries.




	(2)

	
From the above empirical results, we conclude that RDI is one of the most important drivers for TIRES, since the estimated coefficient for lnRDI is significantly positive, and second only to lnECONS for all renewables and wind energy. This is in consistent with some literature [32,97]. The International Science Panel on Renewable Energies (ISPRE) released a global report on photovoltaic and wind energy in 2009, which stated that Research and Development (R&D) has had important effects in promoting renewable energy innovation, additionally, R&D aimed at different stages of the innovation chain will generate benefits whether for the short-term (up to five years), medium-term (5–15 years); or for the longer term (15 years plus). Regardless of whether R&D is carried out from a long or short-run perspective, it must help enhance performance and reduce costs, otherwise, it will help to strengthen the role of renewable energy in a sustainable energy system (ISPRE, 2009) [97]. Using U.S. patent data from 1970 to 2001, along with historic energy prices and federal R&D spending data, Taylor (2008) examined the effect of energy price and R&D spending on innovation in the non-hydro renewable energy industries and revealed that there was a very strong positive correlation between both R&D spending and energy price and innovation in the non-hydro renewable energy industries [32].



For different sources of renewable energy, the relative importance of RDI is slightly different. As model (II) to model (VI) in Table 6 and Table 7 indicated, RDI is the second most important driver for technological innovations in wind energy and all renewables (electricity consumption is the most important driver), but is the most important driver for technological innovation in solar energy (Table 8). This is in accordance with Mario Ragwitz and Apollonia Miola (2005), which showed that RD&D spending had more prominent driving effects on relevant international patents in some research and development intensive technologies such as photovoltaics, therefore, for these technologies learning by searching has the most significant driving effects on technological innovations, while for other technologies like wind energy, the effect of learning by doing and learning by using will be more significant [38]. It means that for solar power, RDI maybe the most important driver for innovation, while for wind power, electricity consumption maybe the most important driver for innovation. Our empirical results have confirmed this point. Since we use electricity consumption as measure for market demand, it actually implies that market demand may be the most important driver for wind power innovation and all renewables innovation, which is in accordance with previous literature [30,98]. In addition, as model (II) to model (VI) in Table 9 indicated, RDI is the most important driver for TIB, and electricity consumption is the second most important driver, which is in agreement with solar power. Biomass energy also belongs to research and development intensive technologies, therefore, R&D spending is of great importance for the development and technological innovation of biomass power in China. Lin, B.Q. and He, J.X. (2016) applied an improved model of learning curves to examine the effect of various factors on cost reduction of biomass and concluded that more R&D expenditure are very necessary and important for the development of biomass power industry in China [99].




	(3)

	
For all renewables, the estimated coefficient of lnECONS is the strongest and statistically significant, which implies that ECONS is the most important driver for TIRES. This is in consistent with demand-pull perspectives in innovation studies [50,100,101,102], and most of the research indicated that growing markets will increase the potential to recoup investments and stimulate inventive talents to identify solutions to a given problem. For wind energy, the estimated coefficient of lnECONS is also the greatest and statistically significant at 5% level according to Model (II) and Model (III); while for solar energy and biomass, the relative importance of lnECONS is slightly different, specifically, the estimated coefficients of lnECONS for lnTIS and lnTIB are both strong and statistically significant, but second only to that of lnRDI, which means that ECONS is the second most important driver for solar energy and biomass, and RDI is the most important driver for solar and biomass. This is supported by research made by Wangler (2012) [54], who concluded that the growing demand drives innovation in renewable energy sector of Germany, and additionally, the relationship between demand and innovation was weaker than the whole when innovation levels within the different energy sectors such as solar, wind, water, biogas, and geothermal were separately taken into consideration.




	(4)

	
For all renewables, unlike hypothesis H6, electricity price has significant positive impacts on TIRES, the above empirical results indicated that the estimated coefficient of lnEPRICE for lnTIRES is statistically significant and negative, which revealed that lowering electricity prices will lead to higher technological innovation in renewables. In recent years, there has also been literature supporting the negative relationships between electricity prices and renewables [103,104]; more specifically, the literature suggested that the introduction of renewable electricity reduced electricity prices in Germany, Spanish and Central Europe. Our results also confirmed the negative interrelationship between electricity prices and renewables innovation in China, and further revealed that lowering electricity prices would be an effective policy leading to innovation in renewables. This may due to the following fact that, until 2014, thermal power was still dominated in the energy structure of the generating capacity of China’s full caliber, which accounted for 75.4% of the total, while renewables (including wind power, solar power, geothermal, tide, etc.) only accounted for 3.3% [105,106]. Thus, reducing electricity prices are tantamount to compressing the living space of large amounts of thermal power plants in China, which will inevitably have negative effects on their profitability (According to estimation of the analyst of Anxunsi Consulting Co. Ltd., the profitability of thermal power plants in China will be reduced by 5% for every 1% reduction in electricity prices). Therefore, Chinese power plants have had to shift to more renewable generation to survive in the market and meet the heavy demand since Chinese renewables electricity are usually subsidized by the government through the mechanism of fixed feed in tariff (As William Schrider (2011) noted that, feed-in tariffs subsidize renewable energy by forcing utilities to purchase renewable energy at fixed, above-market prices. The extra cost is then passed to the consumers. Feed-in tariffs are simply another subsidy that props up a selected industry and damages the economy, industry, and consumers) [86,107], and reduction on electricity prices only means the gap between the fixed feed-in tariff for renewables and electricity prices is widened, thus power plants focusing on renewables are more heavily subsidized than before but without negative effects on their profitability so long as they can obtain subsidies in time and in full amount. That is to say, many Chinese renewable generation enterprises rely on subsidies to survive [108,109], while electricity prices reduction will merely have a direct negative effect on thermal power plants. In general, this result confirmed that, in the context of subsidizing renewables through fixed feed-in tariff, reducing electricity price would accelerate the generation transformation from fossil fuel to renewables and lead to higher innovation in renewables in China.




	(5)

	
Whether for all renewables or for the different sources of renewables (wind, solar and biomass), the above empirical results did not support the hypothesis H2—Renewable energy tariff surcharge subsidy has significant positive impacts on TIRES, since the estimated coefficient for lnRETSS is small and not statistically significant. RETSS is demonstrated to have an insignificant and positive association with TIRES, This means that Chinese subsidy policy has not played the desired role in promoting innovation in renewables. For example, though Chinese solar power companies have been heavily subsidized by the government, few of them showed innovative potential and competitiveness in the global market [110]. This may be due to the following reason, firstly, the Chinese government provided excessive funding for clean energy R&D around the world, furthermore, Chinese government subsidies have a significant crowding out effect on enterprises’ R&D investment [111] and cause a relative lack of private R&D within China, which will have negative effects on innovation in renewables [112]. Secondly, the vague guidance of subsidy policies has caused a series of problems such as overcapacity, excessive competition and shortage of funds and so on [94]. In addition, even if subsidies falls into a relatively effective range, they will still intensify the risk of overcapacity for solar companies [95]. Thirdly, there is a lack of coordination between the power generation side and the power grid side, which causes some parts of renewable energy power generation that have been subsidized cannot be delivered out and cannot also be consumed by local power users. Thus the abandonment of abundant renewable energy power generation will damage efficiency of subsidy policies and violate its original intention [63].










6. Conclusions and Policy Implications


We adopted a dynamic panel approach to examine driving factors on the technological innovation of renewable energies for a set of 29 provinces in China, from the year 2006 to 2013. The dynamic estimators revealed great consistency of results.



Whether for all renewables or specific sources, we confirm the existence of the persistency effect, which means that the technological innovation level of renewable energy in the previous period is significantly positive correlated with the current one. Especially, solar energy has the greatest persistency effect. Electricity consumption is the most important driver for TIRES and TIW, while research and development intensity is the biggest driver for solar and biomass. We cannot provide strong evidence that renewable energy tariff surcharge subsidy is a significant driver for all renewables or specific sources for our time span, which reveals the very limited innovation effect of Chinese subsidy policy. The innovation-promoting effect of renewable energy-installed capacity was negligible for all renewable or specific sources, since excessive renewable installed capacity in China may result in the opposite effect and offset the promoting effect of scale on innovation to a certain extent. Unexpectedly, electricity price has a significantly negative effect on innovation for all renewables or specific sources, which implies that reducing electricity price may be a good policy choice to lead to higher technological innovation for renewables in China.



Our empirical analysis points to the following policy implications.

	(1)

	
Maintain a stable policy system and realize persistent innovation. Governments must balance between policy stability, to stimulate investment, and adaptive policymaking, to improve the design of renewable energy policy [113]. According to our empirical results, we have confirmed the persistence effect of TIRES, which also implies that those regions which have been innovating once have a higher probability of innovating again in the future periods. Since the differences in innovation strategies across regions lead to persistent innovation, it is suggested that regions should pursue the strategies “market driven”, “R&D intensive”, and “science based” to become persistent innovators [114]. Through providing revenue certainty, the stable and carefully designed policy design can lead to a dramatic cost reduction in renewable energy development and thus reduce financing risk premiums [44].




	(2)

	
Emphasizing the coordination between the R&D supporting policies and market demand promoting policies. Both the potential, evolving knowledge base of science and technology and market demand play core roles in innovation in an interactive way, and ignoring either of them must lead to erroneous conclusions and policies. That is to say, innovation can come from technology push, demand pull, or from the common effect of both technological competences and market-related competences [115]. Neuhoff (2005) also stated that the critical policy response is strategic deployment coupled with increased R&D support to quicken the pace of improvement through market experience [43]. According to our empirical results, both RDI and ECONS are very important drivers for innovation of all renewables and specific sources though their relative importance are slightly different for them, which also implies the importance of realizing the coordination between resource-focused strategy and demand-pull strategy. Specifically, technology development activities in first generation of renewable technologies are mainly driven by demand-pull policies based on quantity and price. On the contrary, the pace of technology development activities in advanced generation of biofuels is certified to respond positively not only to demand-pull policies based on price, but also to technology-push policy [116]. It implies the importance of applying different policy instruments (quantity-based, price-based demand-pull policies or technology push policies) at different stages of maturity of renewable energy technology development.




	(3)

	
Improve the innovation effect of subsidy policy in China. According to our empirical results, RETSS is not a significant driving factor for innovation in renewable energy in China; thus, we can take the following strategies to improve the driving effect of the subsidy policy. (1) Specific subsidies directly targeted at TIRES should be designed. In view that innovation is a long-term investment with great uncertainties, government direct innovation subsidy can essentially provide financial support through providing stable revenue expectation, directly reduce the costs and risks faced, and thus provide the incentive for innovation [117,118]. Additionally, it is also pointed out that government direct subsidy to innovation has greater promoting effect on private enterprises instead of state owned enterprises [117]. Therefore, government financial subsidy should slant to private enterprises in the future to enhance its role in stimulating innovation. (2) The government should dynamically down regulate subsidy intensity to the moderate range, which can improve the effectiveness of government direct subsidy. There is some research suggesting that only moderate subsidy stimulates firms’ new product innovation significantly, while high degree subsidy suppresses firms’ new product innovation [94,119]. (3) Reasonably decide the optimal scale of subsidies for specific renewable sources through estimating the levelized cost of electricity (LCOE) of renewable energy based on the data of different power plants in different regions of China. The subsidies granted to solar should be cautious, because subsidies for solar have reduced the utilization of capacity, while current amounts of wind energy subsidies seem to be efficient and will not lead to deterioration of overcapacity [96]. Specifically, it is of great importance to determining the required subsidies scale based on LCOE since subsidies to renewable power generation in the short-term are mainly implemented through the feed-in-tariff (FIT) system [86]. Additionally, the government should also employ the method “subsidies to scales” to avoid the negative effect caused by excessive subsidies.




	(4)

	
Deal with the overcapacity in Chinese renewable energy industry. According to our empirical results, renewable installed capacity has negligible effects on innovation, which may be due to the overcapacity in renewables in China in recent years. According to a report by the IEA in 2016, China took the leading position in the world in expanding renewable energy capacity in 2015, and is set to grow by another 60% over the next half decade. However, due to a slowdown in electricity demand in China and the fact that renewables have a cost disadvantage compared with fossil fuels, integrating that capacity could be difficult, which inevitably resulted in electricity overcapacity. Therefore, the IEA have warned that a new challenge of electricity overcapacity is likely to emerge in the medium term given that China still has a large number of coal, nuclear and renewable plants to be developed [119]. Overcapacity is a serious short-term problem; however, the alternative measures to this problem may also open opportunities to accelerate a broader long-term transition to a low-carbon energy system. Specifically, measures both on the demand and on the supply side could be coordinated to deal with overcapacity issue. (1) On the demand side, policy incentives should be implemented to increase domestic electricity demand. In this sense, the overcapacity in the electricity system may be an opportunity to accelerate the electrification of the heat and transport sectors, which is arguably a main trend for the decarbonization of the whole economy [120]; (2) On the supply side, the government should take this opportunity to realize a gradual fossil fuels phase-out in the medium and long term, for example, by establishing the stricter environmental standards for thermal power plants and removing the existing subsidies for the consumption of fossil fuels.




	(5)

	
According to our empirical results, lowering terminal electricity price will lead to higher innovation for renewables. Therefore, actively carrying out electricity price reform and lowering the terminal electricity price will be a good choice to stimulate innovation in renewables. At first, the government should implement transmission-distribution electricity price (In a broad sense, the electricity price can be divided into three types: feed-in tariff, sales price, and transmission and distribution price. Feed-in tariff refers to the price at which power generation enterprises sell electricity to the power grid enterprises; sales price refers to the price at which the power grid enterprises sell electricity to the electricity users; and transmission and distribution price means the freight for electricity.) reform since it is the focus of the formation mechanism of electricity price. The active implementation of transmission and distribution electricity price reform will help to urge provinces to reduce unreasonable costs, thus effectively resulting in a reduced terminal electricity price. Secondly, the government should also actively promote the marketization of power generation prices and sales prices of electricity. According to the statistics from the National Development and Reform Commission from 2011 until now, due to the decreased power generation costs (especially the reduction in coal prices in recent years), the average feed-in tariff of power generation enterprises has dropped by 0.0744 yuan/kWh, while the average sales prices of electricity for end users dropped by 0.02–0.03 yuan/kWh; thus the saved fund from the price difference has increased the total sum of the renewable energy surcharge fund, which is supposed to lead to higher innovation in renewables.
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