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Overview
Over the last few years the diffusion of residential solar photovoltaic (PV) has increased dramatically in the U.S. due to decreases in the installed price combined with substantial federal and local government incentives [1]. Despite this trend, residential solar PV market penetration is only 2% of the estimated total potential market nationwide [4]. The market penetration rates across different counties, cities, and neighborhoods fluctuates between no solar adopters to high levels of adoption even as aggregate solar adoption rate increases. Typically, solar installations are spatially clustered at the local or neighborhood levels, indicated by significant spatial autocorrelation in the location of homes with solar [6].

Socio-economic and demographic variations alone do not explain the observed heterogeneity in the location of installed PV systems. Often, social learning, either through observation or peer-to-peer interactions, might serve as additional drivers in the diffusion of consumer technologies. Further, targeted external sources (e.g. supplier advertising and marketing) might also significantly drive technology diffusion [3]. Both these types of factors—social learning and targeted marketing—may lead to spatial patterns of technology adoption that may not simply be explained by looking only at socio-economic and demographic data.

Our goal is to identify prevalent adoption clustering patterns associated with increasing scales of solar PV diffusion. In doing so, we also study the following questions: do solar installers with high number of total adopters engage many different market segments? Or do they target or appeal to a particular market segment? Are there particular firm structures or customer-acquisition strategies that better engage a more extensive market? For the analysis, we adapt clustering/dissimilarity metrics used in economics (GINI coefficient) and physics (Jensen-Shannon index) to quantify spatio-temporal technology adoption patterns. Using these metrics we first measure the clustering of all study area adopters in annual time intervals. The same metrics are then applied to each individual installer to analyse total installation count against spatial clustering.
Data
We use data for four California counties (Fresno, Los Angeles, San Diego, and San Francisco) from two distinct data streams: California residential solar installation data and the county assessment rolls.

· California solar installation dataset is a record of all California residential solar installations. We use data from the initiation of the California Solar Initiative in January 2007 through December 31, 2012. It totals to more than 100,000 unique solar installations state-wide and, among other system details, includes the installation location, company that installed the system, date of installation, and the total system cost.

· County appraisal district secured rolls for properties. Each county's assessor office produces this (publicly available) dataset for assessing the property tax amounts. While the data format for each county varies, every county assessor office includes the following features: property zoning code[footnoteRef:1], building square footage, year built, year last remodelled, and appraised home value. [1:  The exact classification codes for each county vary but all include variation of the following types: multi-use, commercial, industrial, residential single-family, and residential multifamily.] 

Methodology
We use Parzen Windows [5] to subdivide the study areas into equal geographic subunits of 10,000 ft by 10,000 ft grids and 2000 ft by 2000 ft grids. Within each of these geographical subunits, our analysis examines for heterogeneity of distributions between installers over each year after aggregate sales patterns are established. To adjust for variation in population density between geographic subunits, the installer sales and total sales for each subset are normalized against the potential market to establish a metric for market concentration.

Under a scenario of no spatial clustering, the normalized market concentration would be uniformly distributed through each subunit over each time interval. For quantifying any clustering—that is, any deviation from a uniform distribution of installations—we analyse the distribution of solar installations using both the Jensen-Shannon divergence index and the Lorenz Curve/Gini Index.[footnoteRef:2] [2:  While this measure is used in economics to measure inequality in the distribution of income, we have adapted it to measure the geographic dissimilarity (``inequality") in the distribution of solar installations. Thus, in our case, the Lorenz Curve is represented as the percentage of adoption on the y-axis with quantile representation of total population on the x-axis.] 

Results and Conclusion
Both the GINI and Jensen-Shannon index results show that residential solar PV adoption patterns are clustered markets both for aggregate and individual installers, but there is a temporal trend towards more uniform distribution of installations. This is especially true for installers that successfully grow over time. This observation holds across different counties. A trend towards more equal distribution of installations indicates successful diffusion of a nascent product [2]. Conversely, a product that unsuccessfully reaches a large market would penetrate a small, clustered market and not expand. Our results indicate that similar results hold for different firms supplying the same product.
Overall, up to a certain scale of installations, there is a strong correlation between higher total number of installs and more uniformly distributed adoption patterns. This suggests that successful firms start by focussing on small geographical units (neighborhoods or zip codes), but then grow by recreating successful market penetration in newer areas, rather than necessarily growing further around areas with existing penetration. It is plausible that once a “local” market has been activated, say by the marketing efforts of a particular firm, the further development of that market then becomes available to all installers, including those who may not have played any role in activating that market. Thus, after the initial push by one or a few installers, the competition for new customers is likely more intense in a local market. At the margins, then, it may be a more effective strategy for leading installers to spend their marginal customer-acquisition dollar in developing new local markets rather than focus on existing ones.
We expect our findings to be of interest to both the private and public sector actors. Our approach establishes a metric to quantify the effect of firm-level strategy on the diffusion of solar PV technology (and, by extension, other similar consumer technologies). Firms can measure how well their expansion strategy engages new markets or expands current markets. Local and regional government actors may also apply insights from our findings for designing solar programs that foster the growth of locally-owned enterprises or target specific areas/communities for solar growth.
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