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contrast, a distinct low-low cluster appeared in downtown Boston, indi-

It accepts inputs such as raster images, mosaic datasets, or image services
with a spatial resolution of 5—-15 centimeters, and outputs a feature class
delineating detected panel locations. Designed for U.S. geographies, the
model achieves an average precision of 0.76, making it a reliable solution
for large-scale solar infrastructure mapping. Its GPU-accelerated inference
capabilities allow for efficient processing of large image sets, offering a
scalable alternative to traditional survey-based methods.

cating a statistically significant grouping of census tracts with low solar
adoption surrounded by similarly low-adopting neighbors. This may reflect
urban barriers to solar deployment such as denser building stock, limited

roof access, and higher proportions of renters versus homeowners.

The aggregation of solar panel counts by census tract—normalized using

population data—revealed a clear concentration of per-capita rooftop _
solar adoption in the suburban areas surrounding Boston. Even after Medium Household --

normalization, solar installations were more prominent on the outskirts Income 0.000086 0.000024 3.651849 0.00029
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household income, with higher-income census tracts located outside of A linear regression analysis confirmed a statistically significant relationship
downtown Boston also exhibiting higher per-capita solar adoption. between median household income and solar adoption. With a coefficient

of 0.000086 and a p-value of 0.00029, the model indicates that as income
increases, so does the number of rooftop solar installations—underscoring
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the socioeconomic disparity in access to clean energy technologies
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strong correlation between income and solar adoption was observed, cau-
sation cannot be assumed. However, the spatial consistency of the trend

The ESRI model provides a powerful and scalable approach to solar panel and the strength of the model results lend support to the explanatory val-
detection, however, several limitations should be noted. The model identi- A9 . ue of income as a key indicator of solar access in the region.
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vielded over 12,500 detected solar panels across the study area.
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