Technical Appendix

In this appendix I present maps of the study cities that show the location of Home Owner’s Loan
Corporation (HOLC) Residential Security rating categories provided by the Mapping Inequality
project (Nelson et al., 2018). The shaded polygons in Figures Al through A3 represent varying
levels of investment risk informed in part by racial and ethnic bias: A is “Best”; B, “Still

Desirable”; C, “Definitely Declining”; and D, “Hazardous” (Jackson, 1980). This appendix also

provides further details on how I derived estimates of land surface temperature from Landsat 8

image bands for each of the three cities considered. Table A1 reports the date and time of

acquisition for each of the six satellite images used in this study. In addition to cloud cover

percentage across the entire 170 X 185 km (106 x 115 mi) scene, the recorded maximum,

minimum, and mean temperatures at the local airport for each image acquisition date are also

given.

Table Al. Landsat 8 imagery characteristics.

Airport max

Airport min

Airport mean

City Date Time ccolsgf (%) temp temp temp
¢ (hist. mean) (hist. mean) (hist. mean)
Baltimore, 8/22/2017 3:46 p.m. 0.72 92 °F (85°F) 70 °F (65 °F) 81 °F (75 °F)
MD
7/8/2018  3:45p.m. 0.06 83 °F (87 °F) 56 °F (67 °F) 70 °F (77 °F)
Dallas, TX 8/29/2018 5:01 p.m. 1.29 99 °F (96 °F) 79 °F (75 °F) 89 °F (85 °F)
6/13/2019 5:01 p.m. 2.61 88 °F (91 °F) 64 °F (71 °F) 76 °F (81 °F)
Kansas City,  7/25/2017 5:00 p.m. 0.02 95°F (89 °F) 71 °F (69 °F) 83 °F (79 °F)
MO
8/19/2017 4:54p.m. 0.01 91 °F (87 °F) 65°F (67°F) 78 °F (77 °F)

Source: USGS EarthExplorer, Mesonet API

I intentionally chose the images for each city to capture different temperature conditions to

assess whether the observed patterns in land surface temperature (LST) distribution across the

city are stable on days that are more and less hot. As shown in Figures A1 through A3, formerly

redlined areas of the generally exhibited higher mean LST for both images considered.
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Figure Al. Baltimore boundary with HOLC classes. Source: U.S. Census Bureau, University of
Richmond Mapping Inequality project.
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Figure A2. Dallas boundary with HOLC classes. Source: U.S. Census Bureau, University of Richmond
Mapping Inequality project.
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Figure A3. Kansas City boundary with HOLC classes. Source: U.S. Census Bureau, University of
Richmond Mapping Inequality project.



Landsat images include two thermal bands collected at 100 m” spatial resolution, but these are
resampled to 30 m” resolution to be consistent with the other bands before they were available to
users. | used parameters from the image metadata to convert the digital numbers (raw data
values) in Band 10 of each image used in this study to top of atmosphere (TOA) spectral
radiance, then brightness temperature as described in greater detail in the Landsat 8 Data Users
Handbook (Zanter, 2018). Normalized difference vegetation index (NDVI) is a unitless measure
of vegetative cover that ranges between —1.0 and +1.0, with values closer to +1.0 suggesting
more vegetation in a pixel consistent with forests or dense crop cover. The NDVI was calculated
as the ratio of the difference in Band 5 (near-infrared) and Band 4 (red) to the sum of Band 5 and

Band 4 as shown in Equation 1.

NDVI — (NIR — Red) 1
"~ (NIR + Red) B

Land surface emissivity is a measure of how much incoming radiation is reflected back out into
the atmosphere, relative to a theoretical “blackbody’ object that absorbs and emits all incoming
radiation. The true emissivity value for an object or land cover lies between 0 and 1 (Jin &
Liang, 2006) but “the composite emissivity values for urban mosaics are rarely known”
(Kwarteng & Small, 2010). Land surface emissivity (LSE) was estimated from the proportion of
vegetation in each pixel after Sobrino et al. (2004), where pixel-level variation in LSE is
approximated by using the estimated proportion of vegetation' to modify what would otherwise
be a static emissivity value (Van de Griend & Owe, 1993). Land surface emissivity (LSE) was

estimated from the proportion of vegetation in each pixel after Sobrino et al. (2004).
LSE = (0.004 * PV) + 0.986 [2]

The proportion of vegetation (PV) in each pixel was estimated from NDVI as the squared ratio of
pixel’s NDVI value minus the minimum NDVI in image to the difference between the maximum
and minimum NDVI values in the image (Carlson & Ripley, 1997). Finally, LST was estimated
according to the single window method outlined by Jiménez-Muifioz et al. (2009).

0.00115 * BTy, (3]
T43ss  * MUSE)

LST =

1+




Here, BTy is brightness temperature as measured at the sensor, LSE is land surface emissivity
described above, the band-specific wavelength of emitted radiance is 0.00115, and 1.4388 is an

atmospheric constant.
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Note

' Water and vegetation have emissivity values closer to 1.0, but even impervious surfaces and bare soils
have emissivity values greater than 0.9.



