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Abstract

:

The effects of neighborhood-scale land use and land cover (LULC) properties on observed air temperatures are investigated in two regions within Los Angeles County: Central Los Angeles and the San Fernando Valley (SFV). LULC properties of particular interest in this study are albedo and tree fraction. High spatial density meteorological observations are obtained from 76 personal weather-stations. Observed air temperatures were then related to the spatial mean of each LULC parameter within a 500 m radius “neighborhood” of each weather station, using robust regression for each hour of July 2015. For the neighborhoods under investigation, increases in roof albedo are associated with decreases in air temperature, with the strongest sensitivities occurring in the afternoon. Air temperatures at 14:00–15:00 local daylight time are reduced by 0.31 °C and 0.49 °C per 1 MW increase in daily average solar power reflected from roofs per neighborhood in SFV and Central Los Angeles, respectively. Per 0.10 increase in neighborhood average albedo, daily average air temperatures were reduced by 0.25 °C and 1.84 °C. While roof albedo effects on air temperature seem to exceed tree fraction effects during the day in these two regions, increases in tree fraction are associated with reduced air temperatures at night.
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1. Introduction


The urban heat island (UHI) effect describes a phenomenon whereby temperatures in cities are higher than their rural surroundings [1] and is the result of land transformations associated with urbanization, as well as increases in anthropogenic heat. The fraction of the world population that lives in urban areas was 54% in 2014 and is expected to rise to 66% by the year 2050 (WHO), suggesting that UHIs may affect more people in the future. Compounding UHIs is the fact that cities are facing increased warming due to the local impacts of global climate change; Sun et al. [2] found that areas in the greater Los Angeles region could see an increase of 60–90 extremely hot days per year by end of century under high emissions scenarios (RCP8.5: A scenario of comparatively high greenhouse gas emissions), posing threats to public and environmental health in addition to straining energy resources. While warming from climate change requires global action to mitigate, the UHI is a city-specific phenomenon with potential local solutions. UHI countermeasures, such as cool roofs and tree canopy cover, have been found in modeling studies to reduce urban temperatures when implemented at city scale [3]. Therefore, there are actions that cities can now take to mitigate UHIs, which will decrease the threat of future extreme heat dangers from climate warming. To design and implement appropriate countermeasures, cities need to characterize urban heat and its causes [4,5].



Urban heat islands (UHIs) are categorized as either (a) skin-surface UHIs (i.e., comparing urban and rural surface temperatures) or (b) air-temperature UHIs (i.e., comparing urban and rural air temperatures near the surface). Air-temperature UHIs are relevant to building energy use, thermal comfort, public health, pollutant emissions and formation, and climate, and as such, they are the focus of this study. While satellite observations can provide spatially extensive temperature observations, they are able to characterize only surface temperature and not air temperature; the other limitation with remote sensing is the coarse resolution of images, order tens to hundreds of meters, which results in homogenous measurements for small neighborhoods [6]. Thus, characterizing air temperatures relies on ground-based observations such as fixed weather stations or mobile transects.



Acquiring observations from fixed weather stations with sufficiently high spatial density to be representative at neighborhood-to-city scale is a major challenge in characterizing urban air temperatures. In addition, mobile transects can be useful for characterizing air temperatures for a neighborhood on a particular day, but characterizing large areas (e.g., entire cities) over temporal scales that are relevant for different meteorological regimes is prohibitive. UHI studies that rely on numerical weather prediction models can simulate both surface and air temperatures. While these models continue to resolve an increasing number of processes relevant to urban physics, it is helpful to conduct studies focused on air temperature UHIs using observations of the real world.



The UHI results in part from the transformation of natural land cover, including trees and vegetation, to pavements, buildings, and other elements of urban infrastructure [7]. Reductions in vegetation coverage can lead to decreases in evapotranspirative cooling, and thus increases in air temperatures in urban regions [8]. Man-made materials (e.g., asphalt concrete) used in roads and buildings usually have low albedo and high thermal inertia, leading to high absorption of shortwave solar radiation and high storage of thermal energy [9]. In addition, street canyons between buildings usually have low sky view factors, which can reduce longwave radiative losses from the city [9]. Other factors such as the size of the city [1], shading from buildings and trees [10], urban irrigation [11], changes in surface roughness length [12], and changes in anthropogenic heating [8] can also affect urban temperatures.



The UHI can be defined over a variety of spatial extents, ranging from neighborhood-scale to city-scale [13]. Most past studies have investigated UHIs at the city-scale by comparing temperatures of urban regions to surrounding rural areas [14,15]. Investigating the UHI in Los Angeles at the city-scale is tricky, as this metropolitan region is surrounded by ocean and mountains, and therefore, there is no obvious rural background for reference. Furthermore, there is a strong temperature gradient resulting from the onshore sea breeze [12,16], complicating the relationship between temperature and land use. Temperature variations within the Los Angeles region result from the superposition of effects from UHIs at multiple spatial scales and the sea breeze [16]. For this reason, this study focuses on investigating relationships between air temperature and land cover properties for clusters of neighborhoods within the Los Angeles area. Each cluster is small enough to make the effects of the sea breeze on temperature differences between stations negligible.



Past studies using satellite data, ground observations, and numerical modeling have highlighted the importance of albedo and green vegetation fraction in determining temperature differences between urban regions and rural surroundings. Utilizing global-scale satellite observations for 419 cities, Peng et al. [8] found that the daytime surface urban heat island intensity (SUHII) is related to urban-rural differences in vegetation cover, while the nighttime SUHII is associated with albedo and anthropogenic heat differences. Other satellite-based studies highlighted the correlation of SUHII with albedo and vegetation fraction for Rotterdam in the Netherlands [17] and 32 cities in China [14]. Sun et al. [2] used mobile transects and remote sensing to identify the important role of anthropogenic heat and vegetation cover on UHI formation in Phoenix during the winter season. Yan et al. [18] assessed the correlation between air temperatures measured by mobile transects and different land cover properties at the neighborhood-scale in Beijing and found that tree fraction at the scale of 20 m can explain most summertime temperature variations at noon. Model simulations from numerous studies have found that increasing albedo and vegetation cover can reduce urban peak surface and air temperatures [13,19]. Therefore, increasing urban albedo and vegetation fraction have been proposed as measures to reduce the urban heat island effect.



One of the contributing factors to the UHI effect is anthropogenic heating from air conditioning systems. Ohashi et al. [20] and Salamanca et al. [21] studied the effect of anthropogenic heating on the urban heat island effect in the Tokyo and Phoenix metropolitan areas, respectively. They found that the AC systems can contribute to the UHI effect up to 1–2 °C in Tokyo, and 1 °C in some urban parts of Phoenix, respectively.



Solar reflective “cool” surfaces (e.g., cool roofs, walls, and pavements) that increase urban albedo can decrease urban temperatures because they absorb less solar radiation than traditional dark surfaces, maintain cooler skin temperatures, and therefore transfer less heat into the atmosphere. Past modeling studies predict that adopting cool roofs can effectively reduce urban air temperatures in Los Angeles [12,22], Baltimore-Washington [23], New York [24], and other cities in the United States [13,25,26]. Zhang et al. [27] found an annual- and global-average reduction of 0.40 °C in the urban heat island effect due to increasing roof albedo globally from 0.15 to 0.90. Mohegh et al. [28] simulated the effect of cool pavement adoption and found that increasing pavement albedo by 0.40 can result in near-surface air temperature reductions in California cities ranging from 0.18 °C to 0.86 °C. Note that nearly all past studies investigating the influence of cool surface adoption on urban air temperatures are based on (1) results from computational models and (2) the assumption that cool surfaces are uniformly adopted citywide. In practice, cool surfaces may be adopted in a patchwork fashion at the neighborhood-scale. There is a lack of research using real-world observations to assess the influence of adopting cool surfaces on neighborhood temperatures. Using satellite observations, Mackey et al. [29] found stronger land surface temperature reductions induced by increasing urban albedo relative to increasing green vegetation in Chicago. However, the effectiveness of cool roofs in reducing near-surface air temperatures (as opposed to surface temperatures) still needs to be verified by observations in various cities.



To fill the aforementioned research gaps, in this study we investigate the influence of two important land cover properties (albedo and tree coverage) on neighborhood-scale near-surface air temperatures for two clusters of neighborhoods in the greater Los Angeles area. We use high spatial density meteorological observations to derive the sensitivity of air temperatures observed at each weather station to corresponding spatially aggregated albedo and tree coverage. In this way, we compute associations between air temperatures versus (a) albedo and (b) tree fraction.



Various state and city-level policies [30,31] have led to cool roof adoption on some commercial and residential buildings in Los Angeles, allowing us to analyze air temperature differences between neighborhoods with extensive use of cool roofs versus traditional dark roofs. The goals of this study are to provide observational evidence of the (a) relationships between neighborhood-scale air temperatures and land use and land cover (LULC) properties, and (b) the effectiveness of cooling strategies. To our knowledge, this is the first observational study to investigate associations between neighborhood-scale near-surface air temperatures and roof albedo.




2. Methodology


2.1. Areas of Analysis


The Los Angeles basin contains numerous microclimates leading to summer temperatures that range from moderate (at the coast) to hot (at the interior of the basin). The onshore sea breeze and distance from the coast play important roles in determining temperature variations within the basin. Land use and land cover properties also vary widely across the basin, with some regions consisting of primarily industrial/commercial land use, and others that are primarily residential. In this study, we have chosen two “regions” of interest within the Los Angeles Basin. Each region was chosen to fulfill two requirements: (1) It should be sufficiently small, such that distance from the coast does not dominate temperature variations; and (2) there should be sufficient variation in land cover properties of interest (e.g., roof albedo) to enable discerning effects of land cover on measured air temperatures. The first region encompasses an area of roughly 500 km2 and includes downtown Los Angeles; we refer to this region as Central Los Angeles. The second region encompasses roughly 160 km2 and is located within the San Fernando Valley (SFV). These two regions have distinctly different summertime baseline climates (Table 1). The monthly averaged daily minimum, maximum, and mean temperature is 19.4, 30.5, and 24.3 °C for SFV and 18.9, 27.7, and 22.5 °C for Central Los Angeles. Central Los Angeles typically experiences afternoon sea breezes, while SFV is largely unaffected by the influence of coastal air because of the Santa Monica mountains.




2.2. Defining Aggregation Areas


In this study, we aim to relate observed temperatures to LULC properties, in order to derive sensitivities of air temperature to aggregated existing LULC properties. We aggregate LULC properties (see Section 3.1) within a 500 m radius of each weather station (Figure 1). We expect that the LULC parameters in this aggregation area (referred to as a “neighborhood” from now on) can at least partially explain the variation in meteorological observations among the neighborhoods within each region. We are particularly interested in roof albedo as a LULC property to see whether observed temperatures are lower in neighborhoods that have roofs with higher albedo.




2.3. Meteorological Data


The meteorological data comes from a network of personal weather stations from Weather Underground [32]. We acquired all available meteorological parameters per station, including near-surface outside air temperature (referred to as “temperature” from now on), solar irradiance, air pressure, precipitation, relative humidity, wind speed, and wind direction for July 2015. This month was chosen because it was the latest data available at the time of acquisition. (June was intentionally avoided since Los Angeles generally experiences numerous cloudy days during that month.) Data from 76 stations were gathered within the two regions, but some stations did not measure certain meteorological parameters. Note that while we acquired all available parameters, we focused our analysis on temperature and solar irradiance. Figure 2 locates the weather stations and color codes them by region.



The data acquired from the network of personal weather stations, although provided with high spatial density, does not include quality control flags. We developed a three-step screening procedure to increase the quality of the meteorological dataset. In the first step, we removed values that were outside the range of observed minimum and maximum temperatures from the historical record reported by NOAA weather stations [33] across the LA Basin; corresponding minimum and maximum temperatures were −17 °C and 49 °C, determined using historical measurements in the domain for the past 130 years. Since the main focus of this study is to investigate urban temperature variability, in the second step we removed stations that were located in non-typical urban settings such as neighborhoods near golf courses or water reservoirs; the underlying drivers of land cover effects on local meteorology in these neighborhoods are likely different than neighborhoods with more typical urban cover. In the third step, stations with unphysical diurnal cycles were removed. Examples of unphysical diurnal cycles include having daily maximum temperatures at night (i.e., indicating a problem with the weather station timestamp), or diurnal temperature variations that were near zero (i.e., indicating a problem with the temperature sensor).




2.4. Description and Data Sources for Land Use Land Cover Properties


The land use land cover properties (referred to as “LULC” from this point on) are computed using data from multiple sources for each neighborhood.



Roof fraction (   f  roof    ) represents the ratio of building roof area (assumed equal to building footprint area) to neighborhood area. Roof fraction is computed using the Los Angeles Region Imagery Acquisition Consortium (LARIAC) dataset shapefiles for building footprints [34].



Tree fraction (   f  tree    ) is computed using a tree dataset from LARIAC with a spatial resolution of 4′ (1.2 m). This dataset is binary, indicating whether or not each pixel has tree cover. Analogous to roof fraction, the tree fraction represents the ratio of tree covered area to neighborhood area.



Pavement fraction (   f  pavement    ) represents the area fraction of pavement per neighborhood, with pavement area contributions from parking lots and paved roadways. Parking lot area is computed using parking lot boundaries given by LARIAC dataset shapefiles. Paved street area is derived using a street centerline dataset [35]. The total roadway length is computed by summing roadway length per neighborhood, and roadway area is then calculated by multiplying by an assumed roadway width of 12.8 m. Note that this roadway width represents the average street plus sidewalk width for Los Angeles, calculated using the weighted mean roadway width per building type [36], where the weighting factor is determined using the relative quantity of different building types in LA.



Reflected solar power from roofs (   P  roof    ) represents the average daily solar power (W) reflected from roofs within the neighborhood. This is computed as:


   P  roof   = I ×  α  roof   ×  f  roof   × A  



(1)




where  I  is the average daily incoming solar power (W m−2),    α  roof     is the weighted average roof albedo in the neighborhood, and A is the neighborhood area (π × (500)2 m2 = 7.85 × 105 m2) (see the next section for more information on the neighborhood areas). The average daily solar power of the day includes all 24 hours, not just sunlit hours. The area-weighted mean roof albedo (   α  roof    ) is determined using a dataset for seven California cities that reports building-specific roof albedos using remote sensing data [37]; the mean roof albedo is computed for each neighborhood using the roof’s area as the weighting factor. Overall, the metric    P  roof     is used to account for the influence of cool roofs, considering (a) the mean roof albedo of the neighborhood, (b) the spatial coverage of roofs in the neighborhood, and (c) the daily solar irradiance. This avoids biases that could occur when, for example, the mean roof albedo of a neighborhood may be high, but spatial coverage of roofs is low.



Reflected solar power from neighborhood (   P  neighborhood    ) represents the average daily solar power (W) reflected from the entire neighborhood. This parameter is estimated as:


   P  neighborhood   = I ×  α  neighborhood   × A  



(2)




where    α  neighborhood     is the average albedo of the neighborhood. The average neighborhood albedo is estimated using Equation (3), assuming that the neighborhood is comprised of roofs, pavements, and trees:


   α  neighborhood   =    α  roof   ×  f  roof   +  α  pavement   ×  f  pavement   +  α  tree   ×  f  tree      f  roof   +  f  tree   +  f  pavement      



(3)







Note that this formula does not consider the interaction between walls and pavements in the canopy. Since spatial datasets describing pavement and tree albedos do not exist, we assume values of 0.10 and 0.15, respectively. Due to potential inaccuracies in the GIS datasets, and because neighborhoods can consist of surface types other than roofs, pavements, and trees,    f  roof   +  f  tree   +  f  pavement     generally does not equal 100%. Thus, the denominator of Equation (3) ensures that neighborhood-to-neighborhood variability in    f  roof   +  f  tree   +  f  pavement     does not lead to variability in neighborhood albedo. While this calculation provides a relatively crude estimate of reflected solar power from the neighborhood, it is sufficient for the purposes of our study since this metric is used only for supporting analysis.



Reflected solar power from non-roof surfaces (   P  non − roof    ) represents the average daily solar power (W) reflected from surfaces other than roofs in the neighborhood. This parameter is computed as    P  neighborhood   −  P  roof    .



Other LULC properties: Several other LULC properties were found to have insignificant associations with neighborhood scale temperatures. Thus, they are described only briefly here and are addressed further in the Supplemental Material. Impervious fraction is calculated as the sum of roof and pavement fraction. Building height is the mean height (weighted by footprint area) of buildings in a neighborhood and is acquired from the LARIAC dataset. Overall albedo (i.e., albedo accounting for all surfaces) is calculated as presented in Equation (3).




2.5. Deriving Sensitivities of Measured Air Temperature to LULC Properties


We compute sensitivity as the linear regression of temperature to LULC properties within a region (i.e., SFV or Central Los Angeles) for each hour of every day in July 2015 (i.e., 24 × 31 = 744 regressions per LULC property). Note that times reported in this study represent hourly averages (e.g., values reported for hour of day 15 actually represent the hourly average from 14:00–15:00, and all values are reported in local daylight time (LDT). Thus, each regression looks at temperature versus land cover variability from station to station within a given region. Figure 3 shows how the sensitivity of temperature to a LULC property (e.g., reflected solar power from roofs) is calculated for an example hour of the day, 14:00–15:00 LDT. Each point on the figure represents an hourly average value of temperature and spatially aggregated LULC property associated with one weather station. After a multi-step outlier removal process (explained in the next paragraph), the sensitivity of the temperature to the LULC property is calculated. We perform these regressions for each hour of the day and thus acquire hourly sensitivities for the entire month of July 2015. Investigating sensitivities for each hour of the day can help hypothesize physical processes that are driving the observed correlations. We only compute these regressions for sunny days, defined as those with daily maximum solar irradiance >700 W m−2.



To ensure that regression results are not dominated by a small number of weather stations, we take the following steps to remove outlying data:




	
We first detect and remove outlier weather stations for each hour. This is carried out by first performing a standard least squares linear regression. The influence of each point in determining the regression slope is then computed using leverage and residuals. Based on the distribution of influences for each hour and region, data points that have influence beyond 1.5 times the inner quartile range of the distribution are removed. This tends to eliminate points that have too much influence in determining the final regression statistics. After these points are removed, another regression is carried out. This time we use a robust linear regression with a Huber-T objective function [38]. Regression using the Huber objective function gives higher weights to points with lower residuals, whereas standard regression using least-squares gives equal weights to each observation. The combination of outlier removal and robust regression minimizes the role of observations with high leverage, high residuals, or both. The sensitivity of temperature to the LULC parameter  x  is then computed as the slope of the robust regression (i.e.,     Δ T   Δ x    ).



	
Next, we determine whether the computed spatial sensitivity is statistically distinguishable from zero. We do so by computing the probability (“p”) value of the aforementioned robust regression. We deem the hourly sensitivity significant if the p-value is less than 0.1. The choice of this value was rather subjective.



	
Lastly, for each hour of the day, we compute the number of days in July with statistically distinguishable sensitivities for each land cover property. Those sensitivities with >10 significant days are deemed as having significant relationships for that hour of the day. Those with ≤10 are deemed insignificant. This threshold was chosen subjectively, but roughly corresponds to half the number of sunny days for this month.










3. Results


3.1. The Sensitivity of Temperature to Solar Power Reflected from Roofs


Panels a and b of Figure 4 present sensitivities of temperature to daily average solar power reflected by roofs for Central Los Angeles and SFV, respectively. Note that sensitivities for morning hours before sunrise use the average solar power of the previous day in Figure 4. Each box and whisker set shows the distribution of values for sensitivity per hour over all sunny days (daily maximum solar irradiance >700 W/m²) in July 2015.



Median sensitivities for Central Los Angeles (Figure 4a) are negative at all times of day, with most hours exhibiting statistically significant values. The largest negative sensitivity (0.49 °C per 1 MW increase in daily average solar power reflected) occurs at 14:00–15:00 LDT, which is consistent with the hottest time of day in this region (Figure S1). This matches our expectation based on the underlying physical processes involved since cooling occurs via increases in reflected solar radiation. While reflected solar radiation peaks at 13:00 LDT, there is an apparent lag between maximum radiation and maximum cooling. As the sun sets, sensitivities trend toward zero, and reach the lowest (negative) sensitivity right before sunrise. This again matches our expectation based on physical mechanisms since temperature reductions induced by increasing reflected solar radiation are expected to diminish after the sun goes down. The observed lag between peak temperature reduction and peak solar irradiance and the non-zero sensitivities at night are likely caused by the thermal inertia of roofs. Note that in Los Angeles, the peak temperature occurs earlier than in many other cities that do not experience an afternoon sea breeze.



Sensitivities of temperature to daily average solar power reflected by roofs for SFV (Figure 4b) show a similar diurnal shape as that of Central Los Angeles. However, most hours of the day have sensitivity values that are not statistically significant in SFV. Sensitivities at 13:00–14:00 and 14:00–15:00 LDT are significant, however. While sensitivities for some hours of the night are positive, indicating counterintuitively that temperatures are positively correlated with increased daily reflected solar power, these values are not statistically significant. At 14:00–15:00, sensitivities are 0.31 °C per 1 MW increase in daily average solar power reflected from roofs.




3.2. The Sensitivity of Temperature to Tree Fraction


Panels c and d of Figure 4 present sensitivities of temperature to tree fraction for Central Los Angeles and SFV, respectively. In Central Los Angeles, these sensitivities are positive for most sunlit hours of the day, and negative at night. The maximum positive sensitivity is observed in the early afternoon (13:00–14:00 LDT). The apparent positive sensitivities during daytime counter expectations based on the underlying physical mechanisms since increased tree cover should be associated with temperature reductions through increased evaporative cooling and shading of surfaces. We suggest that these positive daytime sensitivities are actually driven by co-variations between temperature, tree fraction, and daily average reflected power from roofs.



To investigate this hypothesis, we present daily average solar power reflected from roofs versus tree fraction for each neighborhood (Figure 5). Solar power reflected from roofs is anti-correlated to tree fraction, with a coefficient of determination of 0.36 for Central Los Angeles. This is consistent with our assertion that solar power reflected from roofs drives temperature reductions (and apparent positive sensitivities between temperature and tree fraction) since (a) neighborhoods with lower tree fraction are associated with higher solar power reflected from roofs and lower temperatures; and (b) the underlying physical mechanisms suggest that increases in solar power reflected from roofs should lead to temperature reductions, while increases in tree fraction should not lead to temperature increases. Additional evidence for this assertion is that the diurnal cycles for the sensitivity of temperature to (a) daily average solar power reflected from roofs (Figure 4a) versus (b) tree fraction (Figure 4c) nearly mirror each other. The largest negative and positive sensitivity values occur in the early afternoon in both Figure 4a,c, respectively. To summarize, we assert that daily average solar power reflected from roofs is likely driving both observed temperature reductions and the apparent positive association between temperature and tree fraction in this region. This suggests that variations in solar power reflected from roofs (and thus roof albedo) appear to dominate variations in observed air temperature relative to the effects of tree fractions in Central Los Angeles.



For SFV, sensitivities of temperature to tree fraction are mostly statistically insignificant, though some values are significant during nighttime. These significant nighttime values are negative, suggesting that increased tree fraction is associated with temperature reductions, as expected based on the underlying physical mechanisms. Observations suggest a temperature reduction of up to about 1.5 °C per 0.1 increase in tree fraction at night (hours 00:00–7:00 LDT). We do not observe significant positive sensitivity during the day in SFV, as was observed for Central Los Angeles. We suggest that this is because solar power reflected by roofs has lower correlation with tree fraction in SFV (   R 2  = 0.09  ) than in Central Los Angeles (   R 2  = 0.36  ). The reduced coefficient of determination would lead to less co-variation among temperature, solar power reflected from roofs, and tree fraction.



We note that the sensitivities reported above are likely specific to the region under investigation. Other regions with different baseline (a) tree coverage, (b) tree physical properties, (c) soil moisture, and (d) meteorology, among other factors, are likely to show different relationships between air temperature and tree fraction.



Sensitivities of temperature to other LULC properties are presented in Figures S2–S4.




3.3. Roof versus Non-Roof Surfaces as Contributors to Variability in Solar Power Reflected from Neighborhoods


Here we test whether or not apparent temperature reductions associated with increases in solar power reflected by roofs are driven by co-variations in solar power reflected by non-roof surfaces, such as vegetation and pavement. To do so, we first present the daily average solar power reflected from roofs versus solar power reflected from the neighborhood (Figure 6a). In this analysis, each point represents a different neighborhood. High values of coefficient of determination (R2 = 0.80 in SFV and 0.65 in Central Los Angeles) indicate that a large proportion of the variance in solar power reflected from the neighborhood is explainable through variations in solar power reflected from roofs. In Figure 6b, we present the daily average reflected solar power from non-roof surfaces versus solar power reflected from the neighborhood. In this case, coefficients of determination are much lower (R2 = 0.07 in SFV and 0.10 in Central Los Angeles). This suggests that variations in daily average solar power reflected from the neighborhood are dominated by variations in solar power reflected by roofs rather than non-roof surfaces. This provides additional evidence that observed temperature reductions are driven by increases in solar power reflected by roofs in these regions.





4. Discussion


4.1. Comparison with Literature


In this section, we report sensitivities of air temperature to roof and overall albedos from our study and compare them to previous work. All relevant values are summarized in Table 2.



In our study, values for mean daily temperature reductions are 0.25 °C and 1.84 °C per 0.1 increase in roof albedo for SFV and Central Los Angeles, respectively, although the sensitivity for SFV is statistically insignificant. Note that the hottest time of day in the regions under investigation is 14:00–15:00 in Central Los Angeles and 16:00–17:00 LDT in SFV (Figure S1). We can also convert the sensitivities of air temperature to roof albedo (    Δ T   Δ  α  roof      ) derived in the current study to the sensitivities to overall albedo (    Δ T   Δ  α  neighborhood      ) using the computed average roof fractions of 26% and 28% for SFV and Central Los Angeles (values are calculated for neighborhoods that are not outliers), respectively, as:


    Δ T   Δ  α  neighborhood     =   Δ T   Δ  α  roof     ×  1   f  roof      



(4)







Computed daily average air temperature reductions are 0.96 °C and 6.56 °C per neighborhood albedo increase of 0.1 for SFV and Central Los Angeles, respectively.



Santamouris [3] reviewed past modeling work on urban heat mitigation strategies. Most previous modeling studies reviewed in that paper had investigated the simulated temperature reductions attainable through hypothetical city-wide adoption of reflective surfaces. Santamouris [3] reported daily average air temperature reductions of 0.2 °C per 0.1 increase in roof albedo, and reductions in peak temperature of 0.4 °C per 0.1 increase in roof albedo. Per 0.1 increase in overall albedo, the average and peak temperature reductions were 0.3 °C and 0.9 °C, respectively.



In a more recent study, Vahmani et al. [12] investigated the effects of city-wide adoption of cool roofs on near-surface air temperatures in southern California. They found near-surface air temperature reductions of 0.9 °C at 15:00 LDT per increase of 0.26 in roof albedo. (Note that climate model results are generally reported as local standard time (LST). Modeling results from other studies are converted here to LDT for consistency with our observational results. In addition, model results are generally reported as snapshots of the reported time rather than hourly averages. Thus, we report exact times rather than hourly ranges for modeling studies.) This translates to air temperature reductions of 0.35 °C per 0.1 increase in roof albedo, and 1.84 °C per 0.1 increase in overall albedo. Zhang et al. [22] investigated the influence of city-wide adoption of cool roofs (and also cool walls) on canyon air temperatures in Los Angeles County. They found that adopting cool roofs led to decreases of 0.72 °C at 15:00 LDT and 0.48 °C in daily average temperature per increase of 0.8 in roof albedo. These sensitivities translate to canopy air temperature reductions at 15:00 LDT of 0.09 °C per 0.1 increase in roof albedo, and 1.03 °C per 0.1 increase in overall albedo, and daily temperature reductions of 0.06 °C per 0.1 increase in roof albedo, and 0.34 °C per 0.1 increase in overall albedo. In our study, air temperature reductions at 14:00–15:00 LDT are 0.05 °C and 5.5 °C per 0.1 increase in roof albedo for SFV and Central Los Angeles, respectively. These sensitivities translate to 0.19 °C and 19.7 °C air temperature reductions at 14:00–15:00 LDT per 0.1 increase in overall albedo.



Perhaps a more direct comparison is to a companion paper, by Taha et al. [39], who reported results of mobile temperature measurements. They found air temperature reductions of 1 to 9.2 °C per increase of 0.1 in overall albedo in the afternoon. The highest sensitivity stems from mobile measurements within our Central Los Angeles region during August 2017. These measurements were conducted from 11:00–14:00 LDT. The sensitivities reported in the work of Taha et al. [39] are more consistent with the calculated sensitivities in our study. Corresponding air temperature reductions for the afternoon period in the Central Los Angeles region in our study are 15.3 °C per increase of 0.1 in overall albedo.



Overall, the sensitivities of temperature to the roof and overall albedo derived in our study are much higher than those reported in previous modeling studies. This can be attributed to multiple factors. Model simulations can isolate the effect of roof albedo, whereas, in observational studies, differences in meteorology from neighborhood to neighborhood can result from multiple factors. It is possible that increases in roof albedo covary with other factors that contribute to observed temperature reductions. There was an insufficient number of data points per region to allow for carrying out multiple regressions using multiple LULC properties. The observed high sensitivities could be in part due to co-variation between temperatures, roof albedo, and other LULC properties. Furthermore, this study focuses on measurements of neighborhood-scale UHIs using data from weather stations, while most previous studies report modeled near-surface air temperatures. The sensitivities derived in this study are more similar to the sensitivities reported in Taha et al. [39] than the modeling studies previously discussed. This could be due to the similarity in the domain, spatial scale, and the use of observations in both studies, although Taha et al. used a different measurement approach and analysis period.




4.2. Dependence of Reported Temperature-Landcover Sensitivities to Neighborhood Characteristics


It is important to note that sensitivities of air temperature to land cover properties reported here are relevant to the neighborhoods under investigation and are not necessarily generalizable to other neighborhoods and/or cities. We expect the sensitivities to vary by baseline land cover and meteorology.




4.3. Policy-Relevant Take-Away Points


	
Observed air temperature reductions are associated with increases in reflected solar power from roofs. Temperature reductions are larger during the day than at night, and peak in the afternoon. The peak effect is 0.31 °C and 0.49 °C reduction in afternoon air temperature per MW increase in solar power reflected from the neighborhoods in SFV and Central Los Angeles, respectively. To put this in more tangible terms, we can report temperature reductions per roof or overall albedo increase (Table 2). The average daily temperature reductions are 0.25 °C and 1.84 °C per 0.1 increase in roof albedo, which translates to 0.96 °C and 6.56 °C reduction per overall albedo increase of 0.1 for SFV and Central Los Angeles, respectively.



	
In Central Los Angeles, variations in solar power reflected from roofs (and thus roof albedo) appear to dominate variations in observed air temperature relative to the effects of tree fractions. Note that this is based on current neighborhood-to-neighborhood variability in tree fraction in this region and should not be interpreted as how future additional tree cover would affect temperatures. For SFV, observations suggest an overnight (00:00–07:00 LDT) temperature reduction of up to about 1.5 °C per 0.1 increase in tree fraction.



	
As with any observational studies, we are correlating temperature and land use/land cover parameters. Thus, we cannot make definite conclusions about causation. However, we have hypothesized and provided evidence for appreciable temperature reductions at the neighborhood-scale due to increasing reflected solar power through roof albedo increases. To our knowledge, this is the first study to provide observational evidence of roof albedo increases being associated with temperature reductions.








5. Summary


This paper investigates the effects of LULC properties on observed air temperatures for different neighborhoods in two regions of the Los Angeles area: San Fernando Valley (SFV) and Central Los Angeles. Ground observations from a network of personal weather stations have been analyzed for July 2015. LULC properties of particular focus include roof albedo (and solar power reflected from roofs) and tree fraction. We find that sensitivities between air temperatures and these LULC properties vary by region, likely due to their different baseline land cover and meteorology. Increases in roof albedo are associated with observed air temperature reductions. Average daily sensitivities are 1.84 °C and 0.25 °C per 0.1 increase in roof albedo for neighborhoods in Central Los Angeles and SFV, respectively. Observed sensitivities in air temperature to albedo are higher than reported by previous modeling studies. We note that this could be in part due to co-variation between temperatures, roof albedo, and other LULC properties. In Central Los Angeles, variations in solar power reflected from roofs (and thus roof albedo) appear to dominate variations in observed air temperature relative to the effects of tree fractions. Note that this is based on current neighborhood-to-neighborhood variability in tree fraction in this region and should not be interpreted as how future additional tree cover would affect temperatures. For SFV, observations suggest an overnight (00:00–07:00 LDT) temperature reduction of up to about 1.5 °C per 0.1 increase in tree fraction. To our knowledge, this study is the first to report observational evidence that roof albedo increases are associated with neighborhood-scale air temperature reductions.
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The following are available online at http://www.mdpi.com/2225-1154/6/4/98/s1, Figure S1: Diurnal range of measured hourly averaged temperature for different stations across the basin. The black line represents the median station, the red range shows the stations above the median, and the blue color shows the stations below the median. Figure S2: Boxplots for the diurnal cycle of sensitivity of temperature to impervious fraction. Panel (a) is for Central Los Angeles and panel (b) is for San Fernando Valley (SFV). Each box contains the sensitivities by hour of day for July 2015. The hours with statistically insignificant sensitivities have red hatching. Boxes show the inner-quartile range (IQR), whiskers show the [({first quartile} − 1.5 {Interquartile range}), ({third quartile} + 1.5 {interquartile range})], and the black line within the box represents the median. Hour of day 1 = 00:00 to 01:00 LDT. Figure S3: Boxplots for the diurnal cycle of sensitivity of temperature to building height. Panel (a) is for Central Los Angeles and panel (b) is for SFV. Each box contains the sensitivities by hour of day for July 2015. The hours with statistically insignificant sensitivities have red hatching. Boxes show the inner-quartile range (IQR), whiskers show the [({first quartile} − 1.5 {Interquartile range}), ({third quartile} + 1.5 {interquartile range})], and the black line within the box represents the median. Hour of day 1 = 00:00 to 01:00 LDT. Figure S4: Boxplots for the diurnal cycle of sensitivity of temperature to overall albedo. Panel (a) is for Central Los Angeles and panel (b) is for SFV. Each box contains the sensitivities by hour of day for July 2015. The hours with statistically insignificant sensitivities have red hatching. Boxes show the inner-quartile range (IQR), whiskers show the [({first quartile} − 1.5 {Interquartile range}), ({third quartile} + 1.5 {interquartile range})], and the black line within the box represents the median. Hour of day 1 = 00:00 to 01:00 LDT.
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Figure 1. The aggregation area, or “neighborhood” (green circle of radius 500 m) around an example weather station (red dot) in SFV. The underlying imagery shows the building footprint dataset. 
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Figure 2. Location of selected personal weather stations in the Los Angeles basin. Stations are color coded to identify study regions. Note that the dots are drawn to scale to indicate the size of each 500 m radius neighborhood. 
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Figure 3. Afternoon (14:00–15:00 LDT) temperature versus daily average reflected solar power from roofs per neighborhood (500 m radius circle around each station) in Central Los Angeles for each day during July 2015. Each subpanel represents one day, and each point represents a single weather station and associated LULC parameter. Slopes from least squares regressions are used to obtain daily sensitivities of the temperature to the LULC parameter under investigation. The mean irradiance (W/m2) at 14:00–15:00 LDT is shown above each subpanel. Red dots are removed from regressions as outliers. The red dotted regression line corresponds to linear regressions using all points (including outliers) and the black line corresponds to those using only the black squares (non-outliers). The size of each point (area) is proportional to its influence. 
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Figure 4. Boxplots for the diurnal cycle of sensitivity of temperature to (a,b) daily average solar power reflected by roofs, and (c,d) tree fraction. Panels (a,c) are for Central Los Angeles, and panels (b,d) are for San Fernando Valley (SFV). Each box contains the sensitivities per hour for the entire month (July 2015). The hours with statistically insignificant sensitivities (see Methodology section for details) have red hatching. Boxes show the inner-quartile range (IQR); whiskers show [(Q1 − 1.5 IQR), (Q3 + 1.5 IQR)], and the black line within the box represents the median. Hour of day 1 = 00:00 to 01:00 LDT. 
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Figure 5. Daily average solar power reflected by roofs vs. tree fraction for each region. Each point represents a different neighborhood (500 m radius around a weather station). Least squares linear regressions are also shown for SFV (black line) and Central Los Angeles (red line). 
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Figure 6. Comparison of daily average solar power reflected from (a) roof and (b) non-roof surfaces versus daily average solar power reflected from all surfaces in each corresponding neighborhood. Least squares linear regressions are also shown separately for the two areas (i.e., SFV and Central Los Angeles). The higher coefficients of determination (R2) in panel (a) versus (b) suggest that variations in roof albedo are responsible for the majority of variations in neighborhood albedo. 
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Table 1. Statistics of observed temperatures and land use and land cover (LULC) properties under investigation per region. All values are averaged over July 2015.
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	Daily Minimum Temperature (°C)
	Daily Maximum Temperature (°C)
	Daily Mean Temperature (°C)
	Diurnal Temperature Range (°C)
	Mean (Standard Deviation) Building Height (m)
	Mean (Standard Deviation) Tree Fraction
	Mean (Standard Deviation) Roof Fraction





	SFV
	19.4
	30.5
	24.3
	11.1
	5.33 (0.49)
	0.12 (0.037)
	0.26 (0.06)



	Central Los Angeles
	18.9
	27.7
	22.5
	8.8
	5.20 (2.72)
	0.12 (0.075)
	0.25 (0.09)
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Table 2. Temperature reductions per unit increase in roof or neighborhood average albedo.
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	Area
	Daily Average Temperature Reduction per 0.1 Increase in Roof Albedo (°C)
	Daily Average Temperature Reduction per 0.1 Increase in Neighborhood Albedo (°C)
	Afternoon a Temperature Reduction per 0.1 Increase in Roof Albedo (°C)
	Afternoon Temperature Reduction per 0.1 Increase in Neighborhood Albedo (°C)
	Notes





	Current study
	SFV
	0.25 b
	0.96 b
	0.05
	0.19
	



	Current study
	Central Los Angeles
	1.84
	6.56
	5.52
	19.7
	Values from a network of weather stations. Afternoon = 14:00–15:00 LDT



	Santamouris [3]
	Various
	0.2 c
	0.3 d
	0.4 c
	0.9 d
	Values come from a meta-analysis of previous climate modeling studies. Time of “peak” afternoon temperature reductions vary by study



	Vahmani et al. [12]
	Southern California
	
	
	0.35
	1.84
	Values from climate modeling using the default near-surface air temperature model output. Afternoon = 15:00 LDT



	Zhang et al. [22]
	Southern California
	0.06
	0.34
	0.09
	1.03
	Values from climate modeling. Temperatures represent “canyon air temperature” rather than the default near-surface temperature model output. Afternoon = 15:00 LDT



	Taha et al. [39]
	Downtown Los Angeles
	
	
	
	1.0–9.2
	Values from mobile measurements taken at various times of day, with the highest sensitivity derived from 11:00–14:00 LDT. Note that sensitivity values for measurements taken at night fall within the reported range.







a The definition of “afternoon” varies by study (see the Notes column). b Values are statistically insignificant. c Values are from two previous studies reported in Table 1 of Santamouris [3]. d Values are from several previous studies reported in Figure 1 and Figure 2 of Santamouris [3].
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Average daily solar power reflected from roofs (MW)






