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Shade factors, defined as the percentage of sky covered by foliage and branches within the perimeter of in-
dividual tree crowns, have been used to model the effects of trees on air pollutant uptake, building energy use 
and rainfall interception. For the past 30 years the primary source of shade factors was a database containing 
values from 47 species. In most cases, values were obtained from measurements on a single tree in one location. 
To expand this database 11,024 shade factors were obtained for 149 urban tree species through a photometric 
process applied to the predominant species in 17 U.S. cities. Two digital images were taken of each tree, crowns 
were isolated, silhouette area defined and shade factors calculated as the ratio of shaded (i.e., foliage and woody 
material) pixels to total pixels within the crown silhouette area. The highly nonlinear relationship between both 
age and diameter at breast height (DBH), and shade factor was captured using generalized additive mixed 
models. 

We found that shade factors increased with age until trees reached about 20 years or 30 cm DBH. Using a 
single shade factor from a mature tree for a young tree can overestimate actual crown density. Also, in many 
cases, shade factors were found to vary considerably for the same species growing in different climate zones. We 
provide a set of tables that contain the necessary values to compute shade factors from DBH or age with species 
and climate effects accounted for. This new information expands the scope of urban species with measured shade 
factors and allows researchers and urban foresters to more accurately predict their values across time and space. 

1. Introduction 

Growing interest in the ecosystem services provided by urban trees, 
such as energy effects, rainfall interception, carbon storage, and air 
pollutant uptake, is driving new investments in urban forests as green 
infrastructure (Berland and Hopton, 2014; Livesley et al., 2016; Zӧlch 
et al., 2017). Biometric research is measuring and modeling the char-
acteristics of different tree species that influence their performance, 
such as diameter at breast height (DBH), crown size, and leaf area 
(Dahlhausen et al., 2016; McPherson and Peper, 2012; Semenzato et al., 
2011; Yoon et al., 2013). One trait that has received relatively little 
study is the crown density of urban trees. Shade factor, defined as the 
percentage of sky covered by foliage and branches within the perimeter 
of individual tree crowns, can vary by species from about 60% to 95% 
when trees are in-leaf (McPherson, 1984). Shade factors are an im-
portant parameter in numerical models of urban forest biometrics and 

benefits. They are applied with crown parameters in regression equa-
tions to estimate tree leaf area, which is used to model air pollutant 
uptake (Nowak et al., 2008). Shade factors are used for modeling effects 
of tree shade on energy use by buildings and the efficiency of roof-
mounted solar systems (Heisler, 1982; Thayer and Maeda, 1985). They 
are proxies for crown gap fraction, a variable used to model the amount 
of precipitation that falls unimpeded through the tree crown (Xiao 
et al., 2000). 

Foresters have long studied the manner in which forests absorb, 
radiate, reflect, and transmit radiant energy and its effects on ecophy-
siological processes such as photosynthesis, evapotranspiration, and 
growth (Reifsnyder and Lull, 1965). Urban forest canopies can reduce 
the risk of heat stress to city dwellers by regulating the thermal en-
vironment (Kong et al., 2014). Tree crowns attenuate solar radiation 
and increase latent heat flux through evapotranspiration, which reduces 
air temperature (Thom et al., 2016). Their cooling effectiveness varies 
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by species and depends on crown size and density (e.g., leaf area index) 
growth rate, and stress tolerance (Rahman et al., 2015, 2017). Recent 
research has been identifying the thermal impact of trees in cities, with 
particular interest on the effects of evapotranspiration on air tempera-
tures (Kong et al., 2016). 

The authors are not aware of studies that have measured differences 
in attenuation of solar radiation among species during the past few 
decades. That work was prompted by the US oil crisis of 1979, which 
led to increased use of solar hot water systems and the need for solar 
access (Erley and Jaffe, 1979). Researchers began studying attenuation 
of sunlight in urban forests to select and locate trees for summer shade 
without blocking light to solar collectors (Heisler, 1986b). The techni-
ques they used to measure crown density have changed as the tech-
nology evolved. Irradiance reductions by open growing city trees were 
first measured with pyranometers and light meters (Canton et al., 1993; 
Erley and Jaffe, 1979; Heisler, 1986a; Wilkinson et al., 1991). With the 
advent of portable computers, photographic approaches were adopted 
because large numbers of trees could be easily measured (Wagar and 
Heisler, 1986; Wilkinson et al., 1991). Photographs of tree crowns were 
taken, then scanned to measure relative transmission, or shading 
coefficient, a term first used in the building engineering literature 
(ASHRAE, 1989). Wilkinson (1991) found that there was no significant 
difference between shade factors for trees in full-leaf derived from 
photographic and photometric means. The photographic approach is 
used in this study. 

Although photographic methods are quick and allow large numbers 
of trees to be studied, they have their limitations. Because these images 
are recording gaps in crowns, they are not a good measure of radiant 
energy reduction by trees (Heisler, 1982). Much of the radiation in 
shade is in a diffuse form rather than direct beam because of reflection 
off leaves and branches. Shade factors obtained from measuring gaps 
can underestimate the amount of radiation under a tree because the 
diffuse component is not included. 

Patterson et al. (2011) found that side view photos offer a robust 
method for estimating shade factor. However, while a photograph of a 
crown taken at an angle of approximately 30° above the horizon cap-
tures the horizontal density of the crown in one direction, this value 
may not accurately capture the crown’s density in other directions, or 
its vertical density. For example, closely spaced street trees can have 
crown’s that are wider perpendicular to the street, and narrower par-
allel to the street due to competition from adjacent street trees. Shade 
factors recorded for only the widest dimension are likely to be greater 
than values for the narrowest dimension. Inaccuracies in measurements 
of horizontal density can influence modeling of tree shade on building 
energy performance when solar elevation angles are very high or low. 
Similarly, shade factors from horizontal images of species with high 
ratios of crown height to width (i.e., tall, narrow crowns) might un-
derestimate their vertical densities. This issue could impact modeling 
rainfall interception when precipitation falls from above. 

Shade factors typically range from 70% to 90% among species in-
leaf. Results of 73 in-leaf measurements of shade factors were compiled 
for 47 different tree species located throughout the U.S. (McPherson, 
1984). Values ranged from 62% for honey locust (Gleditsia triacanthos 
inermis) to 93% for littleleaf linden (Tilia cordata). But do differences in 
shade factors among species substantially effect their functional per-
formance? 

In a sensitivity analysis of tree shade effects on residential buildings 
in Tucson, AZ a 10% difference in shade factor (75%–85%) increased 
annual cooling savings by 2% (75–150 kWh) depending on building size 
and type of construction (McPherson and Dougherty, 1989). Overall 
savings were proportional to the amount of area shaded based on crown 
size and shape, as well as the shade factor of each species. Shade factors 
ranged from 70% to 90% for a simulation of species planted for 
building shade in Sacramento, CA (Simpson and McPherson, 1998). The 
simulations assumed a constant shade factor for each mature species. 
These studies indicate that shade factor can have a substantial influence 

on building cooling savings. Unfortunately, these studies did not mea-
sure effects for the full 30% range in shade factors among species, or for 
changes in density that might occur as trees mature. 

A sensitivity analysis of factors influencing rainfall interception by 
individual trees found that interception loss was sensitive to gap frac-
tion, where gap fraction is defined as the percentage of crown area 
normal to the direction of rainfall that allows rain drops to reach the 
ground unimpeded (Xiao et al., 2000). The amount of unimpeded 
throughfall was directly proportional to the gap fraction. Keeping other 
factors constant, a three-fold increase in gap fraction was estimated to 
decrease interception loss (i.e., evaporation) from 12.1 to 4.3%. Inter-
ception estimates were highly sensitive to gap fraction, along with leaf 
area index and surface storage capacity. Shade factor was used as a 
proxy for gap fraction in modeling rainfall interception by Sacramento’s 
urban forest (Xiao et al., 1998). In their measurements of interception 
by two eucalypt species (Eucalyptus sp.), Livesley et al. (2014) measured 
gap fraction using four upward-looking digital images for each tree. 
Gap fraction varied between species (14% and 20%). 

In i-Tree, a software package widely used to model air pollutant 
uptake by trees, leaf area estimates from the i-Tree regression equation 
(Nowak, 1996) are very sensitive to the shade factor value (Fig. 1). The 
average shade factor from the literature for hackberry (Celtis occi-
dentalis) is 88% (McPherson, 1984). Given variability of ± 10% among 
individual hackberry trees, shade factors can range from 78% to 98%. 
The i-Tree equation predicts that leaf area is 374 m2 with the 88% 
shade factor at 20 years. Leaf areas for the dense (98%) and open (78%) 
hackberry are estimated to be 633 m2 and 221 m2, respectively. 
The ± 10% change in shade factors results in a nearly three-fold dif-
ference in estimated leaf area. 

In summary, shade factors are used to model tree leaf area and 
functions such as effects of tree shade on building energy performance 
and rainfall interception. The most extensive database of shade factors 
is over 30 years old and contains values for only 47 species (McPherson, 
1984). Most urban forests contain many more taxa than this. Pre-
sumably, values for other species must be assigned to those missing 
based on taxonomic or structural similarity. The current modeling as-
sumptions are that shade factors remain static over the tree’s lifetime 
and do not change within a species due to effects of management 
practices and different climates. If differences within species and across 
tree ages and climate zones are insignificant, a single shade factor per 
species can be justified for modeling purposes. If differences exist as 
trees of the same species age, or for trees of the same species located in 
different climate zones, accurate modeling of shade factors for the same 
species may need to incorporate changes in crown density across time 
and space. Hence, the goal of this research is to develop a process for 
calculating shade factors based on user inputs, such as species, size, age, 
and climate zone. To achieve this goal we answer the following 

Fig. 1. Modeled leaf area of hackberry (Celtis occidentalis) using i-Tree’s logarithmic re-
gression equation (Nowak, 1996) and crown dimensions (height and diameter) from the 

Urban Tree Database (UTD) growth equations (McPherson et al., 2016). The sensitivity of 
leaf area to shade factors (SF) is illustrated using values that are ± 10% of the species 
average for hackberry (88%). 
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questions. 

� What is the variability in shade factors for trees of the same species 
when considered across size and age? 

� What is the variability in shade factors for trees of the same species 
when considered across climate zones? 

� What is the variability in shade factors among species? Can species 
be categorized into shade factor classes, such as high, moderate, and 
low? 

This study extends the current database of shade factors from about 
50–149 taxa of urban trees, for the first time including palms and many 
subtropical evergreens. It uses statistical analyses to categorize species 
into classes such as high, moderate, and low shade factors. These data 
can be used for improved modeling of tree effects and for selecting 
species to achieve higher levels of performance. 

2. Methods 

2.1. Sampling design 

Allometric equations for urban tree species have valuable uses, such 
as modeling size, growth, and biomass accumulation. However, their 
range of application and predictive power has been limited by small 
sample sizes, few species, young and excellent-condition trees only, and 
narrow geographic range. Research was conducted over a span of 14 
years (1998–2011) to overcome some of these limitations. It resulted in 
365 sets of allometric equations for the most abundant tree species in 
cities from around the United States (McPherson et al., 2016) and was 
incorporated into the i-Tree Streets (formerly Stratum) software (Maco 
and McPherson, 2003). Based on computerized street tree inventories 
and, occasionally hand-written documents, a stratified random sample 
of the most predominant 17–22 street tree species per reference city 
was selected (Peper et al., 2001). The term “reference city” refers to the 
city selected for intensive study within each of the 16 climate zones 
across the United States (Fig. 2) (McPherson, 2010). The sample was 
stratified into nine diameter at breast height (DBH) classes (0–7.6, 
7.6–15.2, 15.2–30.5, 30.5–45.7, 45.7–61.0, 61.0–76.2, 76.2–91.4, 
91.4–106.7, and > 106.7 cm). Typically 10–15 trees per DBH class 
were randomly chosen. Data were collected for 16–74 trees in total 
from each species. 

Data collection took place in the late spring or summer when the 
trees were in full leaf. Measurements included: species name, age, DBH 
[to the nearest 0.1 cm (0.39 in)], tree height [to the nearest 0.5 m 
(1.64 ft.)], crown height [to the nearest 0.5 m (1.64 ft.)], and crown 
diameter in two directions [parallel and perpendicular to nearest street 
to the nearest 0.5 m (1.64 ft.)]. Tree age was determined from local 
residents, the city’s urban forester, street and home construction dates, 
historical planting records, and aerial and historical photos. Two digital 
photographs were taken of the tree at 90° angles from one another at a 
distance that allowed for full capture of the crown. The distance of the 
camera to the bole was recorded to the nearest 1.5 m (5 ft.) using a 
Sonin electronic distance measuring tool (Peper and McPherson, 2003). 
Distances were recorded at regular intervals (i.e., 1.5, 3.0, 4.6, 6.1, 7.6, 
9.1, 10.7, 12.2 m from the tree), as determined by the size of the tree 
crown and safety for the researcher. For example, if a tree could be 
photographed from 3.0 m away, but that placed the researcher in the 
middle of a busy intersection, the picture was taken from farther away 
for purposes of safety. Distances between the two images were not re-
quired to be the same and varied for the reasons mentioned above. 

2.2. Image processing 

2.2.1. Isolate tree crown 
The crown of each tree was isolated using professional image 

editing software (Adobe Photoshop (version CS), https://www.adobe. 

com/products/photoshop.html). Digital camera make (i.e., Kodak 
DC50, Olympus D150, Nikon 900), model and image isolation software 
versions varied based on the year the capture and isolation analysis was 
performed. However, the format size ratio for all camera image sensors 
was 3:2, insuring images conformed to a 35 mm negative size without 
cropping or distortion (Peper and McPherson, 1998). During the crown 
isolation procedure, the background and the section of the bole beneath 
the lowest branches were removed in Photoshop using the “magic 
wand” and “lasso” tools. 

2.2.2. Measure pixel size 
To measure the crown dimensions the pixel size was required for 

each image. To measure pixel size an object of known size or a “re-
ference board” was developed. This cardboard square (0.5 × 0.5 m) 
was photographed at the same distances used in the field to acquire the 
tree crown images. The pixel size of the image for each distance was 
calculated as the ratio of the reference board‘s total number of pixels on 
the image to the actual area of the reference board. The resulting pixel 
dimension values were converted to centimeters so that they could be 
used to obtain crown dimensions. 

2.2.3. Create binary image files 
Tree leaves and branches were manually set to black and the 

background was set to white using the grayscale feature in Photoshop 
(Fig. 3). The isolated tree crown image was opened in Photoshop and 
oriented to portrait. The color image was then rendered black and white 
(gaps). Natural gaps remained in the crown image where the sky or 
other background objects were previously removed. This binary image 
was saved in the raw image format as the “non-filled” version, named 
due to the natural gaps in the crown. The processer then returned to the 
black and white image, selected the background outside the tree crown, 
inversed the selection and deleted it. This process removed the back-
ground gaps that remained within the crown, making the tree crown 
solid black from the edges in. This image was saved in the raw image 
format as the “filled” version. These “non-filled” and “filled” files were 
used during batch file processing to calculate the crown characteristics. 

2.2.4. Calculate shade factors 
Shade factors were calculated as the ratio of the foliar and woody 

material pixels to total pixels within the crown silhouette area. The 
crown silhouette area was defined by connecting the furthest end tips of 
the tree branches, where the distance between two adjacent tips was 
less than 50 cm. A computer program was developed by one of the 
authors to determine the outline of the crown silhouette. Pixel size data 
were used in this program to measure where the 50 cm connection 
point occurred. With this information, the program automatically 
connected the branch tips to form the crown silhouette. A batch file 
accessed the “non-filled” image, “filled” image, and the distance from 
the tree that the image was taken in the field. With these data it cal-
culated the silhouette area, shaded area, and shade factor for each 
image and saved results to a text file. The text files, and isolated crown 
and crown silhouette area images were used for quality control, which 
involved identifying missing data and outliers. 

2.2.5. Perform quality control 
After the batch file results were obtained the shade factors from 

each tree were matched to the corresponding photograph from the data 
collection workbook in each city. A quality control assessment was 
performed to identify anomalous values or trees without shade factors. 
Trees were removed from the database if both images were missing. For 
trees missing one image, the first and only image was duplicated so that 
there were two images for each tree. Shade factors were calculated as 
the average of the values of the two images for each tree. These values 
were then compiled in the master database so that shade factors could 
be compared across climate zones by species, size, and age. We iden-
tified anomalous values for approximately 300 trees. The cause for each 
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Fig. 2. Climate zones of the United States and Puerto Rico were aggregated from 45 Sunset climate zones into 16 zones. Each zone has a reference city where tree data were collected. 
Sacramento, California was added as a second reference city (with Modesto) to the Inland Valleys zone. Zones for Alaska, Puerto Rico and Hawaii are shown in the insets (map courtesy of 
Pacific Southwest Research Station). 

value was identified by examining the isolated crown images and noted 
(e.g., defoliation, topped). Trees with substantial crown damage, as 
often evidenced by shade factors less than 60%, accounted for about 2% 
of all trees in the database (12,771 trees before cleaning, 11,024 trees 
final). We elected to retain these trees for analysis because they com-
prise a representative sample of municipal forests. To only include 
healthy trees with full crowns would overestimate the actual amount of 
shade that trees provide. 

2.3. Statistical analysis 

All statistical analyses were performed in R statistical software 
version 3.3.3 (R Core Team, 2017). To capture the highly nonlinear 
relationship between both age and DBH, and shade factor, generalized 
additive models (GAMs) and generalized additive mixed models 
(GAMMs) were fit using the gamm functions in the mgcv package 
(Wood, 2003, 2004, 2006, 2011, 2016). The GAMs and GAMMs were fit 
with a normally distributed error distribution and an identity link 
function. Otherwise, default values were used. The full GAMM model 
has the following form: 

= β + f (dbh ) + f (age ) + u + b +SFijk 0 1 ijk 2 ijk j  jk  εijk  , 
2uj ∼ Normal(0, σu ), 
2bjk ∼ Normal(0, σ ), b 
2εijk ∼ Normal(0, σ ), e 

where i indexes tree, j indexes species, and k indexes climate, f1 and f2 

are unknown functions estimated using low-rank thin-plate splines in 
the mgcv R package, β0 is the intercept, uj is the random species effect 

2with variance σu , bjk is the random climate within species random effect 
2with variance σb 2, and εijk is the random error with variance σe . The 

GAM model is the same as the GAMM without the uj and bjk random 

effects. 
Model selection was performed based on AIC selection (Akaike, 

1974; Burnham and Anderson, 2002). Using the version corrected for 
small sample size, AICc, was unnecessary due to large sample size 
(11,024). For fixed effects, models considered had a low-rank thin-plate 
spline term for either DBH, age, or both additively. For each of the three 
combinations of fixed effects, four possible random effect combinations 
were investigated: no random effects, a random intercept for species, a 
random intercept for climate, or a random intercept for species and a 
random intercept for climate within species. Altogether, twelve models 
were investigated. Of those, two did not converge: 1) DBH and climate, 
and 2) DBH, age, and climate. 

The best model based on AIC was used to make climate within 
species specific shade factor predictions at the median DBH for the 
corresponding species-climate combination. Using the normalmixEM 
function (McLachlan and Peel, 2000; Meng and Rubin, 1993) in the 
mixtools package (Benaglia et al., 2009), the predicted shade factors 
were then clustered into three shade classes (i.e., light, medium, dense 
shade) using a finite mixture model approach. This approach generates 
a probability of shade class membership for each species-climate com-
bination. Thus, the combinations are assigned to the shade class with 
the highest associated membership probability. 

3. Results and discussion 

Scatterplots and histograms of the shade factor, dbh, and age data 
are contained in Fig. 4. We see that age and DBH follow a right skewed 
distribution, shade factors follow a left skewed distribution. There is a 
strong relationship between age and DBH (cor = 0.795). 

The best model based on AIC was the model containing DBH, spe-
cies, and climate within species (Table 1). The second best contained 
age, DBH, species, and climate within species. The third best contained 
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Fig. 3. Creating the binary image file first involved setting the isolated tree crown’s 
background to white. In this “non-filled” image (top) of a Norway maple (Acer plata-
noides) the natural gaps in the crown remained white. In the “filled” image (below) the 

background outside the crown was selected, inversed and deleted. In effect, this step 

removed the gaps within the crown. This is the image used to define the crown silhouette 

area. 

age, species, and climate within species. The estimated curve for DBH 
from the best model is shown in Fig. 5. The estimated curve for age 
from the third best model is shown in Fig. 6. We do not report the 
curves for the second best model, because in practice anyone with both 
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age and DBH should use the DBH only model. The curves look very 
similar due to the large correlation between age and DBH (0.795), in-
dicating they are both measuring nearly the same thing. There is a 
waviness of the curves for age and dbh that does not have any known 
scientific explanation. That could mean the waviness is an artefact of 
the low-rank thin-plate spline smoother used to estimate the curves. 
However, when we fit using other smoothing methods (results omitted), 
all had the same waviness. This leads us to believe that the waviness 
does really exist in the data as measured. Because all three top models 
included species and climate within species, we interpreted that the 
effect of climate depended on the species being considered. For ex-
ample, shade factors changed considerably within a species based on 
the climate zone for Gleditsia triacanthos, Malus species, and Ulmus 
parvifolia. In contrast, they changed relatively little across climate zones 
for Cinnamomum camphora, Fraxinus pennsylvanica, and Tilia americana. 
Possible explanations for these observations are discussed later in this 
paper. 

A smoothing spline approach was used to estimate the relationship 
between both age and DBH, and shade factor. As a result, there was no 
easy to use formula for computing shade factor from climate, species, 
and age/DBH. To compute shade factors, we provide a set of tables in 
the Supplementary Material that contain the necessary values from the 
models (Tables S1–S4). The process for calculating the shade factor for 
a particular combination of age/dbh, species, and climate is provided in 
the Supplemental Material. Table S5 contains the species-climate 
combinations associated with each shade density class. Table S6 pro-
vides the species code for each taxon and Table S7 provides the code for 
each climate zone. 

The curves in Figs. 5 and 6 illustrate that shade factors tended to 
increase until trees reached about 20 years or 30 cm DBH. Hence, ap-
plying a shade factor from a mature tree to a young tree of the same 
species is apt to overestimate actual crown density. The initially steep 
rate of increase may correspond to the period after transplant stress 
when trees have high vitality and rapidly increase their crown volume. 
During this period of rapid growth, crown transparency decreases when 
viewed horizontally. Later in life trees often invest more resources in 
root development than in crown growth. 

Fig. 7 contains violin plots of the weighted densities from the finite 
mixture model along with their associated shade factor values overlaid. 
Fig. 7 also contains estimates of the associated shade class weights, 
means, variances and associated range of shade factors, as well as the 
size of the shade class. Of the 298 species/climate combinations ex-
amined, 17 were light shade, 90 were medium and 191 were dense 
shade. The light shade class is the least populated with a wide potential 
range. The dense shade class is the most populated class with the 
smallest potential range. The medium shade class is between the light 
and dense shade classes with regards to size and potential range. A list 
of species-climate combination shade class membership is available in 
the Supplementary Material online (Table S5). 

Our data indicate that it is not always possible to give a single shade 
factor for a species that occurs in multiple climate zones. For 30 species, 
the shade class changed within a species based on the climate zone. 
Four species (Ginkgo biloba, Gleditsia triacanthos, Malus sp., Ulmus par-
vifolia) were represented in each of the three shade classes. For ex-
ample, honey locust were in the light (Coastal Plain region), medium 
(Inland Valleys), and dense shade classes (Interior West, Midwest, 
North, and Temperate Interior West). Three other species were found in 
both the light and medium shade classes and 23 others were in both the 
medium and dense shade classes. Although climate zone was found to 
be an important effect describing shade factor, not all species showed 
large variation in shade factor across climate zones. Shade factor 
changed relatively little across climate zones for species such as Acer 
platanoides, Cinnamomum camphora, Fraxinus pennsylvanica, and Tilia 
americana. 

Different cultural practices may be partially responsible for cases 
where shade factors were found to vary considerably for the same 
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Fig. 4. Scatterplots and histograms of shade factor, age, and dbh. 

species growing in different climate zones. For example, a study found Shade factors are one of many tree traits that influence energy ef-
that different pruning practices influenced growth and provisioning of fects. Tree species in the dense shade class (191 species/climate com-
ecosystem services by Siberian elms (Ulmus pumila) growing in San binations) will provide greater air conditioning energy savings than will 
Francisco, CA and Cheyenne, Wyoming. Although the growing season species in the light shade class (17), provided they are of similar size 
was much longer in San Francisco than Cheyenne, the elms were much and location (McPherson and Dougherty, 1989; Simpson and 
smaller and benefits were less than those from the same species in McPherson, 1998). Crown area and its location relative to building 
Cheyenne. Trees in San Francisco were extensively pruned to limit surfaces are equally important to energy effects (Hwang et al., 2015, 
conflicts with buildings, roads, and overhead wires (McPherson and 2016). For example, dense shade on the roof from a crown raised above 
Peper, 2012). Pruning tends to invigorate vegetative growth and can the wall may provide less cooling energy savings than a similar amount 
eventually increase crown density if not taken to the extreme. Hence, of lighter shade on the wall if the attic is thermally decoupled from the 
shade factors can reflect species specific responses to pruning dose and living space below by insulation, or the wall is largely single pane 
frequency, which can vary from city to city. glazing. 

Table 1 
Table of AIC values for models of shade factor, sorted from best to worst, where the model with the smallest AIC is best. Also included are the estimated error standard deviation σ̂e, the 
intercept β0, and random effect standard errors σu and σb. Asterisks denote models that did not converge. Double asterisks denote terms not estimated due to not being in the model. 

Model DF AIC Delta AIC σ̂e β0 σ̂u σ̂b 

DBH, species, climate within species 6 −27380.21 0 0.067 0.83 8.2e-6 0.043 
Age, DBH, species, climate within species 8 −26897.40 482.81 0.070 0.82 0.048 5.6e-5 
Age, species, climate within species 6 −25731.81 1648.40 0.072 0.83 0.041 0.031 
Age, species 5 −25094.12 2286.09 0.076 0.82 0.051 ** 
Age, climate 5 −24328.64 3051.56 0.080 0.83 ** 0.033 
Age, DBH 6 −24292.48 3087.73 0.080 0.83 ** ** 
Age, DBH, species 7 −24290.48 3089.73 0.080 0.83 9.0e-14 ** 
DBH 4 −24267.75 3112.46 0.080 0.83 ** ** 
DBH, species 5 −24265.75 3114.46 0.080 0.83 2.5e-14 ** 
Age 4 −22633.61 4746.59 0.086 0.83 ** ** 
DBH, climate * * * * * * * 
Age, DBH, climate * * * * * * * 

209 



"' ~ 
c:, 

c:, 

"' ci 

"' "'! 
c:, 

~ 
c:, 

"' c:, 

"' u. 
Q) 

" "' "' .c ,__ 
CJ) ci 

c:, ,__ 
c:, 

"' "'! 
c:, 

c:, 

"' c:, 

0 50 100 

DBH(cm) 

0 
~ 
0 

"' "'! 
0 

0 

~ 
"'! 
0 

"' u. 
Q) 

" "' .c 
"' CJ) 
r-, 
0 

0 
r-, 
0 

"' "'! 
0 

0 20 40 60 80 

Ag e (yrs.) 

150 

" " 

100 

~ 
"' u. 
Q) 

" "" .c 
CJ) 

"' c:, 

"' 0 

,__ 
0 

• 
• . 

• 

Light 

Shade.Class Size Wei ht Mean Std.Dev A 
Li hi 17 0.10 0.76 0.05 

Medium 90 0.32 0.83 0.03 
Dense 191 0.58 0.88 0.19 

Medium Dense 

Shade Class 

E.G. McPherson et al. Urban Forestry & Urban Greening 31 (2018) 204–211 

Fig. 5. Solid line is the low-rank thin-plate spline estimate of f1 (dbh) + β0 from the model 

with DBH, species, and climate within species. Also known as the population average 

curve. Dashed lines represent a 95% confidence interval for f1 (dbh) + β0. 

Fig. 7. Violin plots of the weighted normal mixture components (light, medium, dense) of 
the finite mixture model for shade class with the associated species-climate shade factors 
overlaid as black dots (position of dots was jittered to prevent overplotting). Also, this 
figure contains a table of the mean, standard deviation, and mixture weight of the normal 
distribution associated with each shade class, as well as the number of members (size) and 
the approximate shade factor range of each class. 

Fig. 6. Solid line is the low-rank thin-plate spline estimate of f2 (age) + β0 from the shade 

factor model with age, species, and climate within species. Also known as the population 

average curve. Dashed lines represent a 95% confidence interval for f2 (age) + β0. 

One might assume that shade factor is related to a tree’s evapo-
transpirational cooling effect as well as its shading effect, but this has 
not been tested. If a higher shade factor is due to greater leaf area 
density, increased evapotranspiration is likely. However, shade factors 
express the combined effects of foliar and non-foliar crown elements. 
This is not a limitation if shade factors are applied for modeling effects 
of tree shade on building energy use, but it is a limitation if effects on 
air temperatures are modeled. 

Combining foliar and non-foliar elements allows for accurate para-
meterization of gap fraction for interception modeling, as both can 

impede throughfall. However, given that rain falls from above it is more 
desirable to obtain gap fractions from vertical images than from hor-
izontal ones. Drone technology now makes it feasible to acquire 
downward-looking images for interception modeling. Differences be-
tween gap fractions from horizontal and vertical images for the same 
tree have not be compared, so our data for rainfall interception appli-
cations should be used with caution. 

Because non-foliar elements are included in our calculation of shade 
factors, their use in i-Tree regression calculations may result in over-
estimates of actual leaf area. As air pollutant deposition modeling relies 
on estimates of leaf area, use of these shade factors could result in 
overestimates of pollutant uptake by trees. 

Our methods have a number of other limitations. Because the re-
solution of digital cameras increased over the 14 years data were col-
lected, the accuracy of area calculated (i.e., pixel count) as “shaded” 
and “unshaded” increased as well. It is possible that this resulted in 
underestimates of shade factors calculated early in the study, but this 
cannot be tested because cameras used earlier in the study are no longer 
available. 

Our methods do not provide good predictions of shade factor for 
trees older than 100 years or with dbh greater than 150 cm. This is due 
to limited data collected outside these values. While our method can 
make predictions about species/climate combinations, it is not capable 
of making predictions about species/climate combinations that have 
not been observed. 

Some trees we observed were in poor health, which could influence 
their shade factors. We did not account for this in the model, thereby 
increasing variability. There were some observations that could have 
been outliers but were not removed because there was no justification 
for their removal. 

Improved shade factors can increase the accuracy of modeling ef-
fects of tree shade on energy use and gap fraction on rainfall inter-
ception, but research is needed in other areas. There is a paucity of 
information on the duration of leaf-on and leaf-off periods for decid-
uous trees. Foliation period can vary substantially among species and 
directly influences attenuation of sunlight and interception of rainfall. 
Another critical variable needing further research is stem surface area, 
which especially influences interception and shading by deciduous trees 
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during the leaf-off period. 

4. Conclusions 

For the past 30 years our estimates of tree effects on environmental 
services such as air pollutant uptake, building energy use, and rainfall 
interception have relied on a database containing a single shade factor 
for each of 47 species across 16 U.S. climate zones. In most cases, shade 
factors were obtained from measurements on a single tree in one lo-
cation. The research reported here has mined a database containing 
11,024 shade factors for 149 urban tree species and found that shade 
factors tended to increase until trees reached about 20 years or 30 cm 
DBH. Hence, applying a shade factor from a mature tree to a young tree 
of the same species is apt to overestimate actual crown density. 

Our data indicate that it is not advisable to give a single shade factor 
for a species because shade factors are likely to change as trees age and 
they may change among climate zones. We provide a set of tables that 
contain the necessary values to compute shade factors from DBH or age 
with species and climate effects accounted for. This new information 
expands the scope of urban species with measured shade factors and 
allows researchers and urban foresters to more accurately predict their 
values across time and space. 

Appendix A. Supplementary data 

Supplementary data associated with this article can be found, in the 
online version, at https://doi.org/10.1016/j.ufug.2018.03.001. 
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