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ABSTRACT
Spatial and temporal variation in the urban heat island (UHI) effect from March 2012 through October
2013 was characterized using continuous temperature measurements from an array of up to 151 fixed sensors
in and around Madison, Wisconsin, an urban area of population 407 000 surrounded by lakes and a rural
landscape of agriculture, forests, wetlands, and grasslands. Spatially, the density of the built environment was
the primary driver of temperature patterns, with local modifying effects of lake proximity and topographic
relief. Temporally, wind speed, cloud cover, relative humidity, soil moisture, and snow all influenced UHI
intensity, although the magnitude and significance of their effects varied by season and time of day. Seasonally, UHI intensities tended to be higher during the warmer summer months and lower during the colder
months. Seasonal trends in monthly average wind speed and cloud cover tracked annual trends in UHI intensity, with clearer, calmer conditions that are conducive to the stronger UHIs being more common during
the summer. However, clear, calm summer nights still had higher UHI intensities than clear, calm winter
nights, indicating that some background factor, such as vegetation, shifted baseline UHI intensities throughout
the year. The authors propose that regional vegetation and snow-cover conditions set seasonal baselines for UHI
intensity and that factors like wind and clouds modified daily UHI intensity around that baseline.

1. Introduction
Cities are the most distinctly anthropogenic and
possibly the most consequential ecosystems on Earth.
Their form, function, and management act directly on
their inhabitants and indirectly on other ecosystems
through consumption, waste, and pollution. As of
2010, city dwellers constituted 50% of the global
population and 80% of the North American population, and these percentages are projected to reach
70% globally and 87% in North America by 2030
(Cohen 2006; WHO 2010), making the management of
cities one of the central challenges of the twenty-first
century. This is particularly true of small and midsized
cities. Half of urban dwellers live in midsized cities
with populations of 100 000–500 000, fewer than 10%
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live in megacities with populations over 10 million, and
these proportions are expected to persist into the future (Cohen 2006). As such, small and midsized cities
have a great deal of growth and expansion ahead of
them, making it crucial to understand the consequences of various modes of development, including local climate effects.
Urban landscapes have distinct climates compared to
their rural environs (Arnfield 2003). The most widely
studied element of the urban climate is temperature,
which is typically described in terms of the urban heat
island (UHI) effect. UHIs are classically defined as the
difference between urban and rural background temperatures, which can be represented in a variety of ways
(Stewart and Oke 2012). UHIs have been observed from
the Arctic Circle (Hinkel et al. 2003) to the tropics
(Chow and Roth 2006) in cities ranging in population
from a few hundred to tens of millions (Oke 1973). On
a local scale, UHIs and other aspects of the urban climate directly affect the daily lives of over 3.5 billion
city dwellers, including their health, quality of life, and
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resource consumption. On a global scale, ongoing climate change heightens the frequency and severity of
heat waves and other climate related risks, particularly
in cities (Patz et al. 2005; Luber and McGeehin 2008).
Urban growth could magnify global temperature trends
in the very places where most people live, exacerbating
climate related impacts (Stone et al. 2010; Fischer et al.
2012). This creates a particular need to understand the
climate of midsized cities where so much future growth
and development is expected to occur.
Although past urban climatological research gives us
a general expectation that urban areas are warmer than
rural, applying that understanding toward specific urban
issues—such as heat risk (Johnson et al. 2013), energy
consumption (Kolokotroni et al. 2012), violent crime
(Hsiang and Burke 2014), and air quality (Filleul et al.
2006)—requires detailed representations of local climates in different regions and urban landscapes. To
date, nearly all urban climate sensor arrays have been
deployed in large cities with populations in the millions,
several of which were not developed or utilized for research purposes (Table 1; Muller et al. 2013). Of the
arrays in Table 1, only Turku, Finland (population
225 000), our study area of Madison, Wisconsin (population 407 000), and Barrow, Alaska (population 5000)
have urban agglomeration populations under 500 000
(Demographia 2013). Aside from the Arctic city of
Barrow, ours is the first such North American city to be
studied with a long-term sensor array, highlighting how
little research has been done in small to midsized cities.
Our study will address this by describing the spatial and
temporal properties of the UHI in Madison using
a dense, long-term sensor array.
Our array is one of the most spatially dense and extensive ever deployed (Table 1), which could provide
unique insights into the urban climate and will allow us
to describe the UHI in richer detail than a study with less
replication. In the UHI literature, urban climate effects
are often described categorically in terms of UHI intensity, which is the temperature difference between
a city and its rural surroundings. One of the most common measures of UHI intensity is UHImax (see the
appendix for the definitions of abbreviations to measures used in the text), which is the single largest observed temperature difference between any urban and
any rural location. However, UHImax represents a very
thin slice of space and time that may not represent
predominant local climatic conditions. It is fundamentally defined by temporal and spatial outliers, making it
highly sensitive to exceptional sites and environmental
conditions. Measures of UHI intensity based on average
temperatures at several ‘‘urban’’ and ‘‘rural’’ sites, or
based on average temperatures across broader slices of
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time, are likely to be more representative of the local
climate and more robust to outlying sites or conditions.
However, even these ‘‘average’’ UHI intensity metrics
take the entire city as the unit of analysis, reducing
substantial temperature variation across the landscape
(Hawkins et al. 2004; Mohsin and Gough 2012) to
a single number. It also relies on arbitrary definitions of
urban and rural land cover, which range from overly
simplistic to highly complex (Stewart and Oke 2012),
making cross-study comparison or even interpretation
of individual studies challenging. In short, UHI intensity
is often reported as a categorical factor defined in stark
terms of urban or rural, but urbanness is not a discrete or
discontinuous property of the landscape. Roads, buildings, and other features of the built environment permeate the landscape in varying densities (Fig. 1), as will
the magnitude of their climate effects. A categorical
factor cannot capture this variation, but a continuous factor can. If the density of the built environment
(%Built) has a known relationship with air temperature
(Tair), then urban climate effects can be characterized
using that relationship. For example, if the relationship
between %Built and Tair has a coefficient of 0.058C %21,
then a 100% increase in urban density (i.e., going from
perfectly rural to perfectly urban) would yield a 58C
increase in average Tair. From that single continuous
factor we can describe not just the urban and rural sites
where we happen to have sensors, but all sites having
%Built values. Our extensive sensor array allows us to
develop such robust statistical relationships between
land cover and Tair and will allow us to describe spatial
and temporal variation in the UHI in highly descriptive
detail.
In short, our study will build our knowledge of the
urban climate in midsized cities using a dense sensor
array and analytical tools that utilize the spatial and
temporal richness of our dataset. Our overall objective is
to characterize surface air temperature patterns and
processes in a midsized temperate city (Madison). We
will focus in particular on seasonal variation in urban
climate effects. The analysis will proceed in three parts:
1) spatial patterns and processes over time, 2) daily
variation in UHI intensity, and 3) seasonal patterns and
drivers of UHI intensity.

2. Methods
a. Study area
Madison is a city of 233 000 in the north-central United
States (438N, 898W) with an estimated 2012 urban agglomeration population of 407 000 (Demographia 2013).
It has a humid-continental climate (Köppen classiﬁcation: Dfa), 1981–2010 mean annual precipitation of

Unauthenticated | Downloaded 01/09/23 02:54 AM UTC

5
550
20 673
1931
22 868
5287
37 239

* Collecting data or published results in past two years.
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Seoul, South Korea
Singapore
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Oklahoma City, OK
Taipei, Taiwan
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18 241
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Active* Beijing, China
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Detroit, MI
Hong Kong, China
London, United Kingdom
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Minneapolis

City

Population
(3103)
$200
280
#32
128
80
150
$100

68
30
75
29
31 or 11
35
120

27
22
30
16
24
30
120

40
60
36

56
280
32
128
80
90
$100

Total
sensors

40
60
#63

No.
urban
sensors

0.1
9
388
122
90
17
71

27
19
2

62
2
108
2
20
4
,26

Area per
urban
sensor
(km2)

Yes
Yes
Yes
Yes
Unclear
Unclear
No

Yes
No
Yes

Yes
Yes
No
No
Yes
Yes
Yes

Rural
sensors

2001–02
1998–2000
1997–98
1999–2001
1999–2002
2003–04; 2007–08
2002–05

2008–present
2003–present
2002–07

,2010–present
2013–present
2008–09
2007–present
1999–2000
2012–present
2011–present

Data
period

Res
Res
Mon
Res
Mon/res
Res
Mon/res

Mon
Mon/edu
Res

Mon
Res
Res
Mon/edu
Res
Res
Res

Primary
purpose of
network

Hinkel and Nelson (2007)
Eliasson and Svensson (2003)
Gedzelman et al. (2003)
Yow and Carbone (2006)
Kim and Baik (2005); Lee and Baik (2010)
Mingguang Li and Roth (2009)
Mikami et al. (2003)

Yang et al. (2013)
Birmingham Urban Climate Laboratory (2014)
Oswald et al. (2012)
Hung and Wo (2012)
Kolokotroni and Giridharan (2008)
Current paper
T. Twine and P. Snyder 2012,
personal communication
Basara et al. (2011)
Chang et al. (2010)
Hjort et al. (2011)

Reference

TABLE 1. Summary of urban climate sensor arrays with at least 10 sensors operating for at least one year. Population and area of urban agglomeration are taken from Demographia
(2013). The number of urban sensors is estimated from maps when not explicitly reported. The primary purpose of each sensor array is denoted monitoring (mon) education (edu), and/or
research (res). The data for the study area are in italics.
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FIG. 1. Map of study area in Madison, including rural land-cover classes [Wisconsin Department of Natural Resources WISCLAND Land Cover (WLCGW930)], NLCD 2006%
impervious surface coverage (Fry et al. 2012), and HOBO U23 Pro v2 temperature/RH sensor
locations.

876 mm, and mean temperatures of 278C in January
and 228C in July [obtained from the National Oceanic
and Atmospheric Administration (NOAA) National
Climatic Data Center data tools: 1981–2010 normals;
available online at http://www.ncdc.noaa.gov/cdo-web/
datatools/normals]. The city is surrounded by lakes and
a rural landscape of agriculture, forests, wetlands, and
grasslands (Fig. 1).

b. Data
In March 2012, 135 HOBO U23 Pro v2 temperature/RH
dataloggers in solar radiation shields from Onset
Computing were installed on streetlight and utility
poles across the Madison area (Fig. 1) in cooperation
with local energy utilities, governments, and institutions. Temperature sensor accuracy is 60.218C from
08 to 508C with a resolution of 0.028C at 258C and
a sensor drift of ,0.18C yr21 (Onset Computing). Our
analysis uses data from 20 March 2012 until 1 October
2013, representing approximately the first 18 months of
data collection. The loggers were installed at a height of
3.5 m to minimize the risk of damage and disturbance.
Loggers were positioned on the north side of poles except in six cases where they were turned east or west to
avoid the public road right of way. Six more loggers
were added in October 2012 and 10 more in August
2013 for a total of 151. Instantaneous measurements are

recorded every 15 min and are planned to continue for
several years.

c. Spatial analysis
To develop continuous relationships between land
cover and Tair, we fit daily ordinary least squares regression models for average Tair at each sensor with
land-cover traits as predictors. Separate models were fit
for average daytime and nighttime Tair on each of 554
days for a total of 1108 models. Average Tair across the
daytime (from sunrise to sunset) or nighttime (from
sunset to sunrise) hours, rather than Tair at any single
point in time, was used to better represent predominant
climatic conditions over time.

1) MODEL FITTING
Models generally were very well behaved in terms
of normality, constant variance, and independence of
predictors, but significant residual spatial autocorrelation occurred in 32% of daytime models and 16% of
nighttime models. Our data are inherently spatial, and
residual spatial autocorrelation can bias results substantially (Anselin 2002), so we used spatial regression
for all days with residual spatial autocorrelation. In our
spatial models, an inverse distance weighted neighbor
matrix with a maximum neighbor distance of 10 km was
used in either a spatial error or spatial lag model, which

Unauthenticated | Downloaded 01/09/23 02:54 AM UTC

OCTOBER 2014

2375

SCHATZ AND KUCHARIK

was selected using Lagrange multiplier tests. Spatial lag
models were selected over spatial error models in nearly
all cases. The appropriate spatial models reduced the
percentage of models with residual autocorrelation from
32% to 15% during the day and from 16% to 5% at
night. The remaining models with residual autocorrelation were a concern, but coefficients were quite stable
between the spatial and ordinary least squares models,
so we considered them acceptable for the purposes of
this study, which is focused on overall patterns rather
than fitting optimal models for each specific day.

2) COVARIATE SELECTION
Our objective was to compare model coefficients across
time, which required a constant set of covariates over the
entire study period. As such, rather than creating a best fit
model for each individual day, we selected covariates that
provided the best average model fits over the entire study
period. To select the covariates, we ran the full set of 1108
models with different combinations of factors and compared fits using Akaike information criterion (AIC). The
model with the lowest average daily AIC rank was selected as the best fitting overall model. Covariates tested
for inclusion in the monthly models were 1) built environment density, 2) vegetation abundance, 3) lake effect,
and 4) topographic relief, which have all been found to
be important spatial predictors of urban temperature
patterns (e.g., Alcoforado and Andrade 2006; Eliasson
and Svensson 2003; Suomi et al. 2012).
Built environment density was represented by percent
impervious surface coverage (IMP). IMP was taken
directly from the 30-m-resolution U.S. National Land
Cover Database (NLCD) 2006 product (Fry et al. 2012),
which was the most recent available edition. Average
IMP within circular buffers ranging in radius from 100 to
1000 m (in increments of 100 m) were tested to see which
produced the best model fits across the study period.
Vegetation abundance was characterized using normalized difference vegetation index (NDVI) computed
from 10-m-resolution SPOT 5 data from two cloud-free
summer dates (1 July 2010 and 25 July 2011) that together
covered our study region. We were primarily interested in
the relationship between NDVI and temperature during
the summer months when vegetation was at its peak,
though we also included it as a candidate covariate in the
winter models as another measure of the local abundance
of natural versus modified surfaces. Images from the two
dates were combined using relative radiometric correction,
by which spectral data from the second date was normalized to the first using linear regression on pseudoinvariant
features (Schott et al. 1988). We sampled 100 pseudoinvariant features in overlapping areas of the two images
to build regressions for the red and infrared bands. In the

corrected images, a random sample of 100 locations in
overlapping regions had a correlation coefficient R 5 0.85
and a slope 5 0.96 for the red band and R 5 0.82 and
slope 5 0.97 for the near-infrared band, indicating good
agreement. As with IMP, average NDVI within circular
buffers ranging in radius from 100 to 1000 m were tested to
see which produced the best model fits across the study
period. NDVI and IMP were strongly negatively correlated (R 5 20.91 at 500-m radius around sensors) and
introduced unacceptable collinearity into the models, so
only the best fitting of the two was included in the final
models, which was IMP in nearly all cases.
Lake effect was a measure of proximity to the five
largest lakes in the Madison region (Fig. 1). Various
functions were tested for the relationship between lake
proximity and monthly average Tair, including linear and
exponential distance decay, to see which produced the
best fit across the study period.
Topographic relief (TOPO) was the difference between local elevation and average elevation within a
0.8-km radius on a 3-m-resolution digital elevation
model. We considered that TOPO is unlikely to have
simple linear effects on Tair such that, for instance,
nighttime temperatures grow ever colder in deeper and
deeper valleys, or ever warmer on higher and higher
hills. A logistic relationship seems more likely, but our
study area is relatively flat with TOPO values ranging
from 222 to 122 m, and more complex relationships
gave no substantial improvement over raw TOPO values.

d. Spatial interpolation
Monthly average nighttime and daytime temperatures
from April 2012 to March 2013 were visualized on a 400 m 3
400 m resolution grid using regression kriging. Regression
kriging is well known to improve interpolation skill compared to simpler methods such as inverse distance weighting and ordinary kriging (Szymanowski and Kryza 2009),
which do not utilize information about the land surface. In
brief, regression kriging fits a regression model to measured
point data then predicts the variation explained by that
model across the landscape using the same covariates.
Remaining model residuals are then interpolated using
ordinary kriging and added to the modeled surface.
For covariates, IMP, lake effect, and TOPO were used
at night and during the day. Lake effect and TOPO were
averaged within each 400-m grid cell, and IMP was equal
to average percent impervious within a 500-m radius of
each grid centroid (with water masked out). Spherical or
exponential variogram fits were selected by AIC.

e. Temporal analysis
To analyze temporal patterns of urban temperature
effects (DT), we first had to create a daily measure of DT.
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As will be described in results, IMP was the dominant
driver of Tair in all months and times of day. IMP also is a
measure of urban density and puts daily Tair patterns
explicitly in terms of urban temperature effects. As such,
we defined DT as the daily temperature effect of going
from 0% to 100% IMP in the study region based on the
coefficients of each day’s model. For example, if the IMPversus-Tair relationship had a coefficient of 0.058C %21
on a given night, then we defined that night’s DT as 58C.

1) STATISTICAL MODELS
Linear mixed-effect models (lme function in the R
version 3.0.2 software package nlme) were used to test
the relationship between DT and various weather and
land-cover factors (see Table 3), with daytime and
nighttime DTs treated separately. A first-order autoregressive correlation structure accounted for serial autocorrelation and improved AIC and log-likelihood
values in all cases compared to models lacking an autoregressive term. Models first were run at monthly intervals to explore seasonal differences (not shown),
which revealed two distinct seasons for model relationships roughly corresponding to the warmest and coldest
parts of the year. We defined the cold season (n 5 98
days; from 15 December 2012 to 22 March 2013) as
periods with widespread snow cover. We defined the
warm season (n 5 294 days; from 27 April to 1 October
2012 and from 18 May to 29 September 2013) as periods
with abundant green vegetation, which we further defined as days with regional average NDVI values .0.5.
Regional NDVI was derived from weekly 500-mresolution Earth Resources Observation and Science
(EROS) Moderate Resolution Imaging Spectroradiometer (eMODIS) data interpolated to daily time steps.
It was calculated as average NDVI across Dane
County, Wisconsin (Fig. 1), excluding water bodies and
areas of cloud cover. Models for the spring and fall
months were intermediate between the warm- and coldseason models, so we report the warm- and cold-season
results only since they offer the greatest contrast. Model
fits were assessed using the rsquared.glmm algorithm in
R (Martin 2013), which calculates marginal and conditional R2 values for mixed-effects models (Nakagawa
and Schielzeth 2013). The predictors for these models
are described below.

2) MODEL COVARIATES
We considered a wide range of synoptic, seasonal, and
biophysical factors to account for daily variation in DT
(Table 2). As described in Table 2, average values from
various time intervals were compared to see if there
were particular critical periods for meteorological conditions to influence daily DT; in all models, average
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TABLE 2. Explanatory covariates and data sources for daily UHI
intensity models.
Metric

Data source

Dane County Regional Airport
Wind speed*, relative
NOAA automatic surface
humidity*, vapor pressure
observing system.
deficit*, diurnal range of Tair,
daily max Tair, and snow
depth**
Tsoil** and (Tair 2 Tsoil)**
Hourly soil temperature under
bare soil at 5 cm using 107-L
thermistor and CR10-X
datalogger (Campbell
Scientific) at
Arlington Agricultural
Research Station at north
end of our study area.
Total daily insolation, %Sun*, Insolation measured with
and soil moisture**
S-LIB-M003 pyranometer;
soil moisture measured at
10-cm depth with EC-5
sensor (Onset Computing).
Measurement site was open
grassland in study area.
* Avg values over one of several time windows, including daytime, nighttime, sunrise 6 3 h, sunset 6 3 h, and midday (0900–
1500 CST). Only best fitting value was included in models.
**Single daily average value.

daytime values (sunrise to sunset) provided the best fits
for DT both that day and the following night. Percent
sun (%Sun) was used as a proxy of cloud cover and was
calculated as measured insolation (300–1100 nm) as
a percent of clear-sky insolation. Measured insolation
was recorded on an S-LIB-M003 pyranometer (Onset
Computing) every 15-min at a weather station in our
study area. Clear-sky insolation was estimated as the
maximum insolation recorded within one hour of each
measurement in an 11-day moving window centered on
that measurement in the three year period for which we
had insolation data (May 2011–May 2014) . For instance,
if the pyranometer recorded 500 W m22 at 1400 central
standard time (CST) on day 10, then the corresponding
clear-sky insolation would be the maximum insolation
recorded between 1300 and 1500 CST from day 5 to 15 of
the years 2011–14 under the assumption that clear-sky
conditions occurred sometime during that time period.
Average %Sun between the hours of 0900 and 1500 CST
consistently provided the best model fits among the
various time intervals tested. Percent sun and relative
humidity (RH) were strongly correlated (R 5 20.81)
such that cloudy days tended to have higher RH and vice
versa. We wanted to test whether daytime RH affected
DT independent of its correlation with cloud cover, so we
fit a linear model of RH versus %Sun to generate the
residual variation in RH (hereinafter, residual-RH) that
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FIG. 2. The 31-day moving-average adjusted-R2 values from daily
regression models of Tair from sensors, with IMP, TOPO, and lake
effect as predictors of daily average daytime and nighttime Tair.

was orthogonal to cloud cover. We then included
residual-RH in the DT models to explore the independent
effects of cloud cover and RH on DT.

3. Results
a. Spatial patterns
The models of land cover versus daily or nightly average Tair had adjusted-R2 values averaging 0.54 at night
and 0.40 during the day, with the best fits in summer and
the lowest fits in spring (Fig. 2). IMP outperformed
NDVI in 91% of nighttime models and 97% of daytime
models throughout the study period; IMP outperformed
NDVI at even higher rates during the warm season when
vegetative biomass was highest, so IMP was used in all
final models. The optimal buffer radius for IMP averaged
455 6 7 m at night (mean 6 standard error) and 536 6
10 m during the day, so we used 500-m IMP for all
models, which remarkably is the same radius cited by
Oke (2006) as a typical zone of influence for urban
sensors. For the effect of lakes on temperature, the best
relationship in nearly all months and times of day was
exp(24d), where d is kilometers from the nearest lake
shore. This relationship yields a maximum lake effect of
1.0 at the shore and rapidly decreases inland, reaching
10% of its maximum value at a distance of approximately 0.6 km, which is consistent with our observations
that lake effects on monthly average Tair appeared to be
restricted to shoreline locations.
For the 554 nighttime models, IMP was significant
(p , 0.05) on over 99% of days, lake effect on 88% of
days, and TOPO on 62%. Of these, IMP was the dominant predictor, accounting for an average of 74% of
explained variation compared to 19% for lake effect and
7% for TOPO. For the 554 daytime models, IMP again

FIG. 3. Spatial model coefficients plotted as their effects on air
temperature. Daily DT (temperature difference between 0% and
100% impervious surface coverage) (a) during the day and (b) at
night, both fitted with 31-day moving averages (red lines). Gray
boxes indicate presence of snow cover. (c) The 31-day moving
averages of the daily temperature effects of standing on the lake
shore vs no lake effect (blue lines), and a 210-m change in TOPO
(red lines).

was significant on over 99% of days, lake effect on 59%
of days, and TOPO on only 16%. Of these, IMP again
was the dominant predictor, accounting for an average
of 80% of explained variation compared to 16% for lake
effect and 3% for TOPO.
In terms of relationships, IMP was positively related
to Tair in all months and times of day. TOPO was positively related to Tair on most nights, such that lower
spots on the landscape tended to be cooler. During the
day, TOPO had much smaller, variable effects and
often was not significant. Lake proximity nearly always
warmed Tair at night (93% of nights). During the day,
lake proximity generally cooled Tair in spring and summer but warmed Tair in fall, which essentially followed
the seasonal lag between water and air temperatures and
is comparable to results of past UHI studies (e.g., Suomi
and Käyhkö 2012).
These seasonal patterns for mid-March 2012 through
September 2013 are shown in Figs. 3a–c, which visualize
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each model coefficient as its daily effect on Tair.
Figures 3a and 3b show the effect on Tair of going from
0% to 100% IMP, which is equivalent to DT as defined in
section 2e. Both the daytime and nighttime effects
peaked in August, averaging 48C at night and 1.58C
during the day. Both effects averaged closer to 18C
during the rest of the year, with nighttime values slightly
above and daytime values slightly below 18C.
Figure 3c shows the effects of lakes and TOPO.
During the day, the lakes tended to cool Tair in spring
and early summer but warm Tair in the fall. The lake
effect followed similar seasonal trends at night but was
always positive and generally had a larger influence on
Tair compared to its daytime effects. For TOPO, a 10-m
drop in local topographic relief generally had effects less
than 0.58C, which was much smaller than the influence of
IMP and water; 210 m is near the 95th percentile of
TOPO values in the study area and is thus at the high
end of typical topographic effects.
Figures 4a and 4b show how these processes influenced temperatures across the landscape on a monthly
basis. For the 12 months interpolated, adjusted R2 for
the trend models averaged 0.53 during the day and 0.73
at night, and root-mean-square errors averaged 0.17 6
0.018C (mean 6 standard error) during the day and 0.31 6
0.048C at night. In all months and times of day, the
most densely built areas (Fig. 1) were consistently the
warmest (Figs. 4a,b), with higher temperatures often
sharply circumscribed by the borders of the city, especially during the day. At night, wetlands and other low
elevation rural areas were consistently the coldest locations, especially in May–September. During the day,
rural areas tended to be relatively uniformly cool compared to the city.

b. Daily variation in UHI intensity
We analyzed the drivers of daytime and nighttime DT
during the warm and cold seasons. Depending on the
season and time of day, some combination of wind,
cloud cover, soil moisture, residual-RH, and snow depth
were the most important predictors. Several other factors in Table 2 were also significant, but we ultimately
chose wind speed, cloud cover, soil moisture, residualRH, and snow depth as the combination most useful for
explaining DT. For example, diurnal temperature range,
soil temperature, and daily maximum temperature were
often significantly related to DT but were also highly
correlated with %Sun, did not improve model fits, and
did not offer information beyond what %Sun and other
factors already provided.
The major results of our daily DT models included the
following: 1) Wind speed and cloud cover were significantly ( p  0.001) negatively related to DT during all
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seasons and times of day. 2) Soil moisture was significantly ( p , 0.01) negatively related to DT during warmseason nights only; it was not significant on warm-season
days or at any time during the cold season ( p . 0.8).
3) Residual-RH was negatively associated with DT during warm-season days and nights ( p  0.001) but not
during the cold season. 4) Snow depth was positively associated with daily DT during cold-season nights ( p 
0.001) but only marginally significant during cold-season
days (p , 0.1).
To quantify the relative effects of these factors, we
compared the effects on DT of changing each predictor
from 21 to 11 standard deviation of the mean values
recorded during our study period (Table 3). One standard deviation comprises 68% of the data for each
weather variable and is intended to be representative of
typical changes in each. During the warm season, one
standard deviation changes in wind and residual-RH had
comparable effects on nighttime DT, with clouds and soil
moisture having somewhat smaller but still significant
effects (Table 3). During the cold season, DT was sensitive to daily variation in snow depth but effects were
only marginally significant during the day ( p , 0.1). The
relative effects of wind were lower during the day than at
night and were generally consistent between warm- and
cold-season days (17% and 23%, respectively) and between warm- and cold-season nights (38% and 34%,
respectively). Cloud effects, on the other hand, were
lower during the warm season than the cold season but
were generally consistent between cold-season nights
and days (55% and 58%) and warm-season nights and
days (29% and 26%). Notably, the absolute magnitude
of DT was also lower during the cold season (Figs. 3a,b),
so in terms of relative DT effects, cold- and warm-season
cloud-cover effects were quite comparable.

c. Seasonal trends in UHI intensity
During our 18 months of observation, both daytime
and nighttime DT peaked in summer and declined in
spring and fall (Figs. 3a,b). Daytime DT underwent
a secondary peak during the winter, which coincided
with snow cover (Fig. 3b). We do not yet have data from
other, snow-free winter periods for comparison, but the
correspondence between the presence of snow cover
and a rise in daytime DT was quite distinct, and other
possible confounding factors such as temperature and
day length did not appear to matter. Snow cover also
affected DT at night (Table 3), though nighttime DT was
sensitive to snow depth (Fig. 6) whereas daytime DT
displayed a more constant response to the presence of
widespread snow cover (Figs. 5, bottom, and 6). The
distinction between snow cover and snow depth is important here, because daytime UHI intensity was
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sensitive to the former (Fig. 5, bottom) but only marginally sensitive to the latter (Table 3).
Other factors also appeared to influence UHI seasonality. From Table 3, we know that wind, clouds,
residual-RH, snow, and soil moisture all affected day-today variation in DT. Seasonally, we found that monthly
average variation in wind and %Sun generally tracked
monthly average variation in DT during both the day
and night (Fig. 5). That is, wind speed and cloud cover
were generally lowest during the summer in Madison,
which favored higher average DTs during those months.
Soil moisture also tended to be lowest during the summer months (not shown), which during the night also
would favor higher DT (Table 3).
This accounts for some of the seasonal trends, but
clear, calm summer nights still tended to have much
higher DTs than clear, calm winter nights (cf. cold- and
warm-season peak daily values in Fig. 3a). So something
other than clouds and wind underlies the annual trends
in Fig. 5. Many factors follow similar annual trends as DT
(e.g., Tair, absolute humidity, and vegetative biomass),
with peaks in the summer and troughs in the winter. As
seen in Fig. 5, regional average NDVI demonstrated
good agreement with daytime and nighttime DT. We will
describe possible mechanisms by which vegetation could
affect DT in the discussion.
To summarize our observations on the seasonality of
the UHI, 1) annual trends in wind speed and cloud cover
tracked annual trends in UHI intensity; 2) annual trends
in vegetation cover and other factors also tracked seasonal changes in UHI intensity; and 3) snow cover affected both daytime and nighttime UHI intensity;
nighttime DT was sensitive to daily variation in snow
depth while daytime DT appeared to respond primarily
to the presence of widespread snow cover rather than to
depth.

4. Discussion
The UHI is well understood as a general phenomenon, so it is not surprising that the basic features of our
results are consistent with past work. Urban–rural
temperature differences were largest at night under
calm, clear conditions, as is true in other cities (Arnfield
2003). Seasonally, UHI intensity in our study area
peaked in late summer, which is consistent with most
(Arnfield 2003), but not all (Figuerola and Mazzeo 1998;
Ichinose et al. 1999; Kim and Baik 2005; Montávez et al.
2000) past results and also agrees with previous studies
in the north-central United States (Ackerman 1985;
Sanderson et al. 1973). Spatially, temperatures in Madison were positively related to the density of the built
environment (and corresponding sparsity of vegetation)

and were modified locally by water bodies and topography,
all of which is consistent with previous studies (Bottyán
and Unger 2003; Hjort et al. 2011; Suomi et al. 2012;
Szymanowski and Kryza 2012). However, our data revealed
insights beyond these generalities, as discussed below.

a. Temporal drivers
The mechanisms of wind and cloud effects on UHI
intensity have been thoroughly described in past work
(Oke 1982). Clear skies allow larger shortwave gains and
longwave losses, facilitating greater urban–rural temperature divergence. Low wind speeds limit horizontal
air movement and allow spatial heterogeneity in Tair to
develop and persist, while stronger winds tend to mix
and homogenize adjacent urban and rural air masses.
Our results are consistent with these effects during both
the night and daylight hours.
Higher soil moisture has been hypothesized to lower
UHI intensity by increasing the thermal admittance of
rural soils, thereby raising the resistance of rural temperatures to change and limiting urban–rural temperature divergence (Runnalls and Oke 2000). However, to
our knowledge Runnalls and Oke (2000) is the only
other field study to have tested this. Our data showed
that soil moisture had significant ( p , 0.01) negative
effects on UHI intensity during warm-season nights
(Table 3) but not during warm-season days or during the
cold season ( p . 0.8). We did not expect soil moisture to
be important when snow covered the ground, but we
were surprised that soil moisture did not affect UHI
intensity during warm-season days. There was seemingly
a biophysical mechanism by which additional soil
moisture reduced urban–rural temperature differences
at night but not during the day. Rural surfaces are
probably more biophysically sensitive to soil moisture
than urban surfaces, which are characterized by impervious cover (Fig. 1), so we assume that the explanation
lies primarily in an effect of soil moisture on the rural
landscape. In general, additional moisture in vegetated
rural soils has several related effects, including 1) increased evapotranspiration, which increases the proportion of the energy budget partitioned to latent heat;
2) increased water content of soils, which increases
thermal admittance and resistance to sensible temperature changes (this is the mechanism proposed by
Runnalls and Oke 2000); and 3) increased near-surface
humidity, which could similarly increase resistance of
the air to sensible temperature changes and also could
contribute to ground fog formation and surface inversions. All three effects are fundamentally interconnected. The question is: Which of them would alter
temperature trends at night but not during the day? The
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FIG. 4. The 400-m-resolution monthly average (a) nighttime and (b) daytime air temperature from April 2012 to March 2013 interpolated
using regression kriging. Units are degrees Celsius difference from minimum sensor temperature. Black areas are lakes.
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FIG. 4. (Continued)

precise combination of mechanisms is likely to be multifaceted. Testing among the possibilities would require
measuring diurnal energy budgets on urban and rural
land covers and determining which elements of the local

rural energy budget are most sensitive to soil moisture at
different times of day.
Relative humidity also is hypothesized to affect UHI
intensity, but only a few field studies have tested this,
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TABLE 3. Effect of changing from 21 standard deviation to 11 standard deviation (magnitude of changes is in parentheses) in mean
observed wind speed, cloud cover, soil moisture, relative humidity (independent of its correlation with cloud cover), and snow depth on
the average magnitude of DT (temperature difference between 0% and 100% impervious surface coverage) during the day or at night
during the warm or cold season. Marginal and conditional R2 is calculated using the R algorithm rsquared.glmm (Martin 2013). Here, Ns
signifies statistical nonsignificance at a 5 0.05; all reported percentages are statistically significant except day winter snow depth (p , 0.1).
Season
Night Summer
Winter
Day
Summer
Winter

Wind
(2.8 m s21) Clouds (39%) Soil moisture (10%) RH (26%) Snow depth (6.3 cm) Marginal R2 Conditional R2
238%
234%
217%
223%

229%
255%
226%
258%

222%
Ns
Ns
Ns

each finding that RH was negatively related to UHI
intensity (Hoffmann et al. 2012; Kim and Baik 2004,
2002). However, ours is the first analysis to explicitly
deal with the collinearity between RH and cloud cover
to test for independent effects of RH. We found that,
independent of its correlation with cloud cover, RH still
was negatively related to DT during the warm season,
though not during the cold season. We hypothesize that
warm-season RH effects were due to the greater resistance of moist air to temperature changes. That is,
moister air will tend to cool and warm more slowly than
dry air, and urban–rural temperatures will tend to diverge less. To test this, we ran a mixed-effects model
during the warm season for residual-RH versus daily
average cooling rates from 0 to 3 h after sunset, which is
often reported as the peak period of UHI formation
(Oke 1982). We found a highly significant (p  0.001)
relationship, with lower cooling rates under higher humidity conditions (marginal R2 of 0.07 and conditional
R2 of 0.24), which is consistent with our hypothesis. In
the cold season, there simply may be too little absolute
moisture content in the air for a percent change to
substantially alter the energy budget.
Although we separated RH and cloud cover in our
analysis, the strong correlation between the two variables could be useful for studies modeling daily UHI
intensity. Relative humidity data often are easier to
acquire and more accurate than cloud-cover data, and in
our models RH alone provided comparable or even
slightly better model fits than cloud cover alone, at least
during the warm season (not shown). As such, if cloudcover data are unavailable, RH may serve as a reasonable proxy in addition to its independent effects on UHI
intensity.

b. Seasonality
Seasonality is evident in every aspect of our analysis.
Figures 3 and 4 show clear seasonal trends in UHI intensity during both the night and day. Similarly, Table 3
and Fig. 3 show that the relationships of temperature
with land cover, weather, and other factors also vary

239%
Ns
221%
Ns

—
140%
—
115%

0.53
0.38
0.29
0.48

0.63
0.39
0.56
0.49

seasonally. So not only the patterns but the processes
themselves change over time. Although many studies
have reported seasonal changes in the UHI, relatively
few have described this in detail or systematically
assessed its causes. Proposed drivers have included
seasonal changes in wind and clouds (Fortuniak et al.
2006; Kim and Baik 2005, 2002; Kłysik and Fortuniak
1999; Morris et al. 2001; Shahgedanova et al. 1997;
Unger et al. 2000; Yamashita et al. 1986), prevalence of
anticyclonic conditions (Jauregui et al. 1992; Tumanov
1999), soil moisture changes (Runnalls and Oke 2000),

FIG. 5. Seasonal patterns of DT (temperature difference between
0% and 100% impervious surface coverage) and its potential
drivers. Black lines are 31-day moving averages of daily average DT
during the day (dotted lines, outer-left y axis) and night (solid lines,
inner-left y axis). Red lines are 31-day moving averages of (top)
daily average wind speed, (middle) %Sun between 0900 and
1500 CST, and (bottom) regional average NDVI.
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FIG. 6. Snow depth vs DT (temperature difference between 0%
and 100% impervious surface coverage). Lines are 11-day moving
averages.

and day length (Yang et al. 2013). Some of these are
consistent with our data and others are not. For instance,
peak day length (and peak daily insolation) occurs in
mid-June, which lagged peak UHI intensity by 1–2
months in both years we recorded (Fig. 3). Our results
were generally consistent with the other hypotheses
listed above, however, with wind and cloud cover
generally tracking DT during year. Nonetheless, wind
and clouds do not fully explain our seasonal trends, and
we suspect that vegetation played an underlying role
(Fig. 5).
Several climatic factors follow similar annual trends as
vegetation, including air temperature, absolute humidity, and soil temperature. We have sampled fewer than
two annual cycles, so we cannot robustly test which of
these correlated factors best explain annual UHI trends.
We can hypothesize, however, that higher plant biomass
during the summer favors higher UHIs by maximizing
differences in the urban–rural energy budgets, particularly the partitioning between latent and sensible heat as
evapotranspiration increases and reaches a maximum
during the summer months. The rural landscape around
Madison is dominated by agricultural crops such as corn
and soybean (Fig. 1), which typically are planted in late
spring, reach peak biomass in mid- to late summer, and
undergo senescence during September. This corresponds well with the general rise and fall of DT
throughout the growing season (Fig. 3). The rapid drop
in nighttime DT between September and October 2012
(Fig. 5) coincides particularly well with autumn senescence and harvest of crops and foliage, and the rise in DT
in spring coincides closely with spring greening. As such,
we propose that regional vegetation and snow-cover
conditions set seasonal baselines for DT and factors like
wind and clouds modify daily DTs around that baseline.
The daily data points in Fig. 3 support the existence of
a UHI intensity baseline determined by seasonal landcover conditions. At night, virtually all DT values . 48C
occurred during the summer, with almost no values , 28C
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in the summer despite being common during the rest of
the year. Similarly, daytime DT . 1.58C was common in
summer but very rare during the rest of the snow-free
season, and values , 18C were rare in summer but common over the rest of the year. And despite being more
prevalent in summer (Fig. 5), windless, cloudless conditions occurred in all seasons, so clearly some background
factor such as vegetation shifted baseline UHI intensities
throughout the year. We will continue to assess this hypothesis as we collect additional years of data.
Ours is one of the first studies to report an effect of
snow cover on UHI intensity. Aside from a study in
Minneapolis, Minnesota (Malevich and Klink 2011),
we are unaware of any comparable results. Like
Malevich and Klink (2011), we found that snow increased DT and that the effect differed between the
daylight and night hours. Daytime DT displayed a relatively constant response to the presence of widespread
snow cover but was insensitive to snow depth, whereas
nighttime DT was sensitive to daily variation in snow
depth (Fig. 6; Table 3). Both effects appeared to be on
the order of 0.58C, though it is difficult to estimate precisely without snow-free winter periods for comparison.
We hypothesize that the daytime effect was related to
albedo, with city streets, building walls, and other artificial surfaces being relatively free of snow cover in
comparison with the more uniform high albedo snow
blanketing rural areas. An albedo effect would be expected to be nearly constant as long as snow depth is
sufficient to cover the ground, which is what we observed. The nighttime effect is likely due to the low
thermal admittance and conductivity of snow, such that
thicker layers of snow create greater insulating effects,
causing nighttime DT to respond to snow depth (Fig. 6).
Similar biophysical explanations are favored by Malevich
and Klink (2011).

5. Conclusions
Spatial and temporal variation is fundamental to the
UHI. Classical measures of UHI intensity, such as
UHImax, are categorical in nature and take the entire
city as the unit of analysis. Using 18 months of data from
an array of up to 151 sensors, we defined UHI intensity
using a continuous factor (DT) that allowed us to scale
our results across the landscape as well as to link spatial
and temporal variation in the UHI and its drivers. The
DT is the estimated temperature effect of going from 0%
to 100% IMP, so if DT were 58C on a given night, then
a residential neighborhood with 30% IMP would have
an estimated DT0%–30% of 1.58C. Lake proximity and
topographic relief are independent of IMP, but their
relationships with temperature (Fig. 3) can similarly be
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used to estimate temperature differences across the
landscape. Figures 4a and 4b visualize these interactions,
showing that rural areas were coolest, dense urban areas
warmest, and low-density residential neighborhoods
moderate in temperature, with lake proximity and topographic relief modifying these patterns locally. So in essence Figs. 3 and 4 contain the same information, with one
visualizing it as monthly spatial patterns and the other as
a time series of daily values. This illustrates the utility of
DT for representing the fundamental linkages between
spatial and temporal variation in the UHI and its drivers.
In addition, by using a continuous rather than a categorical measure of UHI intensity, our results are relatively free
from site selection bias, unlike metrics such as UHImax. For
example, we observed a UHImax of .108C on 14% of all
nights (i.e., once per week), but this tells us very little about
predominant conditions across most of the landscape. The
DT is a much richer source of information for describing the
local climate and should aid cross-city comparisons.
The above analysis is focused on surface meteorological
conditions and drivers, but the influence of larger-scale
synoptic processes, such as wind direction and boundary
layer depth, could be the subject of future work, as could
detailed case studies of particular days and nights to understand how synoptic and surface processes unfold across
the landscape over shorter time periods than those considered here. Additionally, although we strongly advise
against applying our specific coefficients to other cities
with different land cover, climatic, and built environment
characteristics, a comparison of how the IMP-versus-Tair
relationship varies from city to city would be of significant
interest. The National Land Cover Database from which
we took percent impervious values is nationally and freely
available, so direct intercity comparison is limited only
by a lack of temperature data. The proliferation of highdensity urban sensor arrays (Table 1) gives us an opportunity to address this and other questions and to contribute
new insights to urban climatology.
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APPENDIX
Abbreviation Key
%Sun
AIC
IMP
NDVI
TOPO
RH
Tair
UHI
UHImax

Measured insolation as a percent of clear-sky
insolation
Akaike information criterion
Percent impervious surface coverage
Normalized difference vegetation index
Local topographic relief
Relative humidity
Air temperature (at 3.5-m height)
Urban heat island
Greatest observed temperature difference
between an urban and rural location
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