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Abstract: Elevated urban temperatures are a significant concern across the globe due to
their negative health effects and increased energy use. Understanding the spatial variation
in urban air temperatures can lead to informed mitigation and planning efforts. Air
temperatures for multiple urban areas in the state of lowa, USA, at three times of the day,
were collected using customized sensors mounted on vehicles driven through a variety of
landscapes in each urban area. Geographic information systems technology was used to
process high-resolution landscape datasets and derive variables that summarize the urban
landscape surrounding each temperature measurement point. Five different statistical
models: standard regression, trend surface, geostatistical, time series, and random forest,
were fitted to nighttime data in the Waterloo—Cedar Falls urban area. We demonstrate that
the best method for predicting Waterloo—Cedar Falls nighttime data is to use Waterloo—
Cedar Falls data collected at a different time of day. However, when data are not available in
the same city for which predicted air temperatures are needed, we explore which substitute
city’s data best forecast the target city’s air temperature, via four cross-validation strategies.
We find that, when predicting evening and nighttime air temperatures for the lowa urban
areas, choosing the closest-in-population-size substitute city provides the best predicted
air temperatures.

Keywords: cross-validation; geostatistical; landscape variables; NDVI; substitute city; time
series; trend surface; urban heat island

1. Introduction

Excessive urban heat can have serious negative consequences both economically
and on human health. Globally, Watts et al. [1] reported a 53.7 percent increase in heat-
related excess mortality in people older than 65 years with a total of 296,000 deaths in
2018. In the state of Massachusetts, Hattis et al. [2] found increasing anomalous excess
mortality associated with temperatures that exceeded the 85th, 90th, and 95th percentiles
of temperature. Santamouris et al. [3] reported that, with each 1 °C rise in temperature,
electricity usage costs increased by 8.5 percent. Because cities are experiencing faster
warming rates than rural areas [4] and with 50% (~80% in Europe and North America) of
the world’s population living in urban areas [5], research examining temperature patterns
in urban environments can shed light on the future livability of cities.
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Urban landscape factors contributing to increased air temperatures in urban heat
islands (UHIs) include reduced natural landscapes [6], building material properties, ur-
ban geometry, heat generated from human activity, and variation in weather (e.g., cloud
coverage and wind patterns). The US Environmental Protection Agency (EPA) [7] states
that “[s]tructures such as buildings, roads, and other infrastructure absorb and re-emit the
sun’s heat more than natural landscapes such as forests and water bodies”. The US EPA
also noted that air temperatures are more likely to vary spatially at different periods of the
day, with the greatest variation in air temperatures across urban landscapes during the
nighttime (e.g., 2 a.m.) [7]. In particular, nighttime air temperatures tend to decline more in
areas having more urban vegetation.

Considerable applied research [4,8,9] and systematic reviews [10] have focused on
UHlIs. Multiple studies examined coarse to moderate spatial resolution remotely sensed
land surface temperature (LST) data in relation to other geospatial data on urban/rural
landscapes. For example, Rajasekar and Weng [11] compared Moderate Resolution Imaging
Spectroradiometer (MODIS) LST, at 250 m resolution and at different times of the day, to
land use/land cover (LULC). They reported that high LST was associated with impervious
surfaces in Indianapolis, Indiana. Bala et al. [12] employed LST and a derived Landsat
index that they named the Urban Heat Ratio Index (at a 30 m resolution) to reveal a negative
association with vegetation and water. Although remotely sensed measures, such as LST,
are convenient to compute for moderate to larger sized urban areas, they often do not
accurately capture ground-level air temperatures. For example, Shiflett et al. [13] found a
poor correlation between LST and measured near-surface air temperatures in California.

Near-surface air temperatures capture the general thermal impact felt by people in
the urban canopy layer [14,15]. Because of the potential greater utility in using measured
near-surface air temperatures, recent research (e.g., [16,17]) has developed high-spatial-
resolution modeling that defines intra-urban spatial heterogeneity using high-frequency
temporal field-monitored air temperature and detailed geospatial data.

Studies often develop statistical models for near-surface air temperatures, while em-
ploying a smaller subset of temperatures to evaluate the effectiveness of the modeling
technique. For example, Voelkel and Shandas [18] used ordinary least squares (OLS) multi-
ple regression, classification and regression tree (CART), and random forest (RF) modeling
to predict air temperatures at different times over a single 24 h period in Portland, Oregon.
They found that RF modeling showed the strongest predictive power. In similar studies,
Coproski et al. [6] found RF modeling effective when developing separate models per city
(~10 small to medium-sized (~20,000-215,000 population) Iowa cities) and time (afternoon,
evening, nighttime). Oukawa et al. [17] demonstrated similar results when modeling
temperatures in Londrina, Brazil (575,377 population).

While using RF modeling, for a specific urban area and time of the day based on
measured near-surface air temperatures and independent geospatial-derived variables, can
show extremely high metrics for explanatory performance (e.g., high R-squared), these
techniques have limited utility when predicting unsampled times and geographic areas.
That is, RF models tend to overfit the existing data [19] and suffer from a lack of trans-
parency, as they do not explain the relationship (e.g., slope) or strength of the association
(e.g., p-value) between the physical contributors of heat transfer and air temperature. As
a result, Mila et al. [20] find RF models to be less reliable when predicting in new areas
having different urban structures or climatic conditions.

While studies have shown that OLS regression is not as effective in explaining the
existing internal data as RF, OLS regression can produce reasonably good external predic-
tion. Moreover, an OLS regression provides a thorough explanation of the urban landscape
variables that best explain air temperatures. To illustrate, Voelkel and Shandas [18] used
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OLS regression to demonstrate that a negative relationship exists between several land-
scape variables (e.g., vegetation cover and canopy cover) and air temperatures in Portland,
Oregon. That study separated canopied vegetation (higher than 3.08m) from non-canopied
vegetation using heights derived from light detection and ranging (LiDAR) points. Not
surprisingly, Voelkel and Shandas [18] found both canopied and non-canopied vegetation
to be very strongly statistically significantly associated with lower temperatures.

In addition, Oukawa et al. [17] showed approximately 64% daytime air temperature
variation based on OLS regression models in which land cover components were important
variables. Chen et al. [21] found that a single-level OLS regression model using urban
morphology-dependent variables (e.g., percent cover of trees, edge density of buildings)
was useful in predicting LST values in Nanjing, China. Multiple studies have shown that
Normalized Difference Vegetation Index (NDVI) values, derived from either satellite or
aerial imagery, were important in explaining variations in measured urban air temperature
(e.g., [6,13,18]).

While considerable research has examined UHI effects using mobile air temperature
monitoring, coupled with spatial and statistical modeling of urban morphological variables
derived from geospatial data, there has been little effort in developing and evaluating
algorithms that might be used to predict potential spatial variability of relative urban
air temperature gradients in unsampled areas. Given that there has been a reasonably
consistent set of urban landscape variables that have been shown to be explanatory and
predictive of air temperatures (e.g., NDVI, tree canopy, building height and volume metrics),
we explore how well these landscape variables predict air temperatures in cities that do not
have any directly collected air temperature data.

In this study, we have actively collected near-surface air temperature data (described
in more detail in Coproski et al. [6]) using mobile sensors at three different times during the
day: afternoon (4-5 p.m.), evening (9-10 p.m.), and nighttime (~4-5 a.m.) for nine urban
areas (ten total cities) in Iowa in 2022. Coproski et al. [6] highlighted that studying small
to medium-sized cities, such as the neighboring cities of Waterloo—Cedar Falls (WCF) in
Iowa, was somewhat novel, as most previous studies had focused on larger cities. For each
of the ten sampled Iowa cities, we have computed five key landscape variables, including
building volume and height, canopy cover, canopy density metric, and NDVL

This work investigates whether “substitute cities” can be sufficiently used to predict
any other city’s air temperature at three times of the day (afternoon, evening, and nighttime)
via statistical cross-validation (CV). More broadly, we strive to identify a sampling or CV
strategy that best predicts any unsampled Iowa city’s air temperature. Any best performing
substitute-city CV strategy may then, potentially, be applicable for mapping any other
city’s UHIs.

The paper is structured as follows. In Section 2, we define the study area and objectives
and then describe the data collected, computed, and analyzed in this paper. Section 2 also
details five statistical models fitted to the WCF nighttime air temperatures dataset. We
also develop the four substitute-city CV strategies which are employed to predict air
temperature for each of the nine Iowa cities at any time of day. Section 3 provides a
description of the spatial and temporal analyses of the nighttime WCF data, together with
a detailed discussion of which substitute-city CV strategy performs best. Lastly, Section 4
presents concluding remarks.

2. Materials and Methods

In this section, we detail the methods needed to achieve the three objectives of this
paper, which are:
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1.  We show that, while a random forest (RF) model does provide better explanatory
metrics (e.g., highest R-squared value, lowest sum of squared error), other statistical
models, such as a time series model, perform nearly as well, but with far fewer
parameters. Moreover, even an OLS multiple regression model performs reasonably
well while providing complete explanation, especially explaining the relationship
(slope) and strength of the statistical association (p-value) between air temperature
and each individual landscape variable.

2. We empirically demonstrate that, when predicting air temperatures for an unsampled
target city, the best method is to use data collected from the target city at a different
time, rather than using data from a substitute city. We also empirically show that
pooling all air temperature data, collected across all cities, to predict air temperatures
in the unsampled target city performs poorly.

3. The main focus of this paper is to assess, when air temperature data are not available
at any point in time for a target city, how well a substitute city predicts air tempera-
tures for the unsampled target city. Specifically, we examine four substitute-city CV
strategies, whereby the CV procedure picks the substitute city as (i) the closest city
in size or population to the unsampled target city; (ii) the geographically closest city,
(iii) the city whose data were collected closest in time, and (iv) the city having the
most similar landscape variables. We examine these four CV strategies using the data
collected in the nine Iowa urban areas (ten total cities) at three times of the day.

2.1. Study Area, Temperature Measurements, and Landscape Variables

This study involves air temperature monitoring data collected in the summer of 2022
across nine small (~15,000 population) to medium (~200,000 population) urban areas (ten
total cities) in the state of Iowa (Table 1). Coproski et al. [6] highlighted Iowa’s climate
as having a hot-summer humid climate with an average annual temperature of 9.1 °C
and precipitation of 902.2 mm per year from 2012-2022. Air temperature monitors were
mounted on vehicles and used for one hour at three separate times of day (i.e., afternoon,
evening, nighttime) while traversing a variety of urban morphological landscapes. More
detailed information regarding the air temperature monitoring strategies and execution
can be found in Coproski et al. [6].

To examine urban landscape heterogeneity in relation to the spatial variability of
measured air temperature values, a variety of urban landscape morphometric variables
were derived at a 1 m? spatial resolution from the statewide LiDAR (collected 2019 to
2021) and 2021 60 cm resolution 4-band National Aerial Imagery Program (NAIP) aerial
imagery data (NDVI is a result of band combinatorial math of near-infrared and red bands
and provides a measure of vegetation density/health). The derived independent variables
included NDVI (an estimate of greenness), canopy density metric (CDM), canopy cover (CC,
which measures the proportion of vegetation compared to bare-earth surface), building
height (BH, measured in m), and building volume (BV, measured in cubic meters).

After the calculation of the urban landscape variables (BV, BH, CDM, and NDVI) at
1 m spatial resolution, the ArcGIS Pro (v 3.0.1) Spatial Analyst Extension Focal Statistics
tool was used to calculate the mean and standard deviation values for of each of those
variables at 100 m (N cells = 31,416) and 800 m (N cells = 2,010,618) neighborhood distances
around each temperature measurement point. This process produced the ten landscape
variable means and the ten landscape variable standard deviations for each of the 3623
nighttime air temperatures for WCE. This process is repeated for each of the nine urban
areas and for the three times of day for which air temperature data had been collected.

In this study, we chose to employ only the 100 and 800 m radii measurements for each
of these five landscape variables to mitigate any potential multicollinearity issues ([22],
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Section 7.6). Using GIS overlay techniques, the mean and standard deviation value for each
of the 20 landscape variables was extracted at each sampled temperature X-Y location.

Table 1. Nine Iowa urban areas (ten total cities) with date sampled and population.

City Date Sampled Population (with Rank) *
Burlington 6 August 23,565 (24th)
Cedar Rapids 21 June 135,958 (2nd)
Council Bluffs 14 August 62,399 (10th)
Des Moines 3 August 210,381 (1st)
Ft. Dodge 19 July 24,591 (21st)
Marshalltown 6 July 27,574 (17th)
Sioux City 18 July 85,727 (5th)

Waterloo—Cedar Falls 21 September 107,343 (8th + 14th = 3rd)
Waverly 14 June 10,561 (40th)

* According to the 2023 Population Estimates Program [23] and 2022 American Community Survey [24].

2.2. Statistical Modeling Techniques for Air Temperatures in Waterloo—Cedar Falls

We first focus on modeling air temperatures for the neighboring cities of Waterloo and
Cedar Falls, Iowa, before addressing any other cities. While a thorough case study of the
WCEF dataset is not the primary purpose of this paper, it provides a useful way to illustrate
the use of several statistical models applied, including OLS regression, trend surface,
geostatistical, time series, and random forest models. Many other statistical models, such as
neural networks, gradient boosting, or Bayesian hierarchical models, can be fitted, however,
under the umbrella of parsimony, we chose these five models as natural extensions of the
OLS regression that are directly applicable given the temporal and spatial components of
our data. All statistical models were fitted using R and/or S-Plus.

First, an OLS multiple regression model is fitted to the nighttime WCF air temperature
data. Figure 1 shows the 3623 nighttime air temperature locations in WCF. Ho et al. ([25],
p- 38) state that “[r]egression models can be suitable for areas with complex landscape
characteristics, such as urban areas ...”. In addition, a trend surface model extends the
OLS regression by incorporating the X-Y coordinates as predictors [26]. The form of a trend
surface model can be linear by simply adding the X and Y locations to the OLS regression.
A second-order trend surface model, which includes squared X-Y terms and an interaction
(X, X2, Y, Y2, and the X-Y interaction), is more common [27]. Note that the customary
procedure is to standardize both the X and Y location variables before computing any
squared or interaction terms, because squaring the original X-Y coordinates may produce
such large numbers that machine precision (to 16 decimal places) may be lost.

A geostatistical model [28,29] provides a different way, compared to a trend surface
model, to incorporate the X-Y locations into a spatial model. Geostatistical models explain
any spatial correlation present in the region. Spatial correlation means that two air tempera-
tures observed closer in geographic space are much more similar (after adjusting for model
covariates) than a pair of air temperatures observed farther apart. An empirical variogram,
seen in Figure 2, constructed from the OLS regression residuals, provides evidence of spatial
correlation [30]. Note that an exponential theoretical variogram was fitted to the empirical
variogram in Figure 2 for illustrative purposes only. A geostatistical spatial linear model fits
the exponential correlation structure, simultaneous with the landscape variables. Figure 2 is
a diagnostic tool that illustrates the need to model spatial correlation using a geostatistical
model. Therefore, an exponential correlation function was fitted, simultaneously with the
twenty landscape variables in a geostatistical model, to the nighttime WCF air temperature
data [31], resulting in a spatial correlation of 3452.7 m, or a little over two miles.
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Figure 1. Map of the Waterloo—Cedar Falls air temperatures. The temperature is measured in
degrees Celsius.
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Figure 2. Theoretical Exponential Variogram fitted to the Empirical Variogram produced from the
OLS Multiple Regression residuals. Note that X = Lag distance is measured in meters.

A time series model ([22], Chapter 12) was fitted because both the autocorrelation
function (ACF) and partial autocorrelation function (PACF) plots of the OLS regression
residuals indicate temporally correlated data, as seen in Figures 3a and 3b, respectively.
Temporally correlated data mean that two observations closer in time are much more similar
(after adjusting for covariates) than two observations further apart in time. Therefore, an
autoregressive integrated moving average (ARIMA) time series model [32] was fitted to the
WCF nighttime air temperatures, whereby an ARIMA(p =1, d =1, q = 3) model provided
temporally uncorrelated residuals. It is not surprising that a differencing component (d = 1)
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is needed in the ARIMA model, given the presence of long-range correlation, as seen in
the slow decay of the autocorrelation in the ACF plot of the OLS regression residuals
in Figure 3a. The ARIMA time series best-fitting model adds five extra parameters (an
autoregressive term and three moving average parameters for sequentially differenced
data) over and above the OLS regression model.

Series WCFN$residuals

1.0

0.6
|

ACF
0.4

0.2

(a)

Series OLSResiduals

04 06 08 10
|

Partial ACF

0.2

0.0

0 5 10 15 20 25 30 35

(b)

Figure 3. (a). Autocorrelation Function Plot for the residuals from the OLS Multiple Regression. Note
that X = Lag is measured in time and the dashed horizontal lines represent confidence intervals. All
lags in the ACF plot are statistically significantly different from zero. (b). Partial Autocorrelation
Function Plot for the residuals from the OLS Multiple Regression. Note that X = Lag is measured in
time and the dashed horizontal lines represent confidence intervals. The first two lags in the PACF
plot are statistically significantly different from zero.

Next a random forest (RF) model was fitted to the WCF nighttime air temperature
data. However, we note that, while model averaging statistical techniques (e.g., random
forests and Bayesian hierarchical models) will typically explain air temperatures better [18],
concerns of overfitting the existing dataset, generalization of the results to other data, choice
and tuning of the hyperparameters, and lack of explanatory transparency are potential
downsides. The Results section of this paper will empirically demonstrate the utility and
limitations of RF modeling.

2.3. Predicting WCF Air Temperatures

An analysis of the WCF nighttime air temperature dataset helps to address the question
of what a useful strategy might be to predict a target city’s air temperatures when no data
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have been collected in that city. Given our objective of using a substitute city’s data
to potentially predict air temperature in another city, we use only the original twenty
landscape variables (i.e., mean and standard deviation of NDVI, CC, CDM, BH, BV) at
100 and 800 m neighborhood distances, because any temporal or spatial component of
the substitute city’s fitted model would not be appropriate for the target city. In other
words, the trend surface, time series, geostatistical, and random forest models are not used
going forward.

Specifically, by employing the twenty landscape variables, we examine how well
the WCF air temperatures (afternoon, evening, and nighttime) are predicted (a) using
only data from WCF, but collected at a different time of the day, (b) by data from each
individual (non-WCF) substitute city, and (c) after pooling data across all cities (omitting
WCF data at any time period). Although the findings presented in the Results section,
below, will indicate that using data collected at a different time of day (but from the same
city) provides superior prediction of air temperatures in that city, doing so is not possible
when no measurements, at any time of day, have been collected for a given urban area.
Section 2.4 provides a rationale for examining “substitute-city” strategies for predicting air
temperatures in unsampled urban areas.

2.4. Substitute-City Cross-Validation Strategies

Any cross-validation technique requires a training, calibration, or validation dataset
consisting of data used as inputs to the model. That is, the statistical model or fitting
algorithm is fine-tuned, evaluated, or formed using the training dataset (e.g., the OLS
regression model supplies parameter estimates, which can then be used for prediction).
To illustrate with an example, one can pool all nighttime data across all Iowa cites (except
WCEF) to predict the 3,623 nighttime air temperatures recorded only in WCF. Therefore, the
pooled nighttime data (except for data from WCF) serve as the training dataset.

The testing, target, or holdout dataset will not be used to fit the model but contains the
actual ground-truth air temperatures at locations for which predicted values can be tested.
The model is fitted to the training dataset and then predicts air temperatures at locations
in the external testing dataset. The testing dataset will have model-based predictions,
together with the corresponding true air temperatures, which allow an assessment of
model accuracy.

Most generally, formation of the testing dataset follows one of two approaches, where
the first approach consists of external prediction of a holdout set of completely new-to-the-
model observations that were never employed, at any point, in the model’s construction
Note that OLS regression models have the same training and testing datasets, hence
providing internal model prediction. In contrast, external prediction conveys that the target
dataset is not used by the model except when providing prediction. Kutner, Nachtsheim,
and Neter ([22], p. 370) state that “[t]he best means of model validation is through the
collection of new data”. For the example in the first paragraph, the dataset of 3623 nighttime
air temperatures from WCF serves as the new-to-the-model, external testing dataset.

In contrast, a second common CV approach derives external prediction for the one-and-
only-one dataset used in the analysis [33]. That is, the concurrent data can be cross-validated
by cycling through the data, withholding a single observation, and then predicting that
left-out observation by, for example, performing leave-one-out cross-validation (LOOCV)
or walk-forward cross-validation [30]. Each original observation would then have its
own left-out prediction to compare to its actual air temperature. One could, alternatively,
partition the original dataset into, say, a 70/30 split ([22], Section 9.6) where 70 percent of
the data are used to train or fit the model while 30 percent are used to assess prediction. The
second CV approach would be appropriate if one only has, say, the 3623 WCF nighttime air
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temperatures dataset. In this case, one could perform LOOCYV or partition the 3623 values
into a 70/30 training/testing dataset split, whereby 2536 (70%) data values are used to
train or fit the model (for example, running an OLS regression using the 2536 input data
values) and 1087 (30%) observations assess the model’s prediction. One potential downside
of a 70/30 split is that 1087 WCF nighttime air temperatures (30 percent of the data) are
lost as inputs to fit the model, while only one observation would be left out under an
LOOCYV approach.

We adopt the completely new-to-the-model training dataset CV approach in this study,
because our main objective is to determine which substitute lowa city’s input dataset best
predicts another city’s air temperatures. Regardless of any training/testing dataset CV
approach, a model choice criterion is needed to decide which city’s air temperatures best
predict another city’s air temperatures. Note that many possible model choice criteria, such
as sum of squared error (SSE), Akaike information criterion (AIC), R-squared, adjusted
R-squared, mean squared (prediction) error, Sawa Bayes information criterion (SBIC), Mal-
lows Cp, Bayes factor, etc., can be used for selecting the “best-fitting” model. See Section
9.3 of Kutner, Nachtsheim, and Kutner [22] and Section 13.2 of Ott and Longnecker [34]. In
this study, we choose the predictive R-squared, which is defined as the squared correlation
between the cross-validated air temperatures and their corresponding actual air tempera-
tures. Note that an alternative definition of the predictive R-squared is 1- PRESS/SSTotal,
where the predicted residual sum of squares error (PRESS) is defined under an LOOCV

2
strategy ([22], p. 360) as PRESS = Z(y - y(i)) where ;) is the fitted value omitting the

ith observation. Also, sum of squared total = SSTotal = (n — 1) * sﬁ, which is the numerator
of the sample variance of the dependent variable, y. This alternative predictive R-squared
definition mimics the usual R-squared definition (as R-squared =1 — SSE/SSTotal; see Ott
and Longnecker, [34], Section 13.2) and is most appropriate for the second CV strategy.
Note that predictive R-squared values can be negative (for poorly fitting models) since the
PRESS value can be larger than SSTotal, while, in contrast, the usual regression SSE must be
less than or equal to SSTotal. The predictive R-squared value reflects how well the model
output (forecasted air temperatures) for any one city matches the actual air temperatures in
the target city. The interpretation of the predictive R-squared is (nearly) identical to that
when using a standard regression R-squared [22], as the percent of (predictive) variability
explained by the model.

We develop four CV strategies or procedures for choosing which individual Iowa
training city, according to the selected strategy, best forecasts the target city’s air tempera-
tures. If one substitute-city strategy performs best, then that provides one piece of evidence
that this best-performing procedure may be generally applicable to cities not sampled in
this study. The four substitute-city CV strategies or procedures that are evaluated for their
efficacy are:

1. Temporal Comparability Strategy: The Date or Closest in Time CV procedure will use
the most closely sampled city in time (whose data are antecedent) to predict the target
city’s air temperatures.

2. Closest Geographic City Strategy: The Closest City or Geography CV procedure will use
the geographically closest city to predict the target city’s air temperatures.

3. City Size Strategy: The City Size or Population CV procedure will use the city with the
most similar, but lower, population to predict the target city’s air temperatures.

4. Human Footprint Strategy: The Human Footprint or Cluster Analysis CV procedure
will use the city whose landscape variables are determined to be most similar by the
dendrogram from an agglomerative hierarchical cluster analysis. The dendrogram
was developed using the twenty explanatory landscape variables, which consist of
the means and standard deviations for the BH, BV, CC, CDM, and NDVI variables.
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Figure 4 demonstrates a dendrogram derived for the nighttime air temperatures
in WCE. Note that there is a separate dendrogram for each time of day (afternoon,
evening, and nighttime), since different X-Y locations were sampled in each city at
these different times.

25000
|
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Cedar Rapids

20000
|

15000
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©

10000
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Sioux City

5000
|

0
L

Council Bluffs  Marshalltown

A < Waterloo-Cedar Falls
Burlington Des Moines

Figure 4. Cluster analysis dendrogram for nighttime data prediction employing the twenty land-
scape variables.

The four CV strategies are performed for each of the nine urban areas (10 total cities)
and three times of air temperature monitoring. Exceptions are if a given city/time did not
have a set of measured data (e.g., in Marshalltown, no evening data were collected due to
weather conditions, see Coproski et al. [6]) or for strategy 1 where the earliest sampled city
(Waverly, sampled on 14 June 2022, as seen in Table 1) has no earlier substitute-city dataset
or for strategy 3 where the smallest city (Waverly) has no smaller city to use.

3. Results

This section reports results in subsections corresponding to the three main objectives
presented at the very beginning of Section 2 (Materials and Methods). Specifically, Sec-
tion 3.1 provides further detail regarding data collection, while Section 3.2 discusses the
statistical modeling of the nighttime WCF air temperatures in support of Objective 1 (as
seen at the very beginning of the Materials and Methods section). Furthermore, Section 3.3
provides details that support the conclusion that air temperatures for the target city of
WCE, collected at a different time of day, best predict WCF'’s air temperatures, in support
of Objective 2. Lastly, the substitute-city CV results are presented in Section 3.4. They
are broken down by time of day (nighttime air temperatures in Section 3.4.1, evening in
Section 3.4.2, and afternoon in Section 3.4.3) in support of Objective 3.

3.1. Study Area, Temperature Measurements, and Landscape Variables

A thorough explanation regarding how the temperature measurements were actively
collected can be found in Coproski et al. [6]. To summarize, a minimum of 3623 (WCF)
and a maximum of 29,817 (Des Moines) temperature measurements were recorded during
three separate time periods (afternoon, evening, and nighttime) for as many as nine Iowa
urban areas (Waterloo-Cedar Falls are bordering, sister cities). Figure 5 shows the Iowa
urban areas where air temperature data were collected. Exceptions to the 3x time collection
(afternoon, evening and nighttime) are attributed to equipment issues or inclement weather
(thunderstorm) that caused nighttime measurements to be missed in Waverly and Fort
Dodge and evening measurements being skipped in Marshalltown.
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Figure 5. The nine urban areas in Iowa (10 total cities, but note that Waterloo and Cedar Falls are
adjacent, sister cities that were sampled together) where sampling was performed in 2022. See
Coproski et al. [6].

The twenty independent landscape variables (the mean and standard deviation for
NDVI, CC, CDM, BH, BV) at both 100 and 800 m neighborhood distances were calculated
as raster surfaces. Subsequently, the value for each of these landscape variables was
calculated by centering concentric circles (of radii of 100 and 800 m) on the location of each
air temperature measurement. Thus, an overall table was created holding the measured
air temperature, time and date, and x and y locations, together with each of the twenty
landscape variables for all sampled locations in each city.

3.2. Results of the Statistical Modeling Techniques for One Urban Area (Waterloo—Cedar Falls)

The results from the statistical models for WCF nighttime air temperatures are pre-
sented in Table 2a—c. As seen in the second column of Table 2a, all landscape variable means
in the OLS regression are very strongly statistically significant (p-value < 0.01) in explaining
nighttime air temperatures in WCE. Moreover, many variables are of the expected sign,
meaning that, for example, a higher percentage of canopy cover or a higher NDVI value is
associated with reduced air temperature. As seen in the second column of Table 2b, the
variability associated with the independent variables in 100 and 800 m concentric circles is
less clear, as only seven of the ten variables are very strongly statistically significant. To
illustrate, more variability in canopy cover or NDVI (in a circle with a radius of 800 m
around each sampled air temperature) is associated with higher air temperature. In total,
the OLS regression model explains 71.5 percent of the variability in nighttime WCEF air
temperature, as seen in Table 2c.
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Table 2. (a) Statistical model results for landscape variable mean values for WCF nighttime air
temperatures. (b) Statistical model results for landscape variable standard deviation values for WCF
nighttime air temperatures. (c) Model diagnostics for WCF nighttime air temperatures (n = 3623).

Variable OLS Regression OLS Regression Geostatls.tlcal Time Sef'les
+ Trend Surface Regression Regression
(@)
BH-100 | pP*
BH_800 N *%% N %% % P H4%F
BV-100 IN o
BV_SOO P 343434 P 342434
CC_lOO N 2% 344 P 4242434 N * N 3424
CC_SOO N kA4 P 42434 N 242424
CDM_lOO P 4242434 N 42343k P *%
CDM_800 P % %A% N %%k P %K%
NDVI_lOO N 4343434 N 3443k N***
NDVI_8OO N 3% 344 P 4242424 N bt
(b)
BH_lOO N k%% P 4242434
BH_800 P % %A% P Lz g N Lz
BV-100
BV_SOO N 4343434 N 344k
CC_lOO P 4242424 N 3%k P * P %
CC_SOO P 4242424 N k%% P A4
CDM-100 |
CDM_800 N 3434k P X %A%
NDVI-100 P
NDVI-800 P xxEx P x** P ek
(c)
Metric OLS OLS Regression  Geostatistical Time Series Random
Regression + Trend Surface Regression Regression Forest
Parameters 21 26 24 26 521
Degrees of Freedom 3602 3597 3599 3597 3102
R-squared 0.7150 0.8485 0.4719 0.9886 0.9901
Sum of Squared Error 38.499 20.142 82.143 1.502 1.133
AlIC —5903.2 —8476.0 —17,357.3 —17,853.8 NA

P: Positive Coefficient. N: Negative Coefficient. * p-value between 0.1 and 0.15 (Weak Statistical Significance).
** p-value between 0.05 and 0.1 (Moderate Statistical Significance). *** p-value between 0.01 and 0.05 (Strong
Statistical Significance). **** p-value < 0.01 (Very Strong Statistical Significance).

As seen in the third column of Tables 2a and 2b, respectively, many of the same
landscape variables that were statistically significant in the OLS regression model are also
statistically significant for the second order trend surface model. Furthermore, all five trend
surface parameter estimates were very strongly statistically significant (p-value < 0.01).
This result helps to explain why using data from the same city (even when collected at a
different time of day) will better predict air temperatures compared to using data from a
different urban area.

The geostatistical model indicates that the spatial correlation is very strong for the WCF
nighttime air temperatures and, as a result, mostly washes out the fixed effect landscape
variables (that were observed as very strongly statistically significant in both the OLS and
trend surface regressions). As seen in the fourth column of Table 2c, the lower predictive
R-squared and higher sum of squared error (SSE) values for the geostatistical model,
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respectively, indicate that both the OLS and trend surface regression models fit better than
the geostatistical model.

As noted in the Materials and Methods section, the ARIMA model adds five extra
parameters (an autoregressive term and three moving average parameters for sequentially
differenced data) over and above the OLS regression model. These additions provide
marked improvement in explanation, as seen in the fifth column of Table 2c. The SSE and
Akaike information criterion (AIC) values were lowest ([22], Section 9.3) for the time series
model and the predictive R-squared value was highest when compared to the previous
three models. In addition, the parameter estimates, as seen in the last column in Table 2a,b,
are fairly consistent with that seen from the OLS regression.

Next, a random forest (RF) model was fitted to the WCF nighttime air temperature
data, resulting in an R-squared value of 0.9901 with an SSE of 1.133 as seen in Table 2c.
Of the five models fitted, the RF model best explained the existing nighttime WCF air
temperatures. However, we note that, while model averaging statistical techniques (e.g.,
random forests and Bayesian hierarchical models) will often predict air temperatures
better [18], concerns of overfitting the existing dataset, generalization of the results to other
data, choice and tuning of the hyperparameters, and lack of explanatory transparency are
potential downsides.

In examining the commonalities for the coefficients, as seen in Table 2a,b, for the first
four fitted models (a random forest model, by design, does not provide parameter estimates
for the individual landscape variables), the NDVI means in Table 2a are strongly significant
for all models (at either the 100 or 800 m scale or both) in explaining air temperature. More
vegetation, resulting in a higher NDVI, is associated with lower air temperatures. While
all of the mean variables are statistically significant for the OLS regression, as seen in
the second column of Table 2a, the trend surface model has nine statistically significant
variables (but also incorporates five statistically significant trend surface variables); the
time series loses four (but incorporates five extra parameters for the ARIMA(1,1,3) model)
and the geostatistics model loses all but two (but incorporates the range, sill, and nugget
components of the spatial correlation-variogram model).

Looking at the model summaries for all five models in Table 2¢c, the geostatistical
model performed worst, while the RF model, not surprisingly, best explained the existing
nighttime air temperatures in WCF, given its use of (the default) 500 trees in its fitting
algorithm. Interestingly, the time series model fit nearly as well as the RF model, but the
time series model allows for parameter estimates, as seen in the last column of Table 2a,b,
which, apparently, should not be a surprise, given the strong temporal correlation of the
collected air temperature data (as seen in Figure 3a).

While a thorough analysis of WCF nighttime air temperatures is of importance, the
larger question of how to best predict a target city’s air temperature, when not using any
directly collected data in the target city, is a main focus of this research. Given our objective
of using a substitute city’s data to predict air temperatures in another city, we only use the
twenty landscape variables in the subsequent sections, because any temporal or spatial
component of the substitute city’s fitted model would not be appropriate for the target
city. In other words, we are eschewing the trend surface, geostatistical, time series and RF
models going forward.

3.3. Results When Predicting WCF Air Temperatures

Employing the twenty landscape variables, we examine how well the WCF air tem-
peratures, collected in the afternoon, evening, and nighttime, are predicted: (a) using only
data from WCE, but collected at a different time of day, (b) by data from each individual
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(non-WCEF) city, and (c) after pooling data across all cities (omitting any WCF data collected
at any time of day).

When predicting nighttime air temperatures in WCE, the best predicting input dataset
came from using afternoon data from WCF (predictive R-squared = 0.4494), as seen in
Table 3a. The evening WCF air temperature data gave the second highest predictive R-
squared value (0.4069). The best predicting individual Iowa city (apart from WCF data
collected at a different time of day) was Des Moines (0.3932), while the worst predicting
city was Marshalltown (0.0066). Pooling the data across all cities (except for the WCF data
collected at any time of day) ranked seventh (0.1223).

Table 3. (a) Prediction of Waterloo—Cedar Falls air temperature—nighttime. Note that Two Iowa
cities (Fort Dodge and Waverly) were not sampled at nighttime. (b) Prediction of Waterloo—Cedar
Falls air temperature—evening. (c) Prediction of Waterloo-Cedar Falls air temperature—afternoon.

Training City Predictive R-Squared Rank
(a)

Burlington 0.2188 5
Cedar Rapids 0.0347 8
Council Bluffs 0.1683 6

Des Moines 0.3932 3
Marshalltown 0.0066 9

Sioux City 0.2520 4

WCE—Afternoon 0.4494 1

WCF—Evening 0.4069 2

Pooling All Cities 0.1223 7
(b)

Burlington 0.2747 6
Cedar Rapids 0.4103 2
Council Bluffs 0.2817 5

Des Moines 0.1238 10

Fort Dodge 0.1496 9

Sioux City 0.4002 3

Waverly 0.1932 8
WCF—Afternoon 0.4956 1
WCF—Nighttime 0.3902 4
Pooling All Cities 0.2441 7

(0)

Burlington 0.3673 5
Cedar Rapids 0.0263 10
Council Bluffs 0.4493 4

Des Moines 0.4921 1

Fort Dodge 0.1746 9
Marshalltown 0.4649 2

Sioux City 0.3224 7

Waverly 0.0019 11
WCF—Evening 0.4507 3
WCF—Nighttime 0.3622 6
Pooling All Cities 0.2198 8

Similar results can be seen in Table 3b, when predicting evening WCF air tempera-
tures. Afternoon WCF air temperatures best predicted evening temperatures (predictive
R-squared = 0.4956), while the nighttime WCF air temperature data only forecast fourth
best (0.3902). The best predicting individual Iowa city (apart from WCF data collected
in the afternoon) was Cedar Rapids (0.4103). Interestingly, Des Moines predicted worst
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(0.1238) for evening WCF air temperatures. Like the results for the nighttime WCF data,
pooling all of the non-WCF data predicted only seventh best (0.2441).

The results for predicting afternoon WCF air temperature can be seen in Table 3c,
where WCF evening data only were third best (predictive R-squared = 0.4507). The best
predicting individual Iowa city was Des Moines (0.4921), while the worst predicting city
was Waverly (0.0019). The evening WCF data performed third (0.4507), while pooling all
data (except for data from WCF) was eighth (0.2198).

As seen in Table 3a—c, predicting WCF air temperature, especially during the evening
or nighttime, is best performed using data collected from WCF at a different time of day.
Pooling data performs poorly when predicting WCF data at any time of the day, with its
highest predictive R-squared of 0.2441. In addition, an analysis of covariance (ANCOVA)
F-test ([34], Chapter 16) indicates that any statistical analysis needs to be performed by city
(F = 37.57, p-value = 0) rather than pooling data.

In summary, the analysis in this section reinforces the observation that data from the
same city, when collected at a different time of day, best forecast that city’s air temperature.
It also shows that one city does not universally best predict WCF air temperature at various
times of the day, as Des Moines is the individual Iowa city that best predicted both WCF
nighttime and afternoon data but performed worst in predicting evening air temperatures.

3.4. Substitute-City Cross-Validation Results for All Sampled lIowa Cities

As discussed in Section 2.4, four CV strategies are evaluated when predicting air
temperatures in an unsampled urban area. Each CV strategy predicts air temperatures in
the target city using the input air temperature OLS regression results from the selected city
according to the following criteria: (1) choose the most closely sampled city in time (closest,
but antecedent sampling date), (2) pick the closest city based on geography or location,
(3) select the city that is closest in size, but with a lower population, and finally (4) choose
the city whose landscape variables, based on the cluster analysis of the twenty independent
variables, most closely resemble those of the target city.

The results for the four substitute-city CV strategies for nighttime data for seven Iowa
urban areas are detailed in Tables 4-7 and detailed in the first subsection. In the second
subsection, we discuss the substitute-city CV results by city for all three times of day, while
the third subsection focuses on the overall results for each CV strategy by time of day.

Table 4. Prediction results for nighttime air temperatures—Closest in Time CV strategy.

Date Sampled Predicted by Best Predicting  Predictive

Target City Rank

(in 2022) CV Strategy * City R-Squared
Cedar Rapids ** June21 - - WCF 0.1999
) . 0.5858
Marshalltown July 6 Cedar Rapids 2 Burlington (0.5543)
. . . 0.2158
Sioux City July 18 Marshalltown 6 Council Bluffs (0.0118)
. ) . . 0.2672
Des Moines August 3 Sioux City 3 Cedar Rapids (0.1963)
' ) . . 0.7110
Burlington August 6 Des Moines 5 Sioux City (0.0252)
. ) 0.5874
Council Bluffs August 14 Burlington 2 Marshalltown (0.2941)
WCF September 22 Council Bluffs 4 Des Moines 03932
(0.1683)

Notes: WCF = Waterloo-Cedar Falls and the parenthetic Predictive R-squared in the last column is the “Predicted
by” city’s percent of variability explained by the model. * The Closest in Time CV strategy will use the most
recently sampled city (but antecedent in time to the target city) to predict air temperatures in the target city.
** Cedar Rapids does not have a Date procedure result, since it was sampled first.
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Table 5. Prediction results for nighttime air temperatures—Closest City CV strategy. Notes:

WCF = Waterloo Cedar Falls and the parenthetic Predictive R-squared in the last column is the

“Predicted by” city’s percent of variability explained by the model.

) Predicted by CV Best Predicting Predictive
Target City Strategy * Rank City R-Squared
. . 0.2672
Des Moines Marshalltown 4 Cedar Rapids (0.1443)
Cedar Rapids WCF 1 WCF 0.1999
. ) 0.3932
WCF Cedar Rapids 5 Des Moines (0.0347)
Sioux City Council Bluffs 1 Council Bluffs 0.2158
. . ) 0.5874
Council Bluffs Sioux City 4 Marshalltown (0.1729)
‘ i 0.5858
Marshalltown Des Moines 4 Burlington (0.5334)
' _ _ , 0.7110
Burlington Cedar Rapids 3 Sioux City (0.6071)

* The Closest City CV Strategy uses the geographically closest city to the target city to predict air temperatures.

Table 6. Prediction results for nighttime air temperatures—City Size or Population CV strategy.
Notes: WCF = Waterloo—Cedar Falls and the parenthetic Predictive R-squared in the last column is
the “Predicted by” city’s percent of variability explained by the model.

. . Predicted by Best Predicting  Predictive

Target City Population CV Strategy * Rank City R-Squared
Des Moines 210,381 (1st) Cedar Rapids 1 Cedar Rapids 0.2672
Cedar Rapids 135,958 (2nd) WCF 1 WCF 0.1999
107,343 . . . 0.3932
WCF (8th + 14th = 3rd) Sioux City 2 Des Moines (0.2520)
Sioux City 85,727 (5th) Council Bluffs 1 Council Bluffs 0.2158
Council Bluffs 62,399 (10th) Marshalltown 1 Marshalltown 0.5874
Marshalltown 27,574 (17th) Burlington 1 Burlington 0.5858
Burlington ** 23,565 (24th) - - Sioux City 0.7110

* The City Size or Population CV Strategy uses the city with the closest (but lower) population to predict air
temperatures. ** Burlington does not have Population or City Size procedure result, since it is the smallest city.

Table 7. Prediction results for nighttime air temperatures—Cluster Analysis or Human Footprint CV
strategy. Notes: WCF = Waterloo—Cedar Falls and the parenthetic Predictive R-squared in the last

column is the “Predicted by” city’s percent of variability explained by the model.

. Predicted by CV Best Predicting Predictive
Target City Strategy * Rank City R-Squared
. . . 0.2672
Des Moines Burlington 5 Cedar Rapids (0.1336)
. . . Waterloo— 0.1999
Cedar Rapids Sioux City 4 Cedar Falls (0.0654)
Waterloo— . .
Cedar Falls Des Moines 1 Des Moines 0.3932
Sioux City Council Bluffs 1 Council Bluffs 0.2158
Council Bluffs Marshalltown 1 Marshalltown 0.5874
. . 0.5858
Marshalltown Council Bluffs 6 Burlington (0.1463)
. . . . 0.7110
Burlington Des Moines 5 Sioux City (0.0252)

* The Cluster Analysis or Human Footprint CV Strategy will use the city determined to be most similar by the
dendrogram (employing the twenty variables: Means + Standard Deviations for the Building Height, Building
Volume, Canopy Cover, CDM, and NDVI variables) to predict air temperatures in the target city.
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3.4.1. Substitute-City Cross-Validation Results for Nighttime Data

The results for the Date or Closest in Time CV procedure are presented for nighttime
data in Table 4 where, for example, WCF nighttime data were collected between 4 and
5 a.m. on 22 September 2022. According to the Date procedure, WCF air temperatures
are best predicted by the substitute-city of Council Bluffs (since Council Bluffs data were
collected on August 14, as seen in Table 1). However, as discussed previously, and as seen in
Tables 3a and 4, Des Moines is the substitute lowa city that best forecasts WCF nighttime air
temperatures (predictive R-squared = 0.3932). Council Bluffs (predictive R-squared = 0.1683,
as seen in parentheses in the Predictive R-Squared column of Table 4) is the fourth best
predicting substitute city for WCF nighttime data (as seen in the Rank column in Table 4).
Examining Table 4, the Date procedure did not provide a best predicting training dataset
for any of the individual Iowa cities; its best performance was second in predicting both
Marshalltown’s (0.5543) and Council Bluff’s (0.2941) nighttime air temperatures.

The results for the Closest City or Geography CV procedure are presented for nighttime
data in Table 5, where, for example, Cedar Rapids would be expected to best predict WCF
nighttime air temperatures (as seen in the second column of Table 5), since Cedar Rapids is
the closest sampled city to WCF. However, Cedar Rapids, as the input city for WCE has a
quite low predictive R-squared (0.0347, shown in parentheses in the last column of Table 5)
and ranked fifth out of the seven individual Iowa cities when predicting WCF nighttime
air temperatures. Overall, the Closest City CV strategy best predicted air temperatures in
only two cities: Sioux City (0.2158) and Cedar Rapids (0.1999), as seen in the Rank column
of Table 5.

The results for the Population CV procedure are presented for nighttime data in Table 6,
where, for example, Sioux City should provide the training dataset for WCF nighttime
air temperatures, since Sioux City has a population of 85,727 compared to 107,343 for
WCE. As seen in Table 6, Sioux City was the second best at predicting WCF temperatures
(predictive R-squared = 0.2520). Moreover, the Population procedure best predicted each
of the other five cities’ air temperatures, as seen in the Rank column of Table 6, with the
highest predictive R-squared value being 0.5874.

The Human Footprint CV procedure chooses a training dataset city that best matched
the landscape variables of the target city, via the dendrogram from an agglomerative
hierarchical cluster analysis [35]. A similarity metric (e.g., Euclidean, Mahalanobis, or
Manhattan distance) first compares all possible (C}) pairs of multivariate observations to
determine which pair of cities has the most similar collection of landscape variables.

Examining the dendrogram in Figure 4, Des Moines and Burlington have the most
similar set of landscape variables, since they are joined first at the bottom of the dendro-
gram. Therefore, the Human Footprint procedure would suggest that Des Moines and
Burlington would be the other city’s respective training dataset for predicting nighttime air
temperatures, as seen in the second column of Table 7. Waterloo—Cedar Falls is next added
to the dendrogram, as its landscape variables are most similar to the first formed cluster,
consisting of Des Moines and Burlington (after employing an average linkage method to
judge how similar WCEF is to the merged Des Moines and Burlington cluster). Therefore,
either Des Moines or Burlington is suggested to predict WCF nighttime air temperatures.
The Human Footprint CV strategy chooses to use the city that is closer in population,
whenever there is a choice between two just-merged-in-the-dendrogram cities. To further
illustrate, as seen in Figure 4, Sioux City (population 85,727) would have, according to the
Human Footprint strategy, Council Bluffs (62,399), rather than Marshalltown (27,574), as its
training dataset city when predicting nighttime air temperatures.

Dendrograms from the landscape variables computed during the afternoon and
evening will potentially produce a different training dataset city for each target city. That
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is, unlike the other three substitute-city CV strategies, the Human Footprint procedure
depends upon the landscape variables computed at the sampled locations. For example,
Burlington is best predicted by WCF from the afternoon and evening landscape variable
dendrogram, but Burlington uses Des Moines when predicting nighttime air temperatures
(as seen in Table 7). In contrast, the Closest City procedure will always choose Cedar Rapids
to predict Burlington’s air temperatures, as seen in Table 5, regardless of the time of day
when prediction is desired.

As seen in Table 7, nighttime air temperatures in WCF are best predicted by Des
Moines (predictive R-squared = 0.3932), which is also the input city according to the
Human Footprint strategy. Looking at the Rank column in Table 7, two other cities, Council
Bluffs and Sioux City, also had the Cluster Analysis procedure accurately pick their training
dataset (predictive R-squared values of 0.5874 and 0.2158, respectively). However, the best
that the Human Footprint procedure performed for the remaining cities was fourth. The
Cluster Analysis strategy either performed very well or poorly, with no middle ground.

3.4.2. Cross-Validation Results by City for Afternoon, Evening, and Nighttime Data

Details regarding how well the four substitute-city CV procedures performed for each
city can be seen in Table 8a—c for the afternoon, evening, and nighttime air temperatures,
respectively. Inspecting the nighttime air temperature results in the Rank column of Table 8a,
all cities except Burlington had at least one strategy accurately provide the best predicting
input city. Furthermore, Sioux City had three CV strategies that suggested using Council
Bluffs as the substitute-city training dataset: Geography as seen in Table 5, Population in
Table 6, and Human Footprint in Table 7 (only the Date procedure suggested a different
input city—Marshalltown—as seen in Table 4). Because nighttime air temperatures in
Sioux City were best predicted using the substitute city of Council Bluffs (predictive R-
squared = 0.2158), the three substitute-city CV strategies (Geography, Population, and
Human Footprint) each accurately forecasted the best predicting substitute city.

Table 8. (a) Best predicting CV strategy by city—nighttime temperatures. (b) Best predicting CV strat-
egy by city—evening temperatures. (c) Best predicting CV strategy by city—afternoon temperatures.

Target City Best Predicting Strategy Rank
(@)
Burlington * Geography 3
Cedar Rapids ** Population and Geography 1
Council Bluffs Population and Cluster Analysis 1

Des Moines Population 1
Marshalltown Population 1

Sioux City Population, Geography, and Cluster Analysis 1

WCF Cluster Analysis 1
(b)

Burlington Geography 2
Cedar Rapids Population and Geography 2
Council Bluffs Population and Cluster Analysis 1

Des Moines Population 1

Fort Dodge Population 2

Sioux City Date 4

WCF Population 2

Waverly *** Cluster Analysis 2
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Table 8. Cont.

Target City Best Predicting Strategy Rank
(©)

Burlington Date 1
Cedar Rapids Cluster Analysis 1
Council Bluffs Cluster Analysis and Population 2

Des Moines Population 2

Fort Dodge Date 3
Marshalltown Date 1

Sioux City Cluster Analysis 3

WCF Cluster Analysis 1

Waverly *** Geography 1

* Burlington does not have Population procedure result, since it is the smallest city. ** Cedar Rapids does not have
a Date procedure result, since it was sampled first. *** Waverly is missing the results for both the Date (since it is
the first city sampled) and Population (being the least populated city) procedures.

The Population procedure accurately predicted a total of five cities’ (Cedar Rapids,
Council Bluffs, Des Moines, Marshalltown, and Sioux City) nighttime air temperatures as
seen in second column of Table 8a. The Closest City and Cluster Analysis procedures best
predict three cities (Burlington, Cedar Rapids, and Sioux City for the Geography procedure;
Council Bluffs, Sioux City, and WCF for the Human Footprint procedure), while the Date
procedure forecasted no best fitting input cities.

For evening air temperatures, only two cities had their input city correctly forecasted,
Council Bluffs and Des Moines as seen in the Rank (of 1) column in Table 8b. The Pop-
ulation procedure not only accurately picked these two cities’ training datasets but also
finished second best for three other cities (Cedar Rapids, Fort Dodge, and WCF). That
is, for five of the eight cities in which evening air temperature data were collected, the
Population procedure forecasted best (technically, the Population procedure was at least
as good or better than any other strategy for five of the eight cities). The Geography and
Cluster Analysis procedures each best predicted two cites (Burlington and Cedar Rapids
for Geography, Council Bluffs and Waverly for Cluster Analysis), while the Date procedure
had only one (Sioux City).

For afternoon air temperatures, five cities had their input city correctly forecasted,
Burlington, Cedar Rapids, Marshalltown, WCF, and Waverly, as seen in the Rank (of 1)
column in Table 8c. The Cluster Analysis procedure performed best when predicting
input datasets in four cities (Cedar Rapids, Council Bluffs, Sioux City, and WCEF). The Date
procedure best forecasted three (Burlington, Fort Dodge, and Marshalltown); the Population
procedure had two (Council Bluffs and Des Moines) and the Geography procedure had
just one (Waverly).

3.4.3. Cross-Validation Overall Strategy Results for Afternoon, Evening, and
Nighttime Data

Looking back at Table 6, the Population substitute-city CV best predicted five of the
six cities for which nighttime data were collected. Inspecting Table 9a, the average rank
for the Population procedure was 1.17 (averaging the Rank column in Table 6, except
for Burlington). The next best performing CV strategy, the Closest City or Geography
procedure, averaged 3.14 (by averaging the Rank column in Table 5). It is quite surprising
that the Population procedure performed so well for nighttime data, with all six cites
producing a Population procedure rank of either first or second (hence the “6” entry in the
“Number of Top Three” column of Table 9a).
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Table 9. (a) Strategy or procedure prediction results—nighttime prediction summary. (b) Strategy
or procedure prediction results—evening prediction summary. (c) Strategy or procedure prediction
results—afternoon prediction summary:.

Procedure Average Rank Number of Top Three

(a)

Cluster Analysis 3.29 3

Date 3.67 3

Geography 3.14 3

Population 1.17 6
(b)

Cluster Analysis 4.75 2

Date 3.63 2

Geography 3.88 3

Population 243 5
(c)

Cluster Analysis 4.33 6

Date 4.25 4

Geography 4.00 4

Population 4.00 3

Looking at evening air temperature results in Table 9b, the Population procedure
also performed best with an average rank of 2.43 and five of the six cities being predicted
under the Population procedure were ranked in the top three, as seen in the third column
of Table 9b. As seen in Table 9¢c, none of the four strategies distinguished themselves
when forecasting afternoon air temperatures, with, technically, the Population procedure
being tied for best with the Geography procedure, with each having an average rank of
4. However, as discussed previously, the Human Footprint and Date procedures best
predicted afternoon air temperatures in the most cities (four for Cluster Analysis and three
for Date). Overall, better predictive ability occurs during the evening and at night, attesting
to the observation that the greatest variation in air temperature occurs overnight [7].

The Population substitute-city CV strategy provided surprisingly strong results for
the nighttime data, solid results for the evening data, and poor results for the afternoon
data. We say surprising because it was thought, a priori, that picking the substitute city
with the best matching landscape variables (to the target city) would provide quality
prediction. That is, we fully expected the Human Footprint procedure to forecast best.
Instead, matching the city size (via the Population substitute-city CV strategy) provides the
best predictive power.

Wei et al. [5] quantified the relationship between population size and UHIs in a meta-
analysis of over 150 studies. They concluded that larger cities are associated with higher
temperatures because the increased density of buildings corresponds to higher amounts
of human activity, with more emission of heat and pollution. Wei et al. [5] also concluded
that, because so few published papers have offered a quantitative analysis of UHIs, “more
studies are needed, across a wider set of cities, and using more of similarly defined ob-
served measurements” to better understand the relationship between air temperature and
population size. Therefore, our study empirically reinforces the findings in Wei et al. [5], in
that similar sized cities should be expected to have similar temperature profiles, especially
at nighttime, when the urban area has the opportunity to cool.
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4. Conclusions

No substitute city will provide perfectly accurate prediction of air temperature for
any one unsampled city, at any one X-Y location, and at any one time of day; there is
simply too much variability in air temperatures within and across cities. However, the
CV results indicate that using the city closest in population to the target city will produce
relatively reliable predictions. That is, the air temperature data from the substitute city,
according to the Population procedure, will best provide predictions that are in concordance
with actual air temperatures; where temperatures are high the model accurately predicts
high temperatures and, where temperatures are low, the model will well-predict low
temperatures. Note that accurate mapping of temperature contours results from choosing
the (squared) correlation between the set of actual and predicted air temperatures (the
predictive R-squared model choice criterion) to judge the best fitting model, instead of
using a squared difference, such as the AIC or mean squared (prediction) error.

Although not reported here, the authors have expanded the development of the five
landscape variables based on LiDAR and aerial imagery data to all cities in Iowa that have
a population of more than 10,000 inhabitants (~40 cities). The intention is to apply the
relevant substitute city model (closest in population, but smaller) to those cities. There were
several lowa cities (Ottumwa, Independence, Davenport) where air temperatures were
collected in 2023 that could be subsequently used to further test the predictive strategy
described here (Population procedure). As was mentioned previously, there seems to be
little research in attempting to apply this type of predictive strategy for providing relative
temperature surfaces or maps in unsampled urban areas.

In this work, we collect and analyze air temperature data from as many as nine urban
areas (ten total cities) in Iowa at three times of the day (afternoon, evening, and nighttime).
Landscape variables: building height, building volume, canopy cover, canopy density met-
ric, and NDVI, are calculated at 100 and 800 m radii around each sampled air temperature
location. Five statistical models, an OLS regression, trend surface, geostatistical, time series,
and random forest model, are then fitted using the landscape variables as covariates. A
random forest model best explains the existing air temperature data, while a time series
model explains almost as well as the random forest model but allows for interpretation of
its model parameters.

The primary objective of this paper was to develop and examine forecasting strategies
when concurrent data from a target city (where air temperature maps are desired) are
unavailable. We empirically show that using data from a different time of day will best
predict the target city’s air temperatures, using WCF nighttime air temperatures. We also
show that pooling all non-WCF data provides poor prediction. Therefore, we explore
the tenability of using a substitute city when forecasting the unsampled target city’s
air temperatures.

We develop four CV strategies that each pick a substitute city for predicting near-
surface air temperatures in the unsampled target city. These four CV strategies are: choose
the substitute city that is (a) closest geographically, (b) closest in population, (c) sampled
closest in time, and (d) has the most similar human footprint of landscape variables, es-
tablished via a dendrogram from an agglomerative hierarchical cluster analysis. Analysis
of these four substitute-city CV strategies for the nine Iowa urban areas (ten total cities)
indicates that the Population CV procedure forecasts nighttime and evening air temper-
ature surprisingly well, while no substitute-city CV strategy outshined the others when
forecasting afternoon air temperature.
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Abbreviations

The following abbreviations are used in this manuscript:

ACF Autocorrelation Function

AIC Akaike Information Criterion
ANCOVA Analysis of Covariance

ARIMA Autoregressive Integrated Moving Average
BH Building Height

BV Building Volume

CART Classification and Regression Tree
CcC Canopy Cover

CDM Canopy Density Metric

Ccv Cross-Validation

EPA Environmental Protection Agency
GIS Geographic Information System
LiDAR Light Detection and Ranging
LOOCV Leave-One-Out Cross-Validation

LST Land Surface Temperature
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LULC Land Use/Land Cover
MODIS Moderate Resolution Imaging Spectroradiometer
NDVI Normalized Difference Vegetation Index
OLS Ordinary Least Squares
PACF Partial Autocorrelation Function
PRESS Predicted Residual Sum of Squares
RFE Random Forest
SSE Sum of Squared Error
TSM Trend Surface Model
UHI Urban Heat Island
USA United States of America
WCF Waterloo—Cedar Falls
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