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Abstract: Urban Heat Islands (UHIs) are areas in cities that experience higher temperatures than
surrounding areas due to construction features such as buildings, roads, and a general lack of
vegetation. UHIs, which pose a threat to public health while also increasing energy usage, are often
defined using land surface temperatures. Our study demonstrates how a community sensor network
from the Baltimore Social-Environmental Collaborative (BSEC) can be paired with advances in
machine learning to provide near real-time predictions of UHIs with uncertainty estimates. While
prior research has investigated the use of neural networks in UHI assessment, those efforts did not
include uncertainty quantification. We demonstrate how uncertainty quantification can be
incorporated into UHI prediction in Baltimore, Maryland. We show how a machine learning
approach using community weather stations compares to ground-truth values from Landsat 9
spacecraft measurements in summer 2023. Moreover, we show how the capturing of different types
of uncertainty are informative for future smart city planning. This information can empower city
planners and residents to proactively address the risks associated with UHIs, potentially reducing
heat-related illnesses.
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1. Introduction

Urban areas cover only 3% of the Earth's land surface [7]; yet, half of the world's population
resides in urban areas [26]. Residency in urban areas is estimated to increase to 70% by 2050. The
population needs of urban residency have led to more infrastructure development resulting in urban
morphology changes and increased anthropogenic heat released into the atmosphere. Conventional
human-made materials such as pavements and roofing tend to absorb and emit more of the sun’s
heat compared to trees, vegetation, and other natural surfaces. Additional complications arise in
heavily developed areas where surfaces and structures obstructed by neighboring buildings
become unable to release their heat readily. Cities with narrow streets and tall buildings become
urban canyons blocking natural wind flow that would bring cooling effects. The result is a so-
called Urban Heat Island (UHI) in which urban areas experience higher temperatures than
surrounding suburban and rural areas. Often, heat islands build throughout the day and become
more pronounced after sunset due to the slow release of heat from urban materials.



There are four primary public health impacts related to UHISs.

1.) Increased Energy Consumption - heat islands increase electricity demand for air
conditioning. Increases in demand of 9% for each 2° F increase in temperature have been
observed in the United States [12]. This leads to substantial energy expenses as the most
intense UHIs can be 20° F hotter than nearby rural areas.

2.) Elevated Emissions of Air Pollutants - meeting the increased electricity needs often leads
utility companies to use more fossil fuels, the output of which can be pollutants that are
harmful to human health.

3.) Compromised Human Health - heat can exacerbate respiratory conditions such as asthma.
In Baltimore City where our study was conducted, youth asthma rates are the highest
anywhere in the state of Maryland with Baltimore also having the state’s highest number
of emergency department visits for asthma-related health issues [5]. While a number of
factors contribute to a higher prevalence of asthma in Baltimore, studies have shown high
temperatures can worsen air quality by facilitating the formation of ground-level ozone,
a major asthma trigger. The Environmental Integrity Project, has shown a strong
connection between Baltimore City asthma rates and toxic air [9].

4.) Impaired Water Quality - the high temperatures of pavement and rooftop surfaces can heat
stormwater runoff, which subsequently raises water temperatures in streams, rivers, and
ponds. Temperature surges in urban streams as much as 18° F due to heated runoff and has
been shown to be deadly for aquatic life [30].

The United States Environmental Protection Agency defines! two types of UHIs. A
Surface Urban Heat Island (SUHI) forms due to the aforementioned roadways and rooftops
absorbing and emitting heat to a greater extent than most natural surfaces. Conventional roofing
materials can be 66° F warmer than the surrounding air temperature [6]. This type of heat island
tends to be most intense during the day when the sun is shining. Alternatively, an Atmospheric
Urban Heat Island (AUHI) forms from air being warmer in urban areas compared to outlying areas.
Atmospheric heat islands vary much less in intensity than surface heat islands. These differences
in formation lead to differences in impacts, techniques used to identify and measure them, and to
some degree the methods available to mitigate them. For example, air temperatures (AUHIs)
reflect the conditions experienced by people and are therefore useful in understanding public health
risks. Surface temperatures, on the other hand, represent the heat energy given off by land,
buildings, and other urban surfaces. This information can be particularly relevant for informing
strategies to mitigate heat islands as SUHIs have a more localized effect and contribute to AUHIs
by heating the surrounding air.

The differences in SUHIs and AUHIs lead to vastly different data sources being needed to
identify them. Surface Urban Heat Islands are typically found using remote sensing data. Satellite
measures (e.g. Landsat or MODIS) and used to calculate land surface temperature (LST), which
refers to the temperature of the Earth's ground surface and is distinct from the air temperature
reported in weather forecasts. LST is primarily influenced by factors like vegetation cover, soil
moisture, and albedo, and is crucial for studying land-atmosphere interactions and climate analysis.
LST is typically measured using satellite imagery, which can capture the thermal radiation emitted

1 https://epa.gov/heatislands/what-are-heat-islandsttcharacteristics
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from the land surface. Unlike air temperature, LST varies significantly depending on the type of
surface (grass, concrete, water) being observed and can heat up or cool down much faster than the
surrounding air. Conversely, Atmospheric Urban Heat Islands are typically identified from weather
stations and commonly available variables such as temperature, humidity, and wind speed.

We demonstrate in this study how a community network of weather stations from the
Baltimore Social-Environmental Collaborative (BSEC) can be paired with advances in machine
learning to provide near real-time predictions of LST with uncertainty estimates. These predictions,
when combined with the sensors’ initial purpose, weather data, can enable estimates of both SUHIs
and AUHIs. Obtaining LST from weather data is highly desirable for continuous assessment of
UHIs. Spacecraft orbits limit how frequently they can measure a given location. Even when a
spacecraft is overhead, local weather can prohibit LST measurement. Predicting LST from more
readily available weather data alleviates these challenges. While prior research has investigated
the use of neural networks in UHI assessment, those efforts did not include uncertainty
quantification. We demonstrate how Bayesian statistical approaches can be incorporated into
neural networks enabling LST predictions with uncertainty estimates for Baltimore, Maryland
during summer 2023. We compare the neural network predictions to ground-truth values of LST
from the Landsat 9 spacecraft. Moreover, we discuss different types of uncertainty and show how
capturing multiple types of uncertainty are informative for future smart city planning.

Our work is organized as follows. We next introduce related research discussing previous
machine learning approaches to UHI prediction and also introduce the notion of Bayesian Neural
Networks for uncertainty estimation. Section two introduces the BSEC network and the datasets
used in our research while also detailing our methodology and neural network training. Section
three presents results from the testing and evaluation of our neural network. Section four is our
concluding section in which we discuss the implications of our results and next steps in our
research.

Although several analytical modelling approaches for urban heat islands exist [19], the
physical complexity of the phenomenon, the extensive urban details required to attain an accurate
model and the increased computational time and costs have led researchers to the exploration of
other prediction methods. One alternative prediction method is the neural network, which has a
long history in urban heat island prediction studies (e.g. [23][18][11]). The relationship between
landscape metrics and LST is complex and multifaceted. Acknowledging this, several studies have
explored the relationship between various input features and output LST predictions. Some of the
these studies utilized machine learning approaches while in other cases the identified relationships
were leveraged in subsequent machine learning studies (e.g. [3][8][13][14][16]). In an example of
the latter scenario, [25] have shown how morphology features impact LST predictions in neural
networks. This research has significantly enhanced UHI prediction methods. However, this prior
research is focused on point estimate predictions of LST. Recent advances in neural networks,
namely Bayesian Neural Networks (BNN), allow for uncertainty quantification in addition to their
predictions.

Traditional neural networks optimize a loss function, typically through gradient descent, to
obtain optimal weight values, which work as a function approximator mapping input feature values
to output predictions. A BNN, by contrast, does not seek fixed model parameters. In a BNN [29]
the network weights and output predictions are all probability distributions. Passing the same input



through the trained network will result in different predictions as different weights are sampled
from the distributions on each pass. This allows a BNN to effectively work as an ensemble with
the variability in predictions for each input enabling uncertainty quantification. There are two main
types of uncertainty one can model [15]. Aleatoric uncertainty captures noise inherent in the
observations and is reflected in the output prediction being a probability distribution. Epistemic
uncertainty accounts for uncertainty in the model parameters, which, in a machine learning context,
captures our ignorance surrounding the optimal neural network weights. Epistemic uncertainty can
be reduced given enough data, as more training data leads to better refinement of model parameters.
Aleatoric uncertainty, on the other hand, captures noise inherent in the observations and is
irreducible. We create a Bayesian neural network capable of capturing both aleatoric and epistemic
uncertainty. Aleatoric uncertainty is modeled by placing a probability distribution over the model’s
output. Similarly, epistemic uncertainty is modeled by replacing neural network weights, which
are traditionally point estimates, with probability distributions. In this work, we use normal
distributions for all uncertainty modeling. A graphical comparison of traditional neural networks
and Bayesian neural networks is shown in Figure 1.

Traditional Neural Network Bayesian Neural Network

Input Layer Hidden Layer ~ Output Layer Input Layer Hidden Layer  Output Layer

Figure 1. Graphical comparison of traditional and Bayesian Neural Networks. The former
use point estimates while the latter sample from distributions.

Aspects of Bayesian machine learning have made their way to UHI prediction. [1] used a
Bayesian network to classify UHI intensity in New Jersey. A second study by the same authors [2]
explores network pruning and investigates causal linkages among factors impacting UHI severity.
[10] provide a comprehensive review of machine learning in UHI prediction, including the recent
Bayesian approaches.

While [1] and [2] use a Bayesian network, it is a Delphi-based approach and not the neural
network approach currently being explored in other domains (see for example, [21] and [22]). As
such, it does not capture both aleatoric and epistemic uncertainty. In this work, we introduce a
novel BNN capable of capturing both types of uncertainty. Rather than predict UHI intensity
categorically, as was done in [1], we use a regression approach to predict numerical LST values
with uncertainty. This allows for flexibility in how those LST predictions, and their uncertainties,
can subsequently be used to assess UHIs. Moreover, the inputs to our Bayesian neural network
come from a network of weather stations with uneven spatial coverage of Baltimore City. We are
able to further explore the impact distance has on prediction uncertainty and explore how BNNs



could assist in the optimal placement of sensors.

2. Methods and data sources

The Baltimore Social-Environmental Collaborative? (BSEC) contributes to climate action
plans for Baltimore with a focus on improving the well-being of those who live in historically
underserved neighborhoods. The BSEC mission involves co-designing climate solutions that
respond to community concerns. BSEC scientists work in close partnership with Baltimore
residents and a portion of their efforts involves deploying sensors in and around local communities.
Observations at the city and neighborhood scales are used to understand issues related to urban
heat islands, urban flooding, and air pollution.

BSEC had 23 weather stations deployed around Baltimore at the time of our study [28]. These
weather stations were deployed in coordination with local communities and reside at a variety of
locations including churches, vacant lots, private residences, public parks, and libraries. Two
different types of weather stations are used - Ambient Weather stations and OttHydro stations. For
consistency of measurements, we limit our study to Ambient Weather stations?, which are much
more plentiful, and also confine our study to stations within Baltimore City. The spatial distribution
of these stations is shown in Figure 2. Each Ambient Weather station produces 27 measurements
per hour, which are described in Table 1. We add two additional measurements, the Normalized
Difference Vegetation Index used to approximate land cover/usage and the distance from the point
of interest to the nearest BSEC Ambient Weather station. Together, this set of 29 measurements
are the basis for the neural network input with the output being a probability distribution predicting
the LST at the point of interest.
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Figure 2. Spatial distribution of BSEC weather stations used in this study.

2 https://bsec.21cc.jhu.edu/
3 BSEC exclusively uses the ws-2902d model https://ambientweather.com/ws-2902-smart-weather-station
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Table 1. Measurements That Form The Basis of The Neural Network Input.

Measurement Data Source Description

ndvi USGS MRLC Normalized Difference Vegetation Index wused as
approximate land cover/usage

bsecDistance Computed during | Distance in kilometers from the point of interest to the

preprocessing BSEC station whose data is being used

dewptHigh BSEC weather station | Highest dew point temperature (deg C) recorded thus far in
the day

dewptLow BSEC weather station | Lowest dew point temperature (deg C) recorded thus far in
the day

dewptAvg BSEC weather station | Average dew point temperature (deg C) recorded thus far in
the day

heatindexAvg BSEC weather station | Average heat index temperature (the apparent temperature
considering both the temperature and humidity) recorded
thus far in the day (deg C)

heatindexHigh BSEC weather station | Highest heat index temperature (the apparent temperature
considering both the temperature and humidity) recorded
thus far in the day (deg C)

heatindexLow BSEC weather station | Lowest heat index temperature (the apparent temperature
considering both the temperature and humidity) recorded
thus far in the day (deg C)

humidityHigh BSEC weather station | Highest relative humidity (%) recorded thus far in the day.

humidityLow BSEC weather station | Lowest relative humidity (%) recorded thus far in the day.

humidityAvg BSEC weather station | Average relative humidity (%) thus far in the day.

tempHigh BSEC weather station | Highest air temperature (deg C) recorded thus far in the day

tempLow BSEC weather station | Lowest air temperature (deg C) recorded thus far in the day

tempAvg BSEC weather station | Average air temperature (deg C) recorded thus far in the day

pressureMax BSEC weather station | Maximum surface pressure (hPa) recorded thus far in the
day

pressureMin BSEC weather station | Minimum surface pressure (hPa) recorded thus far in the

day




pressureTrend BSEC weather station | Change in surface pressure (hPa) since last recording

solarRadiationHigh BSEC weather station | Highest incoming solar radiation (W/m”"2) recorded thus
far in the day

uvHigh BSEC weather station | Highest radiation in the UV wavelength (W/m”2) recorded
thus far in the day

winddirAvg BSEC weather station | Average wind direction thus far in the day (degrees)

windchillAvg BSEC weather station | Average wind chill temperature (the apparent temperature
considering both the temperature and the wind speed)
recorded thus far in the day (deg C)

windchillHigh BSEC weather station | Highest wind chill temperature (the apparent temperature
considering both the temperature and the wind speed)
recorded thus far in the day (deg C)

windchillLow BSEC weather station | Lowest wind chill temperature (the apparent temperature
considering both the temperature and the wind speed)
recorded thus far in the day (deg C)

windgustAvg BSEC weather station | Average wind gust (m/s) thus far in the day. Gusts are
reported when the peak wind speed reaches at least 16 knots
and the variation in wind speed between the peaks and lulls
is at least 9 knots.

windgustHigh BSEC weather station | Highest wind gust (m/s) thus far in the day

windgustLow BSEC weather station | Lowest wind gust (m/s) thus far in the day

windspeedAvg BSEC weather station | Average wind speed (m/s) thus far in the day

windspeedHigh BSEC weather station | Highest wind speed (m/s) thus far in the day

windspeedLow BSEC weather station | Lowest wind speed (m/s) thus far in the day

Landsat 9 [17] measurements of Baltimore in summer 2023 were obtained from the United States
Geological Survey’s (USGS) EarthExplorer interface®. We restricted our search to days having less
than 30% cloud cover to maximize coverage of the city. This resulted in four dates being available:
07/14/2023, 07/30/2023, 08/23/2023, and 08/31/2023. All Landsat 9 measurements of Baltimore occur

at 15:46 GMT.

Landsat data were first preprocessed using the QA PIXEL variable, which is a quality assurance
flag, to remove clouds, water, and pixels with missing data. We next filtered out Baltimore City using

4 https://earthexplorer.usgs.gov/
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latitude and longitude boundaries. LST was then computed using the algorithm of [4] via the Python
pylandtemp library [20]. Landsat 9 has a spatial resolution of 30 meters, which resulted in roughly
230,000 LST measurements across Baltimore City per day. Although, this varied somewhat depending
on cloud cover and pixel quality. BSEC data were also preprocessed using their quality control variable
to filter out poor quality weather measurements. For each LST measurement, we obtained weather data
one hour prior from the nearest BSEC weather station. We used Haversine distance to find the closest
available BSEC weather station for each pixel in the Landsat images. We note that “closest available”
implies geographic proximity and data availability. Occasionally, the closest BSEC weather station did
not have usable data during the time of the LST measurement and the next closest BSEC station had
to be used. Distances between LST measurements and BSEC weather stations were computed using
the Haversine formula

1—cos(A@)+cos(p1)cos(@,)(1—cos(AN))
2

distance = 2r arcsin( J ) (1)

where ¢, and ¢, are the latitudes of the LST measurement and BSEC weather station, respectively.
A represents the longitudes of the LST measurements and BSEC station with AA being the difference
in longitude and 4¢ being the difference in latitude. We used a value of 6378 km for r, which
represents the radius of the Earth. A histogram of all the distances between available BSEC weather
stations and LST measurement is shown in Figure 3.
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Figure 3. Histogram of distances between LST measurements and closest available BSEC
weather station.

The median distance was 3.37 km and the largest distance was 12.9 km. Figure 4 shows the distribution
of LST measurements occurring in our study. Our dataset had a mean LST of 73 degrees Fahrenheit
and a standard deviation of 6.84 degrees Fahrenheit.

AIMS Urban Resilience and Sustainability Volume x, Issue x, 1-X Page.
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Distribution of LST
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Figure 4. Distribution of LST measurements seen in this study.

When combined, the four days of data form a single machine learning ready dataset consisting of
669,309 measurements across the 29 variables described in Table 1. This dataset was then split into
training and testing portions. Eighty percent of the data was used to train the neural network with the
remaining twenty percent being reserved for testing and evaluation. We used a stratified train-test split
to ensure the proportions of BSEC distances (Figure 2) were maintained in both the training and testing
sets. In the end, 535,447 measurements from across Baltimore City were used to train the neural
network and 133,862 measurements were withheld for subsequent testing and evaluation.

Principal Component Analysis (PCA) is a dimensionality reduction technique that transforms
high-dimensional data into a lower-dimensional space while preserving the maximum amount of
variance. It works by identifying orthogonal linear combinations of original features called principal
components, where the first component captures the most variance in the data, the second component
captures the next most variance orthogonal to the first, and so on. By selecting a subset of these
principal components that explain a significant proportion of the data's variance we can reduce the
number of input features, mitigate multicollinearity, and improve computational efficiency by reducing
the size of the neural network. The process involves computing the covariance matrix, calculating
eigenvectors and eigenvalues, and projecting the original data onto the new lower-dimensional space
defined by these principal components. We applied PCA to address multicollinearity between BSEC
weather parameters and also to reduce the complexity of our neural network. We selected a subset of
principal components that retained 95% of the variance, which resulted in a reduction of neural
network inputs from 29 to 7.

Our BNN consists of 4 layers: an input layer, two hidden layers, and an output layer. The input
layer takes the 7 principal components from PCA analysis. The hidden layers consisted of 14 and 7
nodes, respectively, and the output layer predicts the mean and variance of a normal distribution for
the LST at the input location. This resulted in 12,126 trainable parameters. The neural network was
trained for 200 epochs with a batch size of 256. The 133,862 measurements of the test set were then
used to evaluate the trained network. We made 100 predictions for each measurement in the test set.

AIMS Urban Resilience and Sustainability Volume x, Issue x, 1-X Page.
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The output of the BNN is a probability distribution; thus, every LST prediction included a mean and
variance for the predicted normal distribution. Aleatoric uncertainty was then computed as the mean
of the 100 variances and epistemic uncertainty as the variance of the means, following [27]. Final
predictions are computed as:

1
Brinal — Ny Yiiw ()

and
a%inal = Aleatoric Uncertainty + Epistemic Uncertainty  (3)
where

Aleatoric Uncertainty = %Zlivzl a? (4)

where o7 is the variance of the i prediction

Epistemic Uncertainty = %Zlivzl(.ui —w? (%)

where p; is the i" predicted mean and y is the overall mean of the means

The final predictions for mean and variance at each location are then used to generate credible
intervals, which can be a more useful way of leveraging the probability distributions output by a BNN.
A credible interval is a range of values that represents a certain level of probability that the true value
of a parameter lies within that range. It's a specific section of the probability distribution where we
have a specified degree of confidence that the true value resides. Credible intervals are the Bayesian
analog to confidence intervals. We constructed 95% credible intervals indicating that we are 95%
confident that the LST at that location is within the interval. We note that credible intervals are not
unique as any given probability distribution has an infinite number of credible intervals of probability
0.95. We use the highest density interval, which is defined as the smallest interval that contains the
desired probability. Example predictions are given in Table 2 and all of our highest density credible
intervals are summarized in a histogram and discussed in the next section.

AIMS Urban Resilience and Sustainability Volume x, Issue x, 1-X Page.
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Table 2. Sample output for three locations in Baltimore

Prediction Mean of LST | Variance of 95% High Actual Epistemic Aleatoric
Location Prediction LST Density LST Uncertainty | Uncertainty
(Lat/Lon) Distribution Prediction Credible (Celsius)
Distribution Interval
(39.25,-76.62) 20.45 4.74 [16.36, 24.84] 21.12 0.08 4.66
(39.33,-76.58) 27.46 2.34 [24.53, 30.49] 25.90 0.08 2.26
(39.37,-76.59) 26.47 2.05 [23.67, 29.07] 27.32 0.02 2.04

3. Results

Figure 5 shows the actual LST versus the predicted LST and Figure 6 shows a histogram of the
residual LST (predicted minus actual).
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Figure 5. Actual vs predicted LST.

AIMS Urban Resilience and Sustainability

104

Volume x, Issue x, 1-X Page.



14

Histogram of Prediction Residuals
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Figure 6. Histogram of Bayesian Neural Network prediction residuals (predicted — actual).

We obtained a mean absolute error (MAE) of 1.21 degrees. As shown in Figure 6, most
predictions are within +/- 5 degrees of the actual LST; although, some locations differ by 10
degrees or more. Figure 7 shows the spatial distribution of residuals.
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Figure 7. Spatial distribution of prediction residuals (predicted — actual value).

One of the major benefits of a Bayesian neural network is the additional ability to quantify
uncertainty. In our application, aleatoric uncertainty represents the inherent variability in LST
at each location and the difficulty predicting LST with certain urban morphologies. It arises
from the unpredictable nature of the phenomenon being studied and theoretically cannot be
reduced by gathering more data. Epistemic uncertainty represents the model's uncertainty about
making an LST prediction given a combination of input features and is typically related to lack
of, or limited number of, observations. The combination of these two types of uncertainty can

AIMS Urban Resilience and Sustainability Volume x, Issue x, 1-X Page.
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provide insights to the users of the neural network and the maintainers of the sensor network.
For example, high aleatoric and low epistemic uncertainty at a particular location would
indicate the neural network is confident that location exhibits naturally high variability in LST.
Conversely, low aleatoric and high epistemic uncertainty at a location would indicate the neural
network has low confidence in even making a prediction at this location (possibly due to limited
observations of that location during training). The spatial distributions of aleatoric and
epistemic uncertainty are shown in Figure 8 along with the land use characteristics of Baltimore
City. Land use data are from the Multi-Resolution Land Characteristics Consortium Viewer®
of the USGS.

ic Uncertainty Aleatoric Uncertainty
39.375

39.375
39.350 10 39350

39.325 39325

o 39300 39300
3 3
2
£ 39275
3

04 39.250

2
] 7!
E3925

39.250

39.225 39.225

39.200 39.200

—7é 70 —7é 65 —76I 60 -76.55 -76.70 -76.65 ~76.60 ~76.55
Longitude Longitude

Figure 8. Spatial distribution of uncertainty alongside land use characteristics.

From Figure 8, we can see that the largest aleatoric uncertainties occur in southern Baltimore
where there is a combination of highly developed area and harbor. We also see patches of higher
aleatoric uncertainty in western Baltimore in the area around deciduous forest. This is Leakin
Park a 1,216 acre deciduous forest, which is one of the largest in the city. High epistemic
uncertainty appears to be confined to the northeast corner of the city. Figure 9 shows a
histogram of the 95% high density credible intervals produced from our predictions.
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Figure 9. Distribution of 95% high-density credible intervals

5 https://www.mrlc.gov/viewer/
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As seen in Figure 9, the majority of our 133,862 test location produced 95% high
density credible intervals with width between 5 and 7 degrees. In the most certain parts of
Baltimore City the credible intervals had widths up to 10 degrees. We found that 95% of our
133,862 credible intervals contained the true LST value as expected. Yet, the number of
credible intervals with wide widths was concerning. While aleatoric uncertainty is theoretically
irreducible uncertainty inherent in the data, in practice its estimation through BNNs is subject
to epistemic uncertainty. The neural network is learning to estimate both the actual data
uncertainty (true aleatoric) and its confidence in that uncertainty estimate (epistemic). A
common approach to train BNNs, and the one used here initially, is to use negative-log
likelihood (NLL). [24] have shown this approach can "hide" epistemic uncertainty by inflating
aleatoric uncertainty estimates (through larger predicted variances) because it's often easier for
the network to increase predicted variance than to accurately model uncertainty in its
parameters. The neural network might not be able to distinguish between true data noise and
its own uncertainty about the data noise. In other words, the BNN can be confident in its
predictions (low epistemic uncertainty) if it simply gives its predicted distributions high
variance (leading to high aleatoric uncertainty). A prevalence of wide credible intervals (Figure
9) and general low epistemic uncertainty suggests the high aleatoric uncertainty we are seeing
might be partially epistemic uncertainty being misattributed through the training process. [24]
proposed a means of testing for this via beta-NLL. They introduce a beta term into negative-
log likelihood, which penalizes the neural network for minimizing epistemic uncertainty at the
expense of large variances. We note that beta-NLL is not reducing the true aleatoric uncertainty,
but rather potentially getting closer to the true aleatoric uncertainty by discouraging the
network from using inflated variance estimates as a "catch-all" for uncertainty and forcing the
network to better separate what uncertainty comes from data noise versus model uncertainty.

The beta-nll approach uses a beta value between 0 and 1 with smaller values imparting
more penalty. When beta equals one the beta-NLL and NLL approaches are equivalent. We
tested our BNN with beta-NLL and values of 0.1, 0.5, and 0.75. We did not find any significant
reduction in aleatoric uncertainty. This result suggests that most of the high aleatoric
uncertainty is physically justified and not an artifact of neural network training. Particularly in
the downtown harbor area, the high aleatoric uncertainty is likely a result of complex urban
morphology such as the harbor-land interface, urban canyon effects, mixed surface materials,
anthropogenic heat sources, and lack of BSEC weather stations nearby.

While the LST predictions themselves are useful for UHI assessment, the uncertainty
maps can help BSEC and city planners optimize sensor deployment. The high aleatoric and
low epistemic uncertainty in the harbor and western portions of the city is the BNN saying “We
are confident there is high natural variability here". The high uncertainty isn't from model doubt
but from genuine variability. It suggests additional sensors in this area could help characterize
real variability. Conversely, in the northeast corner of the city we have higher epistemic
uncertainty and low aleatoric uncertainty (Figure 8). In this location, the BNN gives narrow
prediction intervals, but is acknowledging little confidence in those predictions. Additional
sensors in this area could reduce epistemic uncertainty by providing more data. As a result, the
aleatoric uncertainty might increase if the area turns out to be more naturally variable than the
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BNN thinks. While instructive, uncertainty reduction is but one factor. Decisions regarding
sensor deployment should also factor in environmental justice considerations, cost, and
accessibility of locations.

An additional benefit of BNNS is their ability to flag so-called “out-of-distribution” data
(OOD). OOD refers to data that significantly differs from the data used to train a machine
learning model. OOD data leads to unreliable predictions because the neural network is not
familiar with it having never seen anything similar during training. This is concerning for
traditional neural networks as they have no mechanism to alert the user of the data being OOD.
However, with a BNN, OOD data should result in epistemic uncertainty higher than what was
seen during testing, enabling a mechanism for their potential detection. Although, the
aforementioned practical challenges of the neural network attributing uncertainty to the data
rather than to the model can complicate how OOD events are reflected in practice [15].

We simulated an extreme weather event to evaluate our BNN’s ability to detect OOD
inputs. Two locations were chosen, one in the downtown harbor area where aleatoric
uncertainty is generally high and a second location in the northern part of the city where
aleatoric uncertainty is amongst the lowest in the city. Air temperature measurements at these
locations were artificially inflated by ten degrees before the collective weather data were input
into the BNN. Figure 10 shows the impact of this OOD event on total uncertainty (aleatoric +
epistemic). The red arrow in Figure 10 shows the northern location before the simulated
extreme weather event (left panel) and during the event (right panel). We see a clear increase
in total uncertainty. Used in this manner, a temporal history of uncertainty maps can help flag
extreme weather events and alert communities that once reliable measurements are currently
less reliable. Interestingly, in the harbor area where aleatoric uncertainty was already high, the
simulated extreme weather raised epistemic uncertainty, but lowered aleatoric uncertainty. As
a result, the harbor area extreme weather event was noticeable in epistemic uncertainty
visualizations, but not in total uncertainty visualizations. These results suggest that a robust
analysis of both types of uncertainty may be necessary to reliably identify extreme weather
events.

Total Uncertainty Total Uncertainty
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Figure 10. Impact of a simulated extreme weather event on uncertainty. The highlighted area (red
arrow) sees an increase in uncertainty during the event signaling the current predictions may be
unreliable.
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4. Discussion and Conclusion

We have demonstrated how advances in neural network uncertainty quantification can be
incorporated into UHI prediction in Baltimore, Maryland. Our approach leverages community weather
stations and is able to predict land surface temperature with a mean absolute error of 1.21 degrees
while also providing uncertainty intervals. Moreover, our work shows how capturing different types
of uncertainty is informative for future smart city planning as it helps determine the location of future
sensors and enables the flagging of extreme weather events.

Our work is not without limitations. The spatial context of urban morphology is important. Local
LST is influenced by building density, adjacent land use types, and proximity to water and green spaces.
Our neural network utilizes urban morphology at the location of the prediction only. We also note that
our study took place during summer and did not include any days with precipitation. Future research
will incorporate a broader context of nearby morphology and validate our methods in other cities where
LST ground truth is available at different times of day and in different urban morphologies.

Despite these limitations, our research can serve as a novel example of the role uncertainty
quantification, and specifically Bayesian neural networks, can play in urban planning, smart cities, and
public health. Connecting local communities with sensors and machine learning can enable continuous
LST assessment while empowering residents to proactively address the risks associated with a
changing climate.
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