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Abstract

Crowdsourced air temperature data from networks like Weather Underground offer dense

spatial coverage and are increasingly used to study the canopy urban heat island (CUHI)

effect. However, these observations are noisy: siting conditions, environmental interfer-

ence, and sensor failures introduce spatially and temporally varying bias. This complicates

interpolation, limiting our ability to estimate neighborhood-level air temperature. While

interpolation techniques such as kriging account for uncertainty, they do so under the as-

sumption of homoscedasticity. Moreover, they struggle to scale beyond a few thousand

observations, limiting their utility on crowdsourced data. To overcome these limitations,

we develop a sparse variational Gaussian process model that accounts for heteroscedastic-

ity, allowing us to efficiently interpolate air temperature fields with calibrated uncertainty

quantification. To test our approach, we apply our model to six years of hourly data across

Durham County, North Carolina, and compare predictions at held-out sensor locations with

linearly-interpolated ERA5-Land. Our method improves estimates at held-out locations

(MAE=0.57°C versus ERA5-Land MAE=3.20°C) and enables high-resolution analysis of

CUHI patterns over space and time. We illustrate this by visualizing (1) how CUHI patterns

vary with synoptic conditions, (2) differential impacts on heating and cooling demand, and

(3) annual hours exceeding 35°C by neighborhood. Our method provides a scalable and

statistically rigorous framework for transforming crowdsourced climate data into a gridded

reanalysis product. Using this product, we can better quantify urban heat exposure and its
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impact on health and energy.

Keywords: urban heat island, citizen-science, uncertainty quantification, Gaussian process,

interpolation, spatiotemporal modeling

1. Introduction

Extreme heat poses an increasingly consequential risk to human health and energy sys-

tems. This is especially the case in cities, where the urban heat island (UHI) effect both in-

creases maximum temperatures and sustains these elevated temperatures through the night.

The impact of this additional heat stress on health is severe. For example, during heat waves,

urban populations have historically experienced increased mortality, especially among the

most vulnerable sub-populations, such as the elderly (Tong et al., 2021; Laaidi et al., 2012).

Energy demand is also crucially impacted by urbanization, as cooling demand is highest in

urban neighborhoods, resulting in greater strain to electricity grids (Sharston and Singh,

2025). To improve resilience to extreme heat and adapt to a warming climate, cities should

implement strategies that reduce the UHI effect.

A barrier to achieving this goal is in the availability of accurate urban air temperature

data over space and time. Without this information, it is impossible to quantify the net

benefits provided by cooling interventions. This data does not exist in many cities because

official meteorological stations tend to be sited outside of urban centers, or there may only

be a few stations to represent an entire city. Because the UHI effect varies sharply over

space and time, higher density networks are required to capture this variability. Although

reanalysis products such as ERA5-Land provide higher-resolution air temperature estimates

(hourly, 9 km), they rely on sparse observational networks that underrepresent cities. As

a result, urban temperatures are often underestimated, and the 9 km resolution is still too

coarse to capture neighborhood-scale variability (Lee and Dessler, 2024; Zou et al., 2022;

Raharjo et al., 2025).

To circumvent this problem, urban climatologists must collect their own data to ade-

quately model the urban heat island effect. To do so, they often employ one of two methods:

(1) mobile transects, in which data is collected along a predetermined route by vehicle-

mounted sensors; or (2) installation of their own set of weather stations throughout the
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urban environment. As a result, most urban climate datasets are either longitudinal, pro-

viding detailed temporal measurements at a few locations, or cross-sectional, offering spatial

snapshots at a single point in time. This trade-off reflects inherent logistical challenges:

deploying dense networks of high-fidelity sensors is prohibitively expensive, vulnerable to

vandalism, and often unsustainable beyond a season or year (Muller et al., 2013). In either

case, the result is a dataset collected for a specific city and typically for a restricted time

period.

Crowdsourced meteorological networks, such as Weather Underground, offer an opportu-

nity to better capture the spatiotemporal variation of urban heating. These networks provide

hourly observations of temperature and other meteorological variables from a dense collec-

tion of low-cost sensors. Furthermore, in many cities, these networks are already sufficiently

dense to allow for improved quantification of the UHI effect. By integrating these data

into coarser resolution reanalysis products (i.e., ERA5-Land), we may produce estimates of

neighborhood-scale urban meteorology that are both closer to observed conditions, and at

higher resolution. However, the use of these data presents three major obstacles: (1) scala-

bility, since data volumes grow rapidly; (2) preferential sampling, wherein sensor coverage is

typically lowest in the hottest and most vulnerable neighborhoods; (3) heteroscedastic noise,

as low-cost sensors are prone to biases and varying measurement error over time (Calhoun

et al., 2024; Brousse et al., 2024). These obstacles make interpolation difficult, restricting

our ability to quantify neighborhood heat exposure over time and its corresponding impact

on health and energy.

In this manuscript, we consider whether sparse variational Gaussian processes (SVGPs)

can provide a more scalable and flexible solution to this interpolation problem. Gaussian

process (GP) regression excels at capturing uncertainty and may be adapted to model com-

plex relationships through the definition of the covariance function. However, standard,

or exact, GPs do not scale well beyond a few thousand data points. SVGPs redress this

challenge by learning a small set of inducing points to approximate the exact GP and are

efficiently trained over large datasets using stochastic gradient descent. As a result, SVGPs

retain much of the flexibility of exact GP regression at a fraction of the computational cost.

The machine learning community has further improved our ability to apply SVGPs through

3



the development of mature libraries for their implementation, such as the GPyTorch library

used here (Gardner et al., 2018). Finally, we note that the SVGP approach allows for several

adaptations that further improve their application to this problem. First, we exchange the

standard Gaussian likelihood with a more robust likelihood, the Student’s-t distribution.

Second, we consider an alternative loss function that allows for heteroscedastic uncertainty

quantification (Jankowiak et al., 2020). Lastly, we reduce the potential bias caused by pref-

erential sampling by incorporating meteorology data from ERA5-Land and land-use data

from the National Land Cover Database.

To demonstrate our model’s utility, we develop a spatiotemporal model of air temperature

in Durham County, North Carolina. Our model converges fast, in less than 5 minutes, to

produce a month’s worth of estimates over a 0.5° by 0.5° spatial extent. We show that

the alternative loss function allows us to explicitly model uncertainty, providing insight into

both the urban heat island effect as well as into microclimatic effects, too. Because our

model trains quickly, we apply the technique to produce hourly estimates of air temperature

from 2019-2024. As a result, we may use our model to visualize the various modes of urban

heating, the effect of urbanization on cooling and heating degree days, as well as on the spatial

variability of extreme heat exposure, or the hours above 35°C (95°F). Through this work, we

aim to contribute a generalizable, scalable methodology for using noisy crowdsourced data

to interpolate estimates of key urban climatological variables.

2. Related Work

2.1. On statistical modeling of urban air temperature

There is a vast literature of techniques employed to produce high spatiotemporal esti-

mates of 2-meter air temperature (Ta). Until recently, much of the research has focused

on estimating Ta as a 24-hour average (Tavg), or on the daily minimum and maximum

temperatures (Tmin and Tmax). When aggregated as such, we note the relative success of

regression-based methods (Vicente-Serrano et al., 2003; Kloog et al., 2014). However, non-

linear methods such as random forest or boosting have found success at achieving higher

resolution estimates, too (Hough et al., 2020; Flückiger et al., 2022). These past works

share much in common. First, they use many of the same data sources as features, such
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as satellite observations of land surface temperature (LST, or Ts) from MODIS or Landsat,

the normalized difference vegetation index (NDVI) to quantify vegetation, and elevation.

Second, almost all techniques develop strategies to deal with a non-constant relationship

between Ts and Ta: regression methods allow for diurnal random effects in a mixed-effects

approach, while non-linear methods inherently capture this relationship. Lastly, they all

achieve relatively high resolution, of 1km or less.

While these methods are sufficient for modeling temperature trends over time, they are

insufficient for modeling the urban heat island effect. This is because the urban-rural tem-

perature difference is most salient from the evening into the early morning, as the increased

thermal inertia of urban areas results in reduced nighttime cooling (Li et al., 2024; McBroom

et al., 2024). This time frame does not coincide with the afternoon, when Tmax occurs, or

morning (i.e., Tmin). Moreover, many of these methods do not incorporate features that

correspond to the urban environment. To address these gaps, hourly temperature should be

modeled, and land-use added as a feature. Additionally, because higher urban Ta is a result

of more than just land-use, spatiotemporal interpolation techniques can effectively capture

more complex dynamics, while providing uncertainty quantification, too (Oyler et al., 2015).

In other words, we can quantify the extent to which the model fails to accurately estimate

temperature.

Recently, there have been attempts to model hourly air temperature (Carrión et al., 2021;

Chen et al., 2022). These prior works incorporate land-use into the model with data from the

National Land Cover Database (NLCD), or using the Local Climate Zone (LCZ) classification

(United States Geological Survey, 2024; Stewart and Oke, 2012). Again, these methods

leverage non-linear methods like Random Forest or XGBoost to produce estimates, and

achieve root mean squared errors (RMSEs) ranging from 1.2-1.6°C. In both cases, the authors

highlight the better predictive ability of surface characteristics (e.g., land-use) at predicting

nighttime temperature, which suggests that these approaches are most applicable then, and

perform worse during the daytime. The underlying cause for this poor performance is likely

because these models fail to account for advection. As the sun rises, wind speeds increase,

resulting in stronger advection during the daytime. This process transports heat as much

as 15km downwind of urban areas, and has been shown in both high-density observational
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networks as well as in physical models (Bassett et al., 2016; Belcher et al., 2015). This

strengthens the case for spatiotemporal interpolation, in which we implicitly capture the

effect of advection in our model given sufficiently dense observations.

2.2. Citizen science for urban heat modeling

Crowdsourced meteorological networks provide an unprecedented density of temperature

observations in urban areas, and continue to grow in popularity (Chen et al., 2021). In these

networks, citizen scientists purchase low-cost meteorological stations to place in their yard,

and transmit their data to the network over Wi-Fi. These personal weather stations (PWSs)

typically have sensors that measure air temperature, dew point/humidity, and atmospheric

pressure with some stations also measuring precipitation, incoming solar radiation, and wind

speed/direction. Popular networks accepting these data include Netatmo and Weather Un-

derground. As public websites, anybody is then able to view the local weather conditions

according to nearby sensors.

Due to ease of access and increasing station density, these networks are progressively

being used by the research community. Initially, researchers focused on validating the qual-

ity of these data, leading to the development of several quality control techniques (Meier

et al., 2017; Napoly et al.; de Baar and van Der Schrier, 2025; Fenner et al., 2021; Båserud

et al., 2020). These procedures are necessary because low-cost weather stations are inher-

ently noisy, due to lack of consistent siting information and, in some cases, faulty radiation

shields. Since the development of these quality control procedures, crowdsourced meteoro-

logical data has found a variety of uses. They have been used to contrast surface urban heat

islands with canopy urban heat islands (Venter et al.), reduce bias in official weather research

and forecasting models (Brousse et al., 2023), and better estimate urban temperatures more

generally (Castro Medina et al., 2024; Romero Rodríguez et al., 2024). Beyond these ap-

plications, crowdsourced data have been found to provide an invaluable resource for better

observing urban heat advection (Brousse et al., 2022), to have the potential to improve the

spatial resolution of gridded meteorological products (van Beekvelt et al., 2024), and to en-

able more complex applications, such as the improved estimation of urban turbulent surface

fluxes (van der Meer et al., 2025).
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Many of these methods were developed with the Netatmo network, which has better

coverage in Europe, yet whose proprietary weather stations have neither a radiation shield

nor fan to reduce the effects of solar radiation on temperature observations. In contrast, the

Weather Underground network has better coverage in the United States, but the weather

station model varies by user. Despite the variety of sensors used, the stations recommended

on their website mostly include aspirated radiation shields, and research has confirmed that

the Weather Underground data tends to be more reliable than Netatmo(Agrawal et al.,

2025). In both networks, it has been found that the distribution of sensors tends to vary by

neighborhood income (Brousse et al., 2024; Calhoun et al., 2024). This can be problematic

in the case of measuring urban heat, as the warmest temperatures are often in the lowest

income communities (Hsu et al., 2021). If there are few or no observations in these warmest

areas, then we call the data preferentially sampled (Diggle et al., 2010). If insufficiently

accounted for, we risk underestimating the heat exposure in lower income communities.

A recent study has developed a Bayesian hierarchical model integrating Weather Under-

ground data into a spatiotemporal framework of urban temperatures (Marquès and Messier,

2025). Like our work, their approach combines reanalysis data, surface characteristics, and

statistical interpolation. However, their reliance on latent Gaussian Markov Random Fields

fit with the integrated nested Laplace approximation (INLA) restricts them to space–time

separable covariance functions and still incurs substantial computation. These choices limit

the model’s ability to represent complex dynamics, and they do not scale easily to larger

spatial domains. In contrast, we explore variational approximations that both reduce compu-

tational burden and expand model flexibility, enabling richer covariance structures, variable

noise modeling, and reanalysis at broader spatial extents. Practically, variational approxi-

mations are better supported in Python, whereas INLA is better supported in R.

2.3. Sparse variational Gaussian process regression

In this manuscript, we focus on the application of sparse variational Gaussian process

(SVGP) regression (Titsias, 2009). To motivate the need for this approach, we first provide

background on Gaussian process regression, then explain how variational approximations

allow for scalability, robustness, and modeling heteroscedastic noise. For a more complete
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overview of Gaussian processes, we refer the reader to Rasmussen and Williams (2006).

2.3.1. Gaussian process regression

Gaussian process regression (GPR) produces probabilistic estimates based on the learned

correlation structure of the training data as a function of distance, much like kriging, a term

likely to be more familiar to readers of this journal. While in some cases, kriging and

Gaussian process regression produce the same estimates, GPR does so by maximizing the

likelihood objective directly. In contrast, kriging implementations often involve fitting a

specified correlation function to a variogram, then solving a system of equations to learn

the optimal weighted average of observations for each interpolated point. While variograms

are a useful tool for understanding spatial autocorrelation, this additional step presents a

challenge when the data have an unknown, non-constant mean or the correlation structure

is complex. In this respect, Gaussian process regression is a more generalizable technique;

while varieties of kriging exist to deal with non-constant means (e.g., universal kriging or

regression-kriging), the fitting procedure for GPR does not change when we alter the model

definition. Practically, we can fit complex mean and covariance functions jointly as a result.

The standard Gaussian process regression definition is given by Equation 1, in which we

are modeling a random field f at a vector-valued location x with a (noisy) observation y. Note

that the Gaussian process component is defined completely by Equation 1a through the mean

and covariance functions m(·) and k(·, ·), respectively. However, we rarely have noiseless

observations, so noise is modeled explicitly as a normally distributed random variable with

variance ε2 in Equation 1b. For consistent notation, we denote a scalar with a lowercase

unbolded letter (e.g., y), a vector as lowercase bolded (e.g., x), a matrix as uppercase bolded

(e.g., K), and a function as lowercase with parentheses (e.g., m(·)).

p(f | x) = GP(m(x), k(x,x′)) (1a)

p(y | f) = N (f, ε2) (1b)

The term x′ indicates that the covariance is defined with respect to other locations. In the

trivial case, where x = x′, then the covariance is equal to the variance, and our knowledge

of f is completely defined by Equation 1b. However, if we model the random field f at two

distinct locations, x and x′ such that x ̸= x′, then k(x,x′) evaluates the covariance between
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f(x) and f(x′) as a function of distance between the two locations. This parameterization

of covariance allows for prediction at unobserved points, which we show in Appendix D.

If we only consider this model at a discrete set of N points X, then the Gaussian process

is a multivariate normal distribution with mean µ = m(X) and covariance K = k(X,X′).

We denote this discretized definition over a vector of noisy observations y having realized

values of the field f (i.e., p(f) = p(f | X), although we write p(f) = p(f | X) to make the

relationship to X clear). So, p(f | X) = N (µ,K), and p(y | f) = N (f , ε2I), where I denotes

the identity matrix. Because p(f | X) and p(y | f) are both normal, then the marginal

likelihood p(y | X) is normal, too, so called because we integrate out (i.e., marginalize) f ,

as defined in Equation 2.

p(y | X) =

∫
p(y | f)p(f | X)df (2)

GPR models are fitted by maximizing this marginal likelihood in its log form with respect

to the parameters of the mean and covariance functions. That is, if we define parameters θ

as the parameters to be learned, and µθ = m(X;θ) and Kθ = k(X,X′;θ), we obtain the

marginal log likelihood given by Equation 3. Note that, by definition, y is defined at X, so

p(y) = p(y | X), but that X impacts y through f . Again, we explicitly condition on X in

our definitions for clarity and consistency with the relevant machine learning literature.

log p(y | X,θ) =− 1

2
(y − µθ)

⊤(Kθ + ε2I)−1(y − µθ)

− 1

2
log det(Kθ + ε2I)

− N

2
log 2π

(3)

This objective is maximized using gradient descent on the negative marginal log likeli-

hood, by differentiating − log p(y | X,θ) with respect to the partial derivatives ∂θ. We high-

light this objective because it demonstrates the main computational challenge with Gaussian

process regression: inverting the N×N covariance matrix Kθ+ε2I has cubic time complexity,

O(N3). In the machine learning literature, a vast number of solutions have been proposed to

overcome this this problem, including techniques to approximate the kernel (e.g., Williams

and Seeger (2000); Wilson and Nickisch (2015)), accelerating computation with GPUs (e.g.,

Gardner et al. (2018)), and variational approximations (e.g., Titsias (2009)). However, on a

single GPU, exact methods typically become computationally intractable when N > 10, 000.
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2.3.2. Sparse variational approximations

Sparse variational approximations reduce computational complexity by re-defining the

Gaussian process over a set of M ≪ N inducing points, with learned locations Z and values

p(u) = p(f | Z) (Titsias, 2009). That is, u is defined as the random field evaluated at Z.

The values of the field f at X are then conditioned on u, p(f | u,X,Z). The inducing points

are then learned by finding the locations and values which best approximate p(f | X). The

variational approximation does this by defining an alternative probability distribution for

p(u), q(u) = N (m,S), with m and S free parameters to be learned alongside the mean and

covariance functions. Using this definition, we obtain p(f | X) ≈ q(f | X) through:

q(f | X) =

∫
p(f | u,X,Z)q(u | Z)du (4)

This approximation allows us to derive an alternative formulation of the marginal log likeli-

hood with respect to the new parameters of the model. We demonstrate how to arrive at this

approximation of the marginal log likelihood in Appendix A. The end-result is the so-called

evidence lower bound (ELBO), shown in Equation 5, where E refers to the expectation,

and KL the Kullback-Leibler divergence. The intuition behind this objective is that, when

maximized, the first term improves model fit, and the second term penalizes values for u

that are far from f(Z).

log p(y | X) ≥
N∑
i=1

Eq(fi|xi)[log p(yi | fi)]−KL[q(u)||p(u)] (5)

This objective has two notable consequences. First, because the first term sums over an

expectation of an independent and identically distributed probability distribution, we can

estimate this contribution to the loss function over smaller subsets of the data (referred

to as mini-batching in machine learning). This removes constraints due to computational

resources, so the model can scale to arbitrarily large datasets. Furthermore, mini-batching

enables stochastic gradient descent, in which cheaper estimates of the loss function are used

for quicker convergence. Second, it is cheap to sample from q(fi), so non-Gaussian likelihoods

for p(yi | fi) become computationally tractable using Monte Carlo methods (Hensman et al.,

2015).

The computational bottleneck for sparse variational Gaussian processes depends on the

number of inducing points, generally scaling cubically with respect to M , depending on the
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mini-batch size. When M = N , the approximation becomes equivalent to exact Gaussian

process regression. In our experiments, on a single GPU, memory and time constraints

typically appear as M exceeds 5, 000.

2.3.3. An alternative loss function

An alternative interpretation of the sparse variational Gaussian process is suggested in

Jankowiak et al. (2020), expressed by the loss function in Equation 6. As the variational

approximation introduces new parameters Z, m, and S, we may view this approximation

as a non-linear highly parameterized regressor. If we move the logarithm outside of the

expectation in the ELBO:

log p(y | X) ≥
N∑
i=1

logEq(fi|xi)[p(yi | fi)]−KL[q(u)||p(u)], (6)

we obtain an alternative loss function with different behavior. This objective is shown to learn

a variational approximation which better captures variable uncertainty, or heteroscedastic

noise. This is because the alternative likelihood allows for predictive variances to have a

larger effect on the variational parameters during model training. In this manuscript, we

thus refer to the standard SVGP as ELBO, and with this alternative loss, the PLL (predictive

log likelihood).

2.3.4. Computational considerations

Within the past decade, several packages have emerged to facilitate fitting sparse vari-

ational Gaussian processes. We choose the Python package GPyTorch, as it includes im-

plementations of both standard and sparse variational Gaussian processes, support for non-

Gaussian likelihoods, as well as both loss functions discussed here (Gardner et al., 2018).

Furthermore, because this package is built on PyTorch, GPU compatibility and autodif-

ferentiation are natively supported, allowing for efficient implementations of the stochastic

gradient descent algorithm. Lastly, by integrating with PyTorch, the method described here

may be readily extended as a component in more complex architectures (e.g., using neural

networks).
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3. Methods

3.1. Data collection and pre-processing

Three sources of data are used in this model: Weather Underground (WU) for tem-

perature observations, ERA5-Land for a reference temperature, which serves to capture

larger scale meteorological effects, and surface characteristics from the National Land Cover

Database (NLCD). We summarize the data acquisition and pre-processing pipeline in Fig-

ure 1. Briefly, we collect the data over the desired region and time-period. The Weather Un-

derground station locations s (latitude, longitude) inform the linear interpolation of ERA5-

Land data, as well as the processing of the land-use data to construct the feature ζ(s, t),

representing land-use at location s at time t (in hours), and the ERA5-Land estimated 2-

meter air temperature ỹ(s, t). The interpolated ERA5-Land temperature is also incorporated

into the quality control process to remove anomalous data from the citizen-science dataset.

We provide additional details on these processes, below.

Merge data on station locations 𝐬 and time t.

National 
Land Cover 
Database

ERA5-Land Weather 
Underground

Query station locations

For each station, query 
hourly temperature data

Quality control to remove 
anomalies

Query hourly 2-meter 
temperature data

Query data over 
region for each year

Apply 500m buffer

Linear interpolation to 
station locations

Log-ratio transform 
and PCA

Da
ta

 a
cq

ui
sit

io
n

Pr
ep
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ce
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in

g

ζ 𝒔, 𝑡 𝑦& 𝒔, 𝑡 𝑦(𝒔, 𝑡)

Figure 1: Summary of data acquisition and pre-processing pipeline.
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Weather Underground. We collected hourly data from the Weather Underground API for

sensors in Durham County, North Carolina, from January 2019 to December 2024. Sensors

were located between latitudes 35.8°–36.3° N and longitudes 78.6°–79.1° W. During this

period, the number of active sensors increased from roughly 100 in 2019 to over 300 in 2024.

For initial quality control, we discarded observations flagged by Weather Underground’s

internal checks 1. Most observations were timestamped near the end of the hour, so we

removed those with a minute value less than 50 and rounded the remaining timestamps to

the nearest hour to align with ERA5 data. For additional quality control, we adapted the

approach of Fenner et al. (2021). Unlike their study, we had access to reference temperatures

from ERA5-Land, which account for the adiabatic lapse rate in Durham’s relatively uniform

topography and therefore remove the need to adjust for elevation directly.

This quality control procedure proceeds through multiple steps to remove potential

anomalies, in accordance with the adapted approach. First, for each hour of data, we sub-

tract the ERA5-Land air temperature from the observed air temperature at the station’s

coordinates. This serves to correct implicitly for differences in elevation and for larger scale

meteorological effects. Second, we use a z-scoring filter technique on these differences to

remove stations which are clearly affected by radiation, with adapted critical values using

a t-distribution if the number of sensors were fewer than 200. In rare cases where network

issues caused fewer than 20 sensors to report for a given hour, we dropped that hour com-

pletely. Lastly, if a sensor fell outside the statistical filter more than 20% of the time, we drop

that sensor completely, too. We note that, while this improves the quality of the data fed into

the model, our method is robust to outliers. However, by excluding the obviously anomalous

data, we achieve uncertainty quantification that is more aligned with true spatiotemporal

variability.

1Some of these internal checks are summarized at https://support.weather.com/s/article/

Are-personal-weather-stations-on-Wunderground-monitored-for-quality. Generally, if a station re-

ports values that vary too much from its neighbors, the API sets a field qcStatus to −1, while new stations

have a qcStatus value of 0. We only keep observations where this value is 1, to indicate the observation

passes this check. Because the technical details of the procedure are unclear, further quality control is needed.
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ERA5-Land. ERA5-Land is a reanalysis dataset developed from the European Centre for

Medium-Range Weather Forecasts (ECMWF) that combines weather models with Earth

observations to provide hourly meteorological data at a 0.1° resolution (or, about 9km)

(Muñoz-Sabater et al., 2021). This data source contains estimated 2-m air temperature, but

also data on wind speed, wind direction, and dew point as well as a host of other variables.

For the purposes of this study, we only use 2-m air temperature (Ta). We linearly interpolate

ERA5-Land observations to the sensor coordinates to provide a reference temperature. When

we merge the ERA5-Land and WU data, we find that the WU temperature data are generally

centered on the ERA5-Land data. However, bias appears in the extremes. At warmer

temperatures, the WU observations are higher than the ERA5-Land estimates, and at colder

temperatures, WU observations are lower. By incorporating ERA5-Land Ta into our model,

we effectively develop a downscaling technique that uses noisy personal weather station data

to achieve higher spatial resolution.

NLCD. Lastly, we use the National Land Cover Database (NLCD) for an annually updated

map of land-cover classifications at 30m spatial resolution (United States Geological Survey,

2024). Because this dataset was last updated in 2023, we assume minimal change between

2023 and 2024, imputing 2023’s data for 2024. As commonly done in prior work, we average

classes over a 500m radius around each station to yield an informative set of features to

characterize the local environment (Schatz and Kucharik; Oke, 2006). However, in contrast

with prior work (cf. Carrión et al. (2021)), we further pre-process these percentages for

optimal usage in a Gaussian process. Namely, we prefer lower-dimensional covariates to

maintain scalability, prevent overfitting, and reduce the impact of preferential sampling.

So, we apply the centered-log transformation, then principal component analysis (PCA)

to extract a single continuous feature (PC1) that explains the most variance in land-use

(Pedregosa et al., 2011). Note, the centered-log ratio transformation is a common pre-

processing step when applying principal component analysis to compositional data (i.e.,

percentages summing to 1) (Pawlowsky-Glahn and Egozcue, 2006).

To produce maps, we aligned NLCD percentages with the interpolated ERA5-Land

dataset at a 0.005° resolution, then transformed the gridded percentages using the same

centered-log ratio and PCA transformation to extract the first principal component over a
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grid, as shown in Figure 2.
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Figure 2: Principal component 1, extracted from NLCD . Sensor locations are denoted PWS, with major

roads provided for reference. Pixels shown are 0.005° by 0.005°(approximately 500 by 500 meters). Higher

PC1 values reflect more urbanized areas, with negative values reflecting rural areas.

3.1.1. Final dataset

Lastly, we concatenate all data to produce a set of N observations (X,y) = {(xi, yi)}Ni=1

referring to the covariates, xi, and temperature, yi for each observation, respectively. In

addition to spatial coordinates (s), time (t, with units hours), ERA5-Land 2m temperature

(ỹ), and the land-use principal component ζi, we define a feature ϕ(t) = [ϕ1(t), ϕ2(t)] to

capture correlations in the diurnal cycle of urban heating, consisting of the sine and cosine
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transform,

ϕ1(t) = sin

(
2πt

24

)
, ϕ2(t) = cos

(
2πt

24

)
.

Thus, the complete covariate set for each observation is: xi = [si, ti,ϕ(ti), ỹi, ζi]. Observa-

tions are aggregated into files for each month-year for model fitting.

3.2. Model definition

To completely describe our modeling approach, we first define the mean and covariance

functions. Next, we outline the variational approximation, the likelihood, and the loss func-

tion. We then provide details on the algorithm used for training. We provide a graphical

summary of this model definition in Figure 3. Briefly, the mean function on land-use and

ERA5-Land is necessary to set a reference temperature in the absence of useful information

from the crowdsourced data; this reduces the potential impact of preferential sampling. The

variational approximation improves scalability over exact Gaussian process regression, and

the likelihood and loss function enable the model to robustly handle heteroscedastic noise.

3.2.1. The mean function

The mean function is a linear regression of the interpolated ERA5-Land Ta and the

NLCD principal component, along with a bias term. This linear regression is initialized with

a coefficient of 1 on ERA5-Land, and a small positive number on the principal component

(i.e., 0.1). By initializing our model this way, we center the observations on the ERA5-

Land data. This allows for deviations from the reanalysis data to be modeled through the

covariance function.

3.2.2. The covariance function

The covariance function is defined with two goals in mind: (1) to capture the diurnally

periodic effect of land-use on temperature; and (2) to capture random spatiotemporal vari-

ability from this diurnal pattern. The mathematical form of this covariance function is

adapted from (Malings et al., 2017), which used a similar approach to model the surface

urban heat island. In contrast with their approach, we have a reference temperature from

ERA5-Land, which allows us to treat the hourly averaged temperature through the mean
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Mean function
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ERA5-Land NLCD

Diurnal cycle

Random variability

Figure 3: Model summary. The Gaussian process is defined with a mean and covariance function. The

mean function centers model estimates on ERA5-Land, with an adjustment for the average effect of land-

use on temperature. The covariance function captures the diurnal effect of land-use, along with random

spatiotemporal variability. The variational approximation allows for scalability, by instead learning a set of

inducing points (here, red stars) to approximate the observed data. These inducing points are learned over

all covariates (i.e., space, time, land-use). We consider an alternative likelihood to improve robustness to

outliers, and an alternative loss function to better quantify variable uncertainty.

function rather than through the covariance function. Lastly, we emphasize that our model

is fitted directly on the data, rather than the covariance parameters set beforehand, as in

their approach. This direct fitting capability allows for easier application to other cities.

The complete covariance function is defined as:

K = K1(ϕ(t),ϕ(t
′), ζ, ζ ′) +K2(t, t

′, s, s′)

K1 captures the structured diurnal cycle of temperature as it varies by land-use type, and

K2 captures short-term deviations from this cycle (that are also not explained by the ERA5-

Land dataset). We define K1 as a multiplicative kernel to capture the interaction of land-use
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and time of day on the diurnal cycle:

K1 = σ2
1Ka(ϕ(t),ϕ(t

′))Kb(ζ, ζ
′)

Ka = α1 exp

(
− ||ϕ(t)− ϕ(t′)||2

ℓa

)
+ α2

Kb =

(
1 +

√
3||ζ − ζ ′||2

ℓb

)
exp

(
−
√
3||ζ − ζ ′||2

ℓb

)

In other words, locations with similar land-use characteristics are expected to exhibit similar

temperature patterns at the same time of day. Note that σ2
1 denotes the amount of variance

explained by this term, Ka corresponds to an exponential kernel (i.e., Matérn with ν = 0.5)

plus added constants α1 and α2. Kb is a Matérn kernel with ν = 1.5. || · ||2 denotes the

Euclidean distance. This builds on prior approaches; for example, Marquès and Messier

(2025) use a linear model with land-use coefficients that vary by hour of day. Physically, this

reflects how the surface energy balance exhibits diurnal periodicity driven by solar radiation

and moderated by the thermal properties of different land surfaces.

Because the surface energy balance varies from day to day, we include a second term,

K2, to capture short-term fluctuations:

K2 = σ2
2Kc(t, t

′)Kd(s, s
′)

Kc =

(
1 +

√
3||t− t′||2

ℓc

)
exp

(
−
√
3||t− t′||2

ℓc

)
Kd = exp

(
−
√

(s− s′)⊤A−2(s− s′)

)
+ α3

A =

ℓd1 0

0 ℓd2


Again, we have σ2

2 to denote the strength of this short-term variance term, Kc as a Matérn

kernel with ν = 1.5, and Kd as an exponential kernel, with dimension-specific length-scales,

as parameterized by A. Note that the dimension-specific length-scales obviate the need to

convert the coordinate reference system of the data; instead, we learn correlation in each

direction. Additionally, the square root is merely the Euclidean distance with respect to

the linear transformation A. This kernel represents fluctuations that persist longer than a
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single time step, as implied by the Matérnν=1.5 kernel, while remaining spatially localized.

Physically, this term captures short-lived meteorological variability, such as transient cloud

cover or localized wind effects, that is not accounted for by the large-scale ERA5-Land fields.

In the SVGP framework, the combined kernel allows the inducing points to approximate

both components of variability: the structured diurnal cycle when surface-energy balance

effects dominate, and the short-term deviations driven by larger-scale meteorological vari-

ability.

3.2.3. Methods for robust Gaussian processes

We consider two techniques to improve the robustness of our model.

Student’s t-likelihood. Given a learned Gaussian process f , we typically assume that our

observations yi are normally distributed around fi, so p(yi | fi) = N (fi, ε
2). Instead, we may

decide to improve our model’s robustness to outliers by considering the noise as following a

Student’s t-distribution, where an additional parameter for the degrees of freedom is learned

during model fitting. The variational approximation allows us to account for this case.

Predictive Log Likelihood. We also test the use of the alternative variational objective, the

predictive log likelihood (PLL) previously discussed (Jankowiak et al., 2020). We consider

this objective with both the Normal and Student’s t-distribution for the likelihood, p(yi | fi).

3.2.4. Model fitting

We fit a separate model over a month’s worth of data (i.e., one model for January 2019,

one for February 2019, one for January 2020, etc.). This offers several advantages over

fitting one model to the entire dataset. First, performance is limited by the number of

inducing points. By fitting a set of independent models to smaller datasets, we can do

so in parallel, using fewer inducing points per model and producing the gridded estimates

over the whole dataset faster. Second, the model definition assumes a stationary mean and

covariance function. By fitting monthly, we do not rely on stationarity assumptions over

larger time-scales. This presents a trade-off, where we may prefer reducing the time-scale

further to better capture non-stationary behavior. However, we reason that further reducing

the model time period may inhibit calibration, as we expect noisier observations in the
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afternoon than at night. With monthly time periods, we expect the model sees enough daily

cycles to capture this relationship.

We summarize the fitting procedure in Algorithm 1. Given the monthly training data

and algorithm hyperparameters, the algorithm first initializes inducing points by randomly

sampling M points from the training set. While the inducing point locations are learned,

the training procedure does not allow for them to drastically change (due to the learning

rate, discussed below). However, the starting locations should represent the domain, both

temporally and spatially. Random initialization accomplishes this objective. The model

is then defined with the mean and covariance function, along with these inducing points

and the variational distribution. In GPyTorch, we use the Cholesky form of the standard

variational distribution q(u) = N (m,S), which defines the covariance matrix using the lower

triangle for computational stability.

We then specify the likelihood and objective function, noting that the likelihood is a

separate object from the SVGP object in GPyTorch, with both objects passed to the ob-

jective function and optimizer. In GPyTorch/PyTorch, the optimizer tracks gradients and

updates parameters. We use a standard optimizer: the Adam optimizer with a learning

rate of η = 0.01; however, we decrease the learning rate according to a Cosine Annealing

schedule, finding that this stabilizes convergence. This is because the learning rate dictates

how much we allow the model parameters to change during each iteration of the algorithm.

As the algorithm progresses, decreasing the learning rate allows for the model parameters to

converge to their local optima.

We iterate over the monthly dataset T = 10 times (i.e., 10 epochs) using a batch size

of b = 512. On lines 8-12, we explicitly show how GPyTorch fits the objective similarly to

fitting PyTorch models. That is, the optimizer resets parameter gradients at the beginning

of each iteration, tracks the gradients during the forward pass and loss computation, then

uses the gradients to update parameter values for the next iteration, scaled by the learning

rate.
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Algorithm 1 Training an SVGP with GPyTorch
Require: Training data D = {(xi, yi)}ni=1, number of inducing points m, number of itera-

tions T , batch size b, learning rate η, likelihood p, objective L

1: Initialize inducing points Z = {zj}mj=1 ▷ random subset of X

2: Define model ← SVGP(mθ(x), kθ(x,x
′),Z, q(u) = N (m,S))

3: Define likelihood ← p(y | f, ε2) ▷ p: Gaussian or Student’s-t

4: Define objective ← L(model, likelihood) ▷ L : ELBO or PLL

5: Define opt ← optimizer({θ,Z,m,S, ε2}, η) ▷ For updating parameters

6: for t ∈ {1, 2, ..., T} do

7: for mini-batch (Xk,yk) ∈ D do ▷ k subsets of D, each with size b

8: opt.zero()

9: q(fk)← model(Xk) ▷ Forward pass, q(fk)

10: loss← −objective(yk, q(fk)) ▷ Compute loss

11: loss.backward() ▷ Backward pass, ∇L w.r.t. θ,Z,m,S, ε2

12: opt.step() ▷ Update parameters

13: end for

14: end for
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3.2.5. Prediction

Given the fitted model, we explain how the model predicts in Algorithm 2. The test points

depend on the prediction objectives. For model validation, we predict on the data from the

held-out locations. For producing interpolated fields, we construct a grid of coordinates.

These coordinates are then used to interpolate temperature from ERA5-Land, and derive

the principal component from the NLCD to create test points X∗. Because this dataset is

large, we batch predictions by the hour. For each mini-batch, note that the model separately

generates a distribution from the random field, then the likelihood generates the “noisy”

distribution. When the likelihood is Gaussian, GPytorch returns the distribution, which

has the analytical form given in Appendix D. For non-Gaussian likelihoods, samples are

generated from the random field according to the likelihood, from which we compute mean

and quantile statistics.

Algorithm 2 Prediction with GPyTorch
Require: model, likelihood, test points X∗ (e.g., over a uniform grid), and batch size b.

1: for mini-batch (X∗,k) ∈ X∗ do

2: q(f∗,k)← model(X∗,k)

3: p(ŷ∗,k)← likelihood(q(f∗,k)) ▷ Samples from the learned distribution

4: end for

Ultimately, the constructed grid can be arbitrarily defined at the desired spatial resolu-

tion, as the model estimates continuous fields. However, the continuity of any single sample

from the model is computationally limited. This is because sampling from a multivariate

normal distribution requires inversion of the full covariance matrix. To produce spatially con-

tinuous samples, we advise mini-batching by time (and for temporally continuous samples,

mini-batch by location).

3.3. Experimental set-up

The goals of our experiments are: (1) to determine the optimal number of inducing points

to achieve good performance; (2) to determine if the alternative losses and likelihoods improve

robustness. To meet these objectives, we consider 500, 1000, 2000, and 5000 inducing points.

For each number of inducing points, we consider 4 models with: (1) Gaussian likelihood and
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ELBO loss; (2) Gaussian likelihood and PLL loss; (3) Student likelihood with ELBO loss;

and (4) Student likelihood and PLL loss. All models are trained using GPyTorch on NVIDIA

GeForce RTX 2080 GPUs (Gardner et al., 2018).

To validate, we test our model’s ability to predict temperature at unobserved locations.

To do this, we hold out 20% of the sensors for validation. We emphasize that this is not the

same as random cross-validation, in which 20% of the data is withheld. This validation set

is not seen by the model during fitting, and because the locations themselves are withheld,

the metrics described below estimate the model error over the spatial domain. In contrast,

random cross-validation, in which we randomly select validation points over time and space,

would provide a biased estimate of performance because locations have temporally correlated

observations. The same withheld locations are used across all models, allowing for direct

comparison of results between models.

3.3.1. Metrics

Our metrics include the mean absolute error (MAE), mean squared error (MSE), negative

log predictive density (NLPD), and quantile calibration error (QCE) at the 50%, 75%, and

95% confidence intervals. The purpose of using the NLPD and QCE metrics is to understand

the ability of the model to quantify uncertainty. With all metrics here, lower values indicate

better performance.

Formally, the negative log predictive density measures the model’s estimated log likeli-

hood of the true observations (Levi et al., 2022). That is, given our model’s estimates f at

data points X, we calculate this metric with respect to our held-out data points X∗ with

true values y∗:

NLPD(y∗ | f ,X,X∗) = − log p(y∗ | f ,X,X∗) (7)

In the case of a Gaussian likelihood, the above metric is trivial to calculate. With a Student’s-

t likelihood, however, we must approximate, due to the intractability of the non-conjugate

likelihood. We do this by drawing S samples at each x∗ ∈ X∗, yielding the set of estimates
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f∗. This procedure is given below:

NLPD(y∗ | f ,X,X∗) = − log

∫
Student(y∗ | f∗)N (f∗ | f ,X∗)df∗ (8)

≈ − log

(
1

S

S∑
i=1

Student(y∗ | f∗,i)
)

(9)

= − log

( S∑
i=1

Student(y∗ | f∗,i)
)
+ log(S) (10)

The quantile calibration error allows us to gain further insight into model calibration

by specifying the error at several confidence interval values (Küppers et al., 2023). This

calculation is merely the absolute value of the empirical coverage less the theoretical coverage,

where the empirical coverage is the percentage of samples that fall within a given (two-sided)

quantile interval. For example, a quantile calibration error of 1% at the 50% level would

mean that 49% or 51% of the data is within the theoretical interval. As with the NLPD,

the QCE calculation for the Gaussian likelihood is trivial. For the Student’s-t likelihood, we

again construct S theoretical t-distributions using the model estimates f∗, then average the

coverage over samples to calculate the empirical coverage.

4. Results

4.1. Evaluating model performance

We show model performance in Table 1 and its trade-off with scalability in Table 2.

The complexity of SVGPs depends on the number of inducing points. Because this number

also impacts scalability, we would like to understand the complexity-scalability trade-off. In

Table 1, we show that across all months, the G-PLL model achieves the best performance

overall, if we consider mean absolute error and the negative log predictive density as the most

important metrics. These metrics suggest that this combination provides the best calibrated

uncertainty quantification while being slightly more robust to any anomalous observations.

All models improve MAE and MSE considerably, showing the value of using crowdsourced

data.

However, if we observe the NLPD across all months, we see that the S-PLL model may be

preferable during the summer months, as shown in Figure 4. While the G-PLL model excels
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Model MAE MSE NLPD QC50(%) QC75(%) QC95(%)

G-ELBO 0.57 ±0.07 0.59 ±0.13 1.05 ±0.09 9.37 ±4.0 5.84 ±2.79 0.73 ±0.59

S-ELBO 0.57 ±0.07 0.59 ±0.13 1.12 ±0.12 4.15 ±2.58 2.29 ±1.84 0.6 ±0.53

S-PLL 0.57 ±0.07 0.63 ±0.15 0.96 ±0.15 2.9 ±1.87 2.92 ±2.14 1.16 ±1.27

G-PLL 0.56 ±0.07 0.60 ±0.13 0.83 ±0.33 3.76 ±2.02 3.71 ±2.27 1.4 ±1.53

ERA5-Land 3.20± 0.81 1.37± 0.17 - - - -

Table 1: Experimental results. QC# represents the quantile calibration error. The standard deviation of

the values over the months is provided after the ± symbol.

at capturing wintertime spatial variability and uncertainty, it fails to perform as well in the

summer. A number of factors may cause this phenomenon. One, if the statistical filter did

not adequately remove potentially biased sensors, then the Gaussian likelihood would result

in a predictive variance that is too high. Second, like many places in the Southeast, summers

are marked by bursts of localized heavy rain which cause rapid cooling. Because this model

does not explicitly account for the effect of precipitation on temperature, we would have high

uncertainty in locations where only a subset of the sensors experience rain. Lastly, there is

more spatial variability in the summer in general, which would result in a higher NLPD.
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Figure 4: Negative Log Predictive Density by month on the held-out data.
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4.1.1. On inducing points

With variational Gaussian processes, the number of inducing points required to generalize

the model dictates the complexity of the data and the amount of time it takes to train. On

the held-out data, we see in Table 2 that the mean absolute error increases little beyond

1000 inducing points, and that we actually increase the quantile calibration error as we use

more inducing points. Furthermore, as we move beyond 2000 inducing points, training time

increases significantly. Because we fit the model on each month separately, we set up an

embarrassingly parallel training pipeline (i.e., we can train on all months at once, using

separate GPUs in a high performance computing environment). With 500 inducing points,

we can completely train on each month in 1.5 minutes. With 1000 inducing points, it takes

about 2 minutes, with 2000 and 4000 taking up to 10 minutes and an hour, respectively.

IP MAE MSE NLPD QC50 QC75 QC95 Train Time (min)

500 0.60 0.68 1.00 2.05 1.93 0.77 1.5

1000 0.57 0.63 0.96 2.90 2.92 1.16 2

2000 0.56 0.60 0.96 4.42 4.95 2.47 10

4000 0.56 0.59 0.98 6.25 7.26 4.17 60

Table 2: S-PLL performance metrics on the held-out data with a varying number of inducing points.

4.1.2. Heteroscedastic uncertainty quantification

Given the similarity in 95% quantile calibration error between the robust model and the

baseline SVGP, we further make the case for the more robust procedure by looking at the

confidence intervals over time. In Figure 5a, we show the estimated prediction on a held-out

sensor as a motivating example. While the mean predictions are nearly identical, we see

that the more robust S-PLL model has reduced uncertainty at night, as shown in Figure 5b.

Because this is when sensors tend to be less prone to bias due to solar radiation, we should

prefer this model over the baseline model.

4.1.3. Is the predictive uncertainty informative?

As previously shown in Figure 5a, the S-PLL model adapts its predictive uncertainty

(i.e., the estimated standard deviation) temporally, but it also adapts spatially, too. To
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Figure 5: (a) Comparison of S-PLL with G-ELBO on a held-out location. Only the S-PLL mean is shown for

clarity, as the G-ELBO mean estimates are nearly identical. (b) The distribution of the predictive variances

for the S-PLL model at 6am versus 6pm local time.

show why this is useful, we visualize the relationship between held-out station residuals and

the predictive uncertainty in Figure 6. For a majority of estimates on held-out sensors, the

residual error is low and the predictive uncertainty is low, too. However, when the residuals

are higher, the model indicates that poor performance is likely. For example, if we analyze

the worst performing prediction, where the model overpredicts temperature by 6°C, we find

that there were convective thunderstorms in the area around the sensor, causing highly

localized cooling. Because the training data varied significantly in this area during this time,

the model learned that estimates would be highly uncertain close to these sensors.

To address this problem directly, we would need a high resolution precipitation dataset for

convective thunderstorms, which we could insert into the mean function or as an additional

term in the covariance function. In the absence of such data, the predictive uncertainty

tells us when unobserved conditions make prediction difficult. However, given the low mean

standard deviation of our model, such conditions are rare in the area studied.

This figure suggests that the model is well-calibrated, given the relationship between the

residual intervals and the predictive uncertainty. For additional insight into model calibra-

tion, we compare and contrast the S-PLL model with the G-ELBO model in Appendix B.

We show that the S-PLL model is significantly better calibrated than the G-ELBO model
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Figure 6: A hexagon plot of the residuals by the predictive uncertainty for July 2024 predictions on held-out

sensors, where the predictive uncertainty is the standard deviation estimated by the model. Colors indicate

density, with a majority of the observations having small residuals and low uncertainty. ŷ denotes the mean

estimate from the model.

both overall, and when limiting the comparison to morning or afternoon observations. How-

ever, despite the improvement over the baseline method, the S-PLL model remains slightly

underconfident at 6am (the predictive intervals are too wide), and slightly overconfident at

6pm (intervals are too narrow).

4.2. Characteristics of urban heat in Durham

In the following sections, we highlight how the S-PLL model allows us to gain new

insight into the urban heat island effect in Durham County, North Carolina. We do this by

visualizing: (1) the impact on cooling and heating demand; (2) the representative modes of

urban heat as a function of larger-scale conditions; and (3) the spatial variability of hours

above 35°C and the number of tropical nights.

4.2.1. Heating and Cooling

In Figure 7, we observe the asymmetry between cooling degree days and heating degree

days in 2024. Cooling degree days (CDDs) appear more strongly impacted by advection than
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heating degree days (HDDs), as areas more frequently downwind (i.e., to the east/northeast

of downtown) require more cooling but do not have a commensurate decrease in heating

in the wintertime. If we assume that the energy burden of 1 CDD ≈ 1 HDD, then we see

that the consequence of this asymmetry is that the greatest energy burden falls in the areas

around the most urbanized regions. We provide this example to demonstrate the utility of

our method: we capture hourly temperature at any point in the year, which enables us to

calculate both HDDs and CDDs. Moreover, because our method is not regression based,

but rather focused on spatial autocorrelation, we are able to implicitly capture the effect of

advection.

900 1000 1100
°C x Days

(a) Cooling Degree Days

1600 1700 1800 1900
°C x Days

(b) Heating Degree Days

2650 2750
°C x Days

(c) CDD + HDD

Figure 7: Cooling and heating degree days for 2024. We can see that the urbanization reflected in PC1 is

captured in both cooling and heating degree days, but the effect of urbanization is much more pronounced

on CDD.

4.2.2. UHI modes

We further demonstrate the ability of our method to highlight the varying spatial dis-

tributions (or modes) of urban heat. To do this, we collect the temperature estimates from

June to August and, using ERA5-Land data, perform the KMeans algorithm on the hourly

u10 and v10 wind components for each day. Together, these components give us the direction
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and magnitude of wind over the course of the day, giving us a feature set of dimension 48 (24

hours of u10/v10 components). This allows us to group similar days based on their diurnal

wind profiles. Using 8 clusters, we then classify each day according to its label assignment

and cluster centers. For example, if the cluster center has a small u10 component, and a

highly positive v10 component, we would classify those days as southerly, in that winds from

the south dominate. We compare and contrast a few of these clusters, below.

The most common cluster is cluster 0, representing a dominating southerly wind, expe-

rienced on approximately 20% of days. We contrast this cluster with cluster 3, representing

dominating northerly winds, on 13% of days. For each set of observations in a cluster, we

then subtract the hourly minimum to obtain a measure of the urban heat island intensity

(UHII). This allows us to average over the cluster to understand the spatial trend under

each cluster’s conditions. We visualize clusters 0 and 3, as well as their difference in Fig-

ure 8. For clarity, we focus on 7pm EST averages, when the UHII tends to be greater.

When the southerly wind dominates, we see warmer temperatures to the northeast. With

the northerly, we see higher relative southern temperatures. These highlight the meaningful

role that advection plays in prolonging heat exposure downwind of urban areas.

Cluster 0

0.0 0.5 1.0 1.5 2.0 2.5 3.0
°C

(a) Southerly

Cluster 3

0.0 0.5 1.0 1.5 2.0 2.5 3.0
°C

(b) Northerly

Cluster 0 - Cluster 3

0.4 0.2 0.0 0.2 0.4
°C

(c) Difference

Figure 8: The effect of southerly versus northerly winds
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Perhaps the most dramatic difference is seen when comparing clusters 4 and 5 in Fig-

ure 9, which correspond to days with dominating southeasterly and southwesterly winds,

respectively. In this case, we look at the difference in the urban heat island signature at

9pm EST. We see that the southeasterly dominating wind results in generally a stronger

urban effect. We hypothesize this is likely because Raleigh is directly to the Southeast of

Durham. As a result, advection is carrying warmer air from Raleigh into Durham, resulting

in reduced cooling efficiency in the evening. Cluster 4 represents about 13% of the summer

Cluster 4

0.0 0.5 1.0 1.5 2.0 2.5 3.0
°C

(a) Southeasterly

Cluster 5

0.0 0.5 1.0 1.5 2.0 2.5 3.0
°C

(b) Southwesterly

Cluster 4 - Cluster 5

0.5 0.0 0.5 1.0
°C

(c) Difference

Figure 9: The effect of southeasterly versus southwesterly winds.

days, whereas cluster 5 represents about 17% of the days.

4.3. Hours above threshold

Lastly, we use our model to evaluate the number of hours above 35°C (95°F), shown in

Figure 10. To generate these estimates, we first generate 100 samples from our model over

June, July, and August. For each sample, we calculate the number of hours exceeding 35°C.

This gives us 100 estimates over the whole map for the number of hours exceeding 35°C, from

which we calculate the mean (10a) and standard deviation (10b). We visualize the spatial

density of these estimates in Figure 10c, which suggests that urban areas experience as
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much as twice as many hours exceeding 95°C. The mean figure highlights the high disparity

in extreme heat exposure in particular. However, the standard deviation estimate produced

here also provides useful information on spatial variability. If we believe these sensors are still

unreliable during the hottest parts of the day, then the standard deviation simply reflects

that sensor noise. However, if we assume that the quality control procedure is effective,

then this standard deviation highlights the potential for local interventions. This is because

the standard deviation reflects the local variability not captured by the model, and thus

attributed to local conditions.

5. Discussion

These experiments demonstrate that the sparse variational Gaussian process is an effi-

cient and effective method for spatiotemporal modeling of urban heat: very few inducing

points are needed, which allows for rapid model training, and using the predictive log like-

lihood loss function with the Student’s t-likelihood, we obtain well calibrated estimates of

urban temperature. While other approaches to spatiotemporal modeling suggest that more

inducing points are better (e.g., Hamelijnck et al. (2021)), we find that this is not the case

with noisy citizen-science data. In fact, the model may benefit from using fewer inducing

points, as this reduces the potential for overfitting. Furthermore, while other methods such

as Bayesian Hierarchical Models allow for well-calibrated probabilistic spatiotemporal mod-

els, they typically require significantly more training time. Even with 2000 inducing points,

our method fits each month in less than 10 minutes.

Despite the rapid training time, there may be more opportunities to reduce computational

complexity. Namely, we use 1000 inducing points where even fewer may be sufficient. When

we tested with 500 inducing points, we noted that model performance only decreased slightly,

but we hypothesize this could be due to poor initialization. With fewer inducing points,

initialization has a more significant impact on model convergence. 2000 inducing points

appears to be more than enough to avoid the initialization problem, but better initialization

could allow for better performance with fewer inducing points (see Burt et al. (2020) for

an overview of initialization techniques). Furthermore, natural gradient descent (NGD)

allows for more rapid convergence and may enable fewer inducing points to obtain better
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Figure 10: The estimated number of hours exceeding 35°C (95°F).
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performance, too (Hensman et al., 2013). However, NGD is not always stable with non-

Gaussian likelihoods.

We could also improve the covariance definition and feature set. While the SVGP ap-

proach allows our model to only focus on learning spatially coherent variations from the

ERA5-Land, it is restricted to rather large length-scales. In locations with denser networks,

it is likely that additional additive kernel terms could be used to capture smaller length-scale

variability. We also restricted our parameterization of urban features to a simple principal

component. This approach assumes that similar component values should co-vary, but we

could incorporate further terms into our parameterization of urban areas. For example, if we

had more information about the shading conditions of the stations, we would assume that

unshaded/shaded stations will correlate, too.

Beyond the covariance definition and feature set, we made additional design choices that

could be revisited (e.g., using linearly interpolated ERA5-Land, fitting data over months,

optimization hyperparameters, etc). While we provided reasons for justifying many of these

choices, good performance can be achieved through alternative choices, too. We argue here

that a good interpolation method will reduce the impact of preferential sampling, explicitly

model heteroscedastic noise, and avoid overfitting. Moreover, we used an optimization pro-

cedure that worked well on our data, but other strategies could work, too. Generally, we

advise reasonable parameter initialization and sufficient iterations over the training data to

ensure good model fit. The GPyTorch implementation of SVGP regression offers flexibility;

we hope that our work encourages the urban climate community to consider this approach

when interpolating noisy data.

Limitations remain in the interpretation of the predictive variance. This is because

the predictive variance is learned from sensors with an unknown noise distribution, so the

predictive variance at any point reflects a sum of the sensor noise and the uncertainty due to

gaps in observations. In other words, the model tells us the range of noisy values expected

if we placed a sensor in a new location. If the sensor noise has mean zero, then our model

gives an unbiased estimate of the actual air temperature. However, we do not know if this is

the case. Sensors in citizen’s backyards may have a slight negative bias and misrepresent the

conditions faced by pedestrians, whereas sensors fully in the sun may still have a positive
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bias due to radiative heating, even after the quality control steps taken here. Despite this

limitation, our model is precise: it can accurately estimate the temperature of held-out

sensors. This suggests that the observations come from a stable distribution, a necessary

but not sufficient condition to guarantee accurate estimation of true temperature; more

ground-truth observations are needed to validate that the quality-controlled observations

are unbiased. Nonetheless, this problem reinforces the need for a probabilistic approach.

Without quantifying the potential noise in crowdsourced data, it is challenging to confidently

answer scientific questions from this source.

Regardless, a significant effect on local temperature is due to siting conditions, which

are generally unknown. Sensors are exposed to effects at the micro-, neighborhood-, city-

, and meso-scale (Muller et al., 2013). A common critique of urban heat studies is on

the lack of adequate characterization of what scale is being captured by the network in

question (Stewart, 2011). Our model provides a principled solution to this problem through

the covariance function, which captures mean estimates at the learned length-scales, and

variance estimates to explain variability below this length-scale (i.e., capturing micro-scale

effects). In this respect, we can determine when the city-scale urban heat island dominates

(low spatial variance), versus local-scale effects (high spatial variance).

While the S-PLL model represents an improvement over homoscedastic interpolation

techniques for quantifying uncertainty, we still find that the predictive uncertainty is not

perfect when looking at quantile coverage error for specific times of day (see Appendix B).

This suggests that the noise process is more complex than the approach taken here, and could

be further improved by modeling noise as a function of other meteorological conditions. For

example, the noise itself could be modeled as a separate Gaussian process, entirely separate

from the random field, trained on both time of day and shortwave radiation. Such an

approach would increase computational cost, but may improve predictive uncertainty still.

Nonetheless, our results suggest that modeling heteroscedasticity should be prioritized when

interpolating crowdsourced data, and that the S-PLL approach offers a computationally

efficient means to do so.

Lastly, the estimates produced from this model present several new questions worth

exploring. First, to our knowledge, the asymmetry in CDD/HDD due to urban heating has
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not been shown in prior works. Future work should replicate our work on additional cities

to determine if this is a more generalizable pattern. If so, we would be able to highlight the

additional energy burden for communities on the urban periphery, where increased cooling

demand is not offset by reduced heating demand. Second, this method is readily extended

to other crowdsourced meteorological variables. Weather Underground provides information

on dew point, precipitation, solar radiation, wind speed, and pressure. While these variables

may be noisier, we expect that our modeling approach is robust enough to provide estimates

of how they vary in an urban setting. We demonstrate the application to dew point in

Appendix C, which highlights the seasonal variability in the dry island effect. Precipitation

and solar radiation could be treated through the same model, but likely require a log-

transform for use in a Gaussian process. An additional application of our uncertainty-aware

model may be in the field of data assimilation with high-resolution urban canopy models. In

data assimilation, we often contend with both observation uncertainty and model uncertainty.

A barrier to the use of crowdsourced data in this application is on the quantification of

uncertainty due to siting. Our method provides an effective means to explain this variance,

which allows for crowdsourced data to be fed into data assimilation pipelines.

Appendix A. The evidence lower bound

Here, we offer a brief derivation of the evidence lower bound in the context of sparse

variational Gaussian processes, with the goal of providing an accessible introduction to this

topic assuming minimal background in statistics or machine learning. This derivation com-

bines components from other work before it (e.g., Hensman et al. (2015); Blei et al. (2017)).

However, many of the existing derivations take the result from variational inference, first,

then show how it applies to sparse variational Gaussian processes. Here, we take the opposite

approach: starting from the marginal log-likelihood, we demonstrate how the evidence lower

bound is achieved through implementing a sparse approximation. We have not seen such a

derivation taken in prior work.

First, recall that our goal is to obtain an approximation of the marginal log likelihood:

log p(y | X) = log

∫
p(y | f)p(f | X)df (A.1)
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Given the variational approximation p(f) ≈ q(f), we start by introducing q(f) into the

objective (Equation A.2a), in which we place q(f) in both the numerator and denominator.

Then, by definition, we write this equation as an expectation (Equation A.2b).

log

∫
p(y | f)p(f | X)df = log

∫
q(f)p(y | f)p(f | X)

q(f)
df (A.2a)

= logEq(f)

[
p(y | f)p(f | X)

q(f)

]
(A.2b)

By Jensen’s inequality, which states that for a concave function g, g(E[·]) ≥ E[g(·)], we obtain

Equation A.3a. This step results in the “lower bound” component, causing the resulting

objective to be an approximation of the likelihood. When we re-arrange the equation to put

similar terms together, we see that this step decouples the model estimates from the random

field.

log p(y | X) ≥ Eq(f)

[
log p(y | f) + log p(f | X)− log q(f)

]
(A.3a)

= Eq(f)

[
log p(y | f)

]
− Eq(f)

[
log

q(f)

p(f)

]
(A.3b)

By definition, the second term is the Kullback-Leibler (KL) divergence, a metric used to

calculate the difference between two distributions. This is typically written as:

Eq(f)

[
log

q(f)

p(f)

]
= KL(q(f)||p(f)) (A.4)

It’s worth pointing out that the above definition is known as the reverse KL. In contrast, the

forward KL swaps the positions of the true distribution and the approximating distribution

(i.e., KL(p(f)||q(f)).

The problem with this objective is that we would prefer to work with p(u) and q(u),

because this is ultimately our variational approximation, and is a simpler calculation. In
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fact, we can show that these two are equivalent algebraically:

Eq(f)

[
log

q(f)

p(f)

]
=

∫
q(f) log

q(f)

p(f)
df (A.5a)

=

∫ ∫
q(f ,u)du log

∫
p(f | u)q(u)du∫
p(f | u)p(u)du

df (A.5b)

=

∫ ∫
q(f ,u)df log

q(u)

p(u)
du (A.5c)

=

∫
q(u) log

q(u)

p(u)
du (A.5d)

= Eq(u)

[
log

q(u)

p(u)

]
= KL(q(u)||p(u)) (A.5e)

Intuitively, this makes sense, given that the only difference between p(f) and q(f) is q(u),

which we see in Equation A.5b. Now, if we insert this re-parameterized term into the

complete equation, we have:

LELBO = Eq(f)

[
log p(y | f)

]
−KL(q(u)||p(u)) (A.6)

Finally, by definition, log p(y | f) =
∑N

i=1 log p(yi | fi); y consists of conditionally inde-

pendent observations, given f . Because of this, we can re-write the evidence lower bound

as:

LELBO =
N∑
i=1

Eq(fi)

[
log p(yi | fi)

]
−KL(q(u)||p(u)) (A.7)

As mentioned in the main text, this property allows for “mini-batching,” or estimating the

loss function over smaller subsets of the data. In contrast with the marginal log-likelihood

for exact Gaussian processes, in which we perform gradient descent, “mini-batching” allows

for stochastic gradient descent, which is computationally cheaper per iteration, allowing for

quicker convergence to performance within an acceptable error tolerance of gradient descent

solution (Bottou, 2010).
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Appendix B. Comparing S-PLL and G-ELBO calibration

We compare and contrast the S-PLL calibration with the G-ELBO calibration in Fig-

ure B.11 using a probability integral transform (PIT) for the held-out July 2024 observations.

This figure more generally demonstrates the phenomenon seen in Figure 5a in the main text,

wherein the G-ELBO model has predictive intervals that are two wide at night, and too nar-

row during the day. If a model is perfectly-calibrated, the cumulative distribution function

(CDF) of observations with respect to the model will have a uniform distribution. For the

G-ELBO model, the hump in the center corresponds to the night, when the model is under-

confident, and the higher counts at the tails correspond to the afternoon, when the model is

over-confident. In contrast, the S-PLL CDF is approximately uniform, but has slightly less

mass at 0, suggesting that the model tends to underpredict at the held-out stations shown

here. In other words, the held-out observations include fewer instances of lower extreme

values than the model expects.
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(b) G-ELBO

Figure B.11: Probability integral transform (PIT) diagrams for the S-PLL and G-ELBO models for the July

2024 observations. The dashed black line represents the values for a perfectly calibrated model.

We analyze the calibration performance in the morning and late afternoon in Figure B.12.

The hump for morning observations suggests underconfidence, or that the estimated variance
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is too large. We see that the S-PLL model is slightly underconfident for morning observations,

indicating that the morning variance may be too conservative. However, the estimated

variance is significantly better than the G-ELBO model. We see the opposite problem with

the 6pm estimates: the model is overconfident, but again, the S-PLL model less so than

the G-ELBO model. Additionally, the slight right skewness suggests that among the held-

out observations, the model tends to slightly underpredict in the afternoon. These results

correspond to the 95% predictive interval for the S-PLL model covering the held-out values

97% and 90% of the time at 6am and 6pm, respectively, in comparison with the G-ELBO

model covering these values 99% and 84% of the time.

Overall, the PIT diagrams suggest that modeling heteroscedastic noise improves calibra-

tion when interpolating noisy crowdsourced meteorological data, and probabilistic models

that model this heteroscedasticity should be favored over standard probabilistic interpola-

tion techniques (e.g., ordinary kriging, the most similar method to the G-ELBO comparison

used here).
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(a) S-PLL, 6am
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(b) G-ELBO, 6am
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(c) S-PLL, 6pm
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(d) G-ELBO,6pm

Figure B.12: PIT diagrams for 6am and 6pm (local time) residuals. Dashed black line represents values

expected for a perfectly calibrated model.
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Appendix C. Dew Point

Additional experiments were performed to understand our model’s ability to calculate the

spatiotemporal variability of dew point in Durham County. We preprocess the data according

to the same process as with temperature, with two additions. We removed observations in

which dew point exceeded the station’s temperature, and we increased the lower α value used

for removing outliers to 0.05. The dew point data appeared to contain significantly more

outliers than the temperature data, so we added this additional filter to make our model

more conservative. To our knowledge, there is no attempt in previous literature to validate

crowdsourced dew point observations, and developing a specific filter for dew point is beyond

the scope of our current work.

The only change to the model was then to update the covariates to ingest the ERA5-Land

2-meter dew point estimate rather than the 2-meter air temperature, and to initialize the

linear term in the model corresponding to the principal component to −0.1, as we expect

more urbanized regions to have a lower dew point (i.e., the urban dry island effect). We then

tested our the S-PLL model on this data, using again 20% of the stations as a validation set.

Our results, in Figure C.13, show that there is not the same diurnal pattern in performance

as shown with temperature. Instead, performance generally improves over time, which we

attribute to having more sensors.

We additionally show average evening dew points by season in Figure C.14. We see that

the urban dry island is most salient in July, almost non-existent in January, and moderately

visible in April and October.

The motivation behind modeling the dew point is that we may further improve our

estimates of heat stress by factoring in moisture into key urban heat stress metrics (e.g., the

heat index or wet-bulb globe temperature (WBGT).
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Figure C.13: Dew point mean absolute error and root mean squared error, monthly.

43



(a) January (b) April

(c) July (d) October

Figure C.14: Average 8pm (local time) Dew Point. Evening is used, as this is when the urban dry island

effect is most active.
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Appendix D. Gaussian processes for prediction

Given the training dataset (X, y), the learned random field f (with mean function m(·))

and covariance function k(·, ·)), we produce estimates of the underlying random field f∗ by

conditioning on the multivariate normal distribution. To see this, we first consider the joint

distribution of y and f∗:

p

(y
f∗

 ∣∣∣∣
X

X∗

) = N

(m(X)

m(X∗)

 ,

k(X,X) + ε2I k(X,X∗)

k(X∗,X) k(X∗,X∗)

) (D.1)

The covariance matrix represents a block matrix defined with respect to the covariance

matrices for the training data and the test data. From this joint distribution, we condition

on the observations to produce estimates at new locations. A property of the multivariate

normal distribution is that the conditional distribution has the following analytical result:

p(f∗ | y,X,X∗) = N (µ∗,K∗) (D.2)

µ∗ = m(X∗) + k(X∗,X)
[
k(X,X) + ε2I

]−1(
y −m(X)

)
(D.3)

K∗ = k(X∗,X∗)− k(X∗,X)
[
k(X,X) + ε2I

]−1

k(X,X∗) (D.4)

Gaussian processes produce probabilistic estimates through this property. We see that pre-

diction requires inversion of a potentially large matrix, re-introducing a computational bur-

den mentioned in the main text. The sparse approximation overcomes this computational

limitation by conditioning on the inducing points.

For a longer discussion of this conditional distribution, we direct the reader to Rasmussen

and Williams (2006), Chapter 2.
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