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Waiting in the Heat: a low-cost data collection method to evaluate bus stop environmental
exposure

Abstract

Urban transit environments are critical sites of heat and air pollution exposure, yet lack continuous,
high-resolution measurements. Designing an effective urban sensing campaign requires balancing
device suitability, environmental threats, and location assessment in public spaces. This paper
presents an active sensing framework for monitoring thermal and air quality conditions at bus
shelters, combining controlled experimentation with in situ deployment. We combine the design and
evaluation of a 3-D printed modification to low-cost PurpleAir sensors forinstallation in tamper prone
transit environments with assessment of sensor quality relative to reference monitoring equipment.
Using a sequential field experiment, we quantify how configuration influences temperature and
particulate matter (PM) measurements and demonstrate that biases introduced by sheltered
deployment are systematic and correctable. A deployment-specific calibration model reduces mean
absolute error in temperature measurements to 1.03°C under shaded, shelled conditions, without
requiring sensor-specific refitting. For PM,s, measurement error is primarily driven by relative
humidity, and incorporating both sensor and reference humidity enables effective bias correction.
This low-cost sensor approach enables scalable, exposure-relevant monitoring of transit
environments and illustrates how active urban sensing can inform infrastructure design and support
data-driven transit design.

Highlights
e 3-D-printed enclosures enable scalable, low-cost sensor deployment in public spaces
e Calibration resolves accuracy-practicality trade-offs in active urban sensing
e Low-costsensorbiasis predictable and correctable with deployment-specific calibration
e Calibration using non-co-located meteorology maintains strong performance

Keywords
Urban heat, PM2.5, air sensors, 3-D-printed, loT sensing
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Introduction

Extreme heat is one of the most important environmental issues that cities across the globe have
been grappling with in the last decade (IPCC, 2021). Rising temperatures, compounded with rapid
urbanization and urban deforestation, have made urban heat the unexpected new enemy of urban
life (Chen et al., 2022). Although a significant amount of literature has been published on the effects
of heatin urban residential and public spaces, there is relatively less evidence of the exposure levels
of extreme heat in urban mobility settings, and particularly in bus stations.

Lack of exposure data can mainly be attributed to cities often lacking the resources and technical
capacity to develop, test and deploy complex urban sensing infrastructure to adequately measure
extreme heat exposure. As a result, most studies have relied on data that provides a limited
understanding of exposure levels at bus stations. A first group of studies have prioritized spatial
coverage by using coarse measurements to approximate heat exposure at bus stations. For example,
studies may use data from a single weather station to represent entire counties or cities (Lanza and
Durand, 2021; Miao et al., 2019; Ngo, 2019), use simulated air temperature data at 1km cell
resolution (Karner et al., 2015), or 30-meter cell resolution Land Surface Temperature (Brannen and
Banerjee, 2025; Braun and Fraser, 2022; Xie et al., 2026). A second group of studies prioritized
accuracy using non-stationary research-grade sensors deployed at stations for a limited amount of
time (Lanza et al., 2025; Pan et al., 2024). A third group of studies focused on understanding hyper-
local fine scale heat conditions by means of environmental microsimulations to estimate 1-meter
cell resolution for a single day at different station types (Liu et al., 2025; Noh et al., 2021). Another
group of studies deployed environmental sensors on mobile vehicles and busses to characterize
heat across the different points of the route at the street level (Shandas et al., 2019; Yin et al., 2020).
Finally, several studies have used bus riders’ surveys to understand heat perception and identify what
elements of stations seem to provide best thermal comfort (Lanza et al., 2023). Although there have
been enough studies to generate arecentreview paper (Briantetal., 2025), and each of these studies
have contributed important pieces of information, there is still the need to accurately track
continuous environmental conditions at bus stations to better understand the full extent of exposure
and not only at specific days, stations, or times.

This paper proposes a low-cost method to accurately measure and track heat in bus stations.
Specifically, we address the lack of continuous, high-resolution exposure data by developing and
validating a deployable sensing workflow for operational transit environments. By using an
accessible urban sensing infrastructure made of easily deployable low-cost sensors and readily
available data back-end architecture systems, we show how this method, combined with data
calibration techniques, could serve as a solution to solve the informational gap on extreme heat
exposure in bus stations. Building on previous work on environmental sensing at bus stations, this
paper aims to evaluate the feasibility and value of long-term environmental monitoring at transit
stations while contributing to the literature in three ways. First, by adding PurpleAir sensors to
stations, we provide an array of new information in the form of long-term and high-frequency data.
Second, by creating a dedicated deployment shell design and testing its effect on sensor readings,
we provide a functional solution to installing sensors in bus stations that can be replicated in other
cities. Third, we discuss the specific collaboration between university researchers and the
transportation agency. These lessons learned can act as a model on how cities can expand their
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research capacity by creating trust building programs that would help initiating data collection and
research efforts that are often underfunded, not because of the lack of institutional willingness, but
because of the lack of awareness among policymakers and the general public of the exposure risk
levels of public transportation users.

The remainder of the paper is organized as follows. Section 2 discusses the methodology, including
three subsections a) detailing the 3-D case design process and considerations for appropriate bus
station placement, b) controlled testing phase and procedures, and c) bus station selection, sensor
deployment, and validation strategy. Section 3 describes the main results focusing on the
differences between settings in both the controlled testing phase and bus station phase. Section 4
concludes and discusses the need for expanding this research efforts to overcome the limited nature
of this pilot project, as well as how these preliminary results can be useful to derive actionable
policies that would increase both transit infrastructure for considering extreme heat settings, as well
as increasing bus frequency during times of extreme heat to minimize the waiting times that
passengers may be experiencing under extreme heat conditions. As cities work to improve
transportation systems, having adequate data support systems is urgent to further study on best
practices for bus shelters (Moore et al., 2014), increase awareness of the risk of exposure to extreme
heat, as well as to implement more targeted solutions in areas with highest need.

Methodology

The overarching goal of this project is to determine the potential to use PurpleAir sensors to monitor
the environment at bus stops as a scalable low-cost solution for continuous environmental
monitoring. For this, we first describe the transit system under study, then introduce the PurpleAir
devices themselves, then additional equipment used, and finally the experimental setup, including
sensor mounting and validation.

VIA Metropolitan Transit (VIA) serves as the transit service provider for the San Antonio area. VIA’s
operation includes a commitment to improve infrastructure, which including improvements to more
than 1,000 bus stops in less than five years. These improvements are allocated based on quantitative
prioritization, a line service design score relying primarily on riders boarding at a stop, but also
including average wait time, adjacent land use, and routes serving a stop (Hansen et al., 2021). As
these improvements are in progress, the research team has the opportunity to evaluate and provide
active feedback on shelter designs.

Continuous measurements of real-world, public environmental and microclimatic conditions
present challenges different from traditional ambient air monitoring. Challenges in the measurement
plan have included how to assess exposure-relevant conditions without interfering with the activities
of the potentially exposed population and how to enhance tamper resistance to promote long term
monitoring. To evaluate conditions at public transit stops, detailed measurements have been taken
to enable an assessment of whether the proposed testing setup is appropriate for evaluating the
conditions experienced by urban transit passengers in the southern United States. The study location
is in Bexar County, Texas, which is home to San Antonio, see Figure 1.
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Figure 1. A map of the United States with North American context, highlighting the study area of Bexar County in red, with
other counties in Texas outlined in blue.

We present the design of a 3-D shell casing for sensors to be deployed in bus stations. As
transportation officials argued based on their experience, elements in bus stations need to be
‘tamper-proof’, a characteristic incompatible with the open and accessible design nature of PA
sensors as its main purpose is to be deployed in private residential settings. PurpleAir sensors were
chosen due to several advantages compared with other sensors: a) low-cost, WIFI connectivity, local
storage via SD card, free server and back-end dashboard data visualization of data, API for data
access, replaceable parts (PM respirators). Several shells were 3-D printed using different filament
colors as required by the transportation office to match the color of the bus stations. We then used
a sequential-controlled fieldwork setting to test the difference between different sensors, shell
colors, and shade configurations. Finally, we deployed sensors with 3-D printed shells in bus stations
across San Antonio’s heat island neighborhoods. The first set of stations chosen for this study were
stations that were considered relevant based on different criteria to both researchers and
transportation officials: ridership, orientation, station size, station design, among others. Additional
metrics were collected using Kestrel Heat Stress Trackers to validate PA metrics and better
understand thermal conditions under bus stations.

Monitoring Equipment

The PurpleAir device measures PM,s concentrations from 0 to 500 pg/m®. Ambient particle
concentrations are expected to remain within this range, but the error in measurements is noted as
10 pg/m3. As typical concentrations are on the order of 10 pg/m?, this error can be significant. The
sensors also measure and report air temperature, however the PurpleAir reported temperature
overestimates environmental conditions, possibly due to heat generated by internal electronics.
Temperature data from PurpleAir was initially adjusted based on Wallace (2023) using the formula in
equation 1,

Taajr = 1.0227 X Tpy — 9.3755 (1)

where T,q4is the new adjusted temperature in Fahrenheit and Tg4 is the raw temperature reported from
PurpleAir in Fahrenheit. This adjusted temperature was then converted to Celsius. The adjustment
aims to decrease error relative to nearby ambient air temperature.

For this study, additional stationary monitoring equipment was used to validate the PM,s
concentration and temperature measurements. A DustTrak 8540 was used as the reference monitor
for PM,s and a Lufft WS500 provides the reference temperature data. The relevant specifications for
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each instrument are provided in Table 1. Multiple PM, s options are available from PurpleAir devices,
but for this study we used PM2.5 ALT-CF3.4, which is the reported value that most closely aligns with
the DustTrak concentrations for the study region.

To determine how representative the stationary sensors are for characterizing the overall bus
stop environment, a detailed measurement campaign for some stations was conducted. While the
PurpleAir sensors were collecting data, the same sites were measured using a Kestrel model 5400.
Kestrels collect more accurate temperature data while also being mobile and enabling for a
determination of temperature variability around the station. Kestrels were deployed at locations
around the bus station for 10 minutes at a time.

Table 1. Description of the measurement range and error for each of the measurement devices, as reported by the
manufacturer. PurpleAir does not report temperature accuracy.

DustTrak PurpleAir Lufft Kestrel
PM, s (ug/m3) | 0-400,000 1 0-500+10 - -
Temperature,(°C) - -40to0 85 -50t060+0.2 -29.0t070.0 0.5
Relative.Humidity.(y ) | - 0-100,+3 0-100+2 10to 902

Shell Design

Despite the much lauded possibilities for citizen science and democratization of data collection
upon the introduction of low-cost sensors (Bagkis et al., 2025; Pournaras et al., 2017; Snyder et al.,
2013), such data gathering is still inequitably distributed (deSouza and Kinney, 2021; Molla et al.,
2025; Sun et al., 2022; West, 2025). Effective sensor deployment requires navigating complex
logistical challenges: accessibility for routine maintenance, protection from theft or vandalism, and
site-specific installation constraints (US EPA, 2021). These variables create significant barriers that
differ from one location to another. However, thoughtfully engineered protective redesign that
combines environmental shielding and security features can overcome these limitations. Such
integration unlocks new deployment possibilities across diverse landscapes, including high-traffic
urban corridors.

Recognizing these deployment barriers, the research team designed a protective shell for the
PurpleAir sensor that balances multiple functional requirements. The standard PurpleAir unit, while
cost-effective and data-rich, lacks the physical protection necessary for sustained outdoor
deployment in challenging environments. Issues include moisture intrusion, USB connector
corrosion, temperature-related measurement drift, and physical damage from environmental
exposure. Additional concerns associated with publicly accessible deployments include tamper
resistance and ensuring stable power connection. The enclosure design therefore aims to mitigate
these vulnerabilities while maintaining sensor accuracy. It is essential to preserve natural airflow
patterns critical for accurate PM, . readings, enable straightforward maintenance, and allow flexible
mounting options. To translate these design objectives into a practical solution, an iterative
development process balanced manufacturing efficiency with functional performance. Details
about alternative designs that were evaluated can be found in the appendix.
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Figure 2. PurpleAir Protective shell Design and Installation Configuration. (Left) CAD model of the 3-D-printed protective
shell showing installation alignment guidance, cable management pathways (cable, pole, and wall installation options).
(Right) Field deployment at bus station demonstrating pole and surface mounting configurations (top), and internal layout
showing SD card access, LED wiring, access control panel, and power supply integration (bottom).

The final protective shell design (Figure 2) integrates multiple solutions tailored to deployment
within public transit infrastructure. The design incorporates installation alignment guidance features
that simplify positioning and ensure consistent sensor orientation across multiple deployment sites,
reducing installation complexity and time. The enclosure supports two distinct mounting
configurations, pole installation and surface installation, providing deployment flexibility rather than
requiring custom modifications for each site. This adaptability is essential for large-scale
deployment in public transit systems, where mounting surfaces, exposure conditions, and
accessibility vary widely.

Visual integration is also an important design factor. To ensure that the sensors blend with
existing transit infrastructure, the protective shell colors are selected to match those commonly used
in bus stop structures. The final products were printed using a Bambu X10 Carbon printer with a
durable, lightweight, and cost-effective polylactic acid (PLA) filament in three color options, green,
dark gray, and light gray, to enhance compatibility and reduce visibility.

To enhance field durability, security measures are incorporated throughout the design. The shell
construction provides impact resistance against accidental contact in high-traffic areas, while the
power supply is internally housed and protected from tampering. A flush-mounted design minimizes
exposed components that could be damaged or removed. In addition, the case’s neutral form and
integration with surrounding infrastructure aesthetics help deter unwanted attention and reduce
vandalism risk.
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Shell Evaluation

To determine whether the shell casing has an effect on measurements taken by the PurpleAir sensor,
tests were conducted with four PurpleAir Zen sensors co-located both with one another and with
higher fidelity, research-grade monitors (see Table 1). The PM,s concentrations for the PurpleAir
sensors were validated against a stationary DustTrak 8540 environmental monitor (referred to as
Reference or DT) with a heated inlet. The temperature and humidity measurements were validated
against a Lufft WS500 weather station (referred to as Reference or LF). The six devices were mounted
outdoors from July 14, 2025, to August 30, 2025. Additionally, a shade structure was constructed to
control for and evaluate the influence of direct sunlight on the measurements. Additional
specifications of the testing setup are available in the Appendix.

Testing was conducted in six phases to isolate the effect of the shell. The DustTrak and Lufft, as
well as one control PurpleAir sensor, were not modified throughout the experimental phases with the
exception of shade being cast on the entire setup. This provides a control to verify whether any
differences in measurement can be attributed to the shell. In the first phase, all four PurpleAir devices
were initially mounted without any modifications to determine baseline variability between devices
(hereafter referred to as No Shell / No Cover; NSNC). Subsequent testing conditions alternate the
addition of shade cover and shells, see Table 2. The westernmost PurpleAir sensor (labelled W)
hosted the light grey shell during enshelled conditions. The second from the west (WC) hosted the
dark grey shell. The second from the east (EC) was never putin a shell as a control measure, and the

easternmost PurpleAir sensor (E) hosted the green shell.
Table 2. Testing Conditions

CONDITION  SHELL? SHADE START DATE END DATE
COVER? (INCLUSIVE)* (EXCLUSIVE)*

NSNC No Shell No Cover 2025-07-1416:00 2025-07-20 20:00

SNC-B Shell No Cover 2025-07-22 20:00 2025-07-28 19:00
(backwards)

SC-B Shell Cover 2025-07-28 19:00 2025-08-03 22:00
(backwards)

NSC No Shell Cover 2025-08-03 23:00 2025-08-1318:00

SC Shell Cover 2025-08-13 19:00 2025-08-19 15:00

SNC Shell No Cover 2025-08-19 16:00 2025-08-30 23:00

* All datetimes are in Central Daylight Time (UTC -5), the local time for the experiment

Statistical Methods Used

Multiple statistical methods were employed to ensure consistency in data. A residual based error
analysis is used to determine whether any combination of shells and shading affects the accuracy
of sensor measurements relative to reference instruments (Jiao et al., 2016). To determine the source
of variation in the measurements from the PurpleAir sensor compared to the baseline, first a linear
regression of the sensor measurement compared to the research-grade equipment (DustTrak for
PM, s and Lufft for Temperature) was calculated. The residuals (Rjs:) from these regressions were used
as the response variable in subsequent models to determine the most relevant factors contributing
systematic deviations from the reference measurements. By modeling the residuals, we focus on
factors that explain deviation from the reference instruments rather than changes in the underlying
conditions.
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Results from two sets of regression models for each measurement type are presented. For
temperature, a full model including multiple interaction terms (eq 2) and a reduced core model
including only one interaction (eq 3) are presented. For PM, a full model (eq 5) is evaluated and
additional analysis using (eq 4) is presented with both the full dataset and two subsets. For the PM, 5
sensitivity analyses, the baseline sensor-reference regression was re-fit within the relevant subset
before residual models were estimated. Model comparisons are used to determine whether
interaction terms materially improve explanatory power. This enables determination of whether there
are differences between filaments (colors) and whether the shell itself has an effect. In some
models, shell orientation effects (reverse vs as intended) are evaluated explicitly, while in others itis
treated as a binary. Accordingly, two encodings of shell configuration are employed, S¢is a three-level
factor representing no shell, reverse orientation, and correctly oriented, while S is a binary indicator
representing presence or absence. Additional models are tested, and results are available in the
appendix.

Rire = Bo + B1Pi + P2 (Ce X Ske) + B3 (Py X Sie) + Ba(Py X Cp) + BTy + B7B; (2)
+ f(Hy) + €ige

Rist = Bo + P1Ct + BoP; + B3Sse + Baa(Py X Sst) + BsTy + BsBe + f(He) + €5t (3)

Rie = Bo + B1RH; + B2RH, + B3Cy + BaSye + Bs(Cr X Sge) + BeTr + f(He) + €t (4)

Rye = Bo + B1RH; + B2RH, + B3C; + BaSke + Bs(Ce X Sie) (5)

+Be Pi + B7(P; X Se) + BTy + f(HL) + €kt

where P;is an identifier for each of the 4 PurpleAir sensors, referenced to EC that never has a shell,
C: is a binary representing whether the shade cover is installed, and S¢ and S; represent shell
configuration as described above. RH: is the relative humidity as measured by the PurpleAir sensor
and RH.,is the relative humidity as measured by the reference instrument. Time-of-day is represented
both categorically using bins B:: night, day, dawn, and dusk and continuously using a spline function
of hour of day (H; ) with four degrees of freedom. T, represents the elapsed time (in days) since the
start of the experiment to identify drift. This analysis was done in R with the packages emmeans and
lm with natural splines implemented using splines. Models were tested that did not include
interaction effects and used fewer degrees of freedom for the time of day effect, but they were less
explanatory than the final models.

Additional analyses are shown for PM, s concentrations with a subset of the data that excludes a
period of anomalous behavior. The full time series of data collected is shown in Figure 8, and a subset
of the time series is shown in Figure 4. The event and its characteristics are described in the results
section. Also, for some PM, s analyses, data for which the DustTrak reported no concentration were
excluded. These values are interpreted as a concentration below the detection limit (<DL) rather than
a true 0, and therefore the residual behavior may be distorted from an assumption of continuous
measurements.

While residual analysis models (Egs. 2-5) were used to identify drivers of bias, the final
calibration model was simplified to include only variables that improved predictive performance and
are available in deployment settings. PM,s calibration model performance was evaluated using
leave-one-condition-out validation with independent meteorological inputs. To simulate
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deployment without co-located reference meteorology, we calculated the calibration performance
using a Lufft monitor at a site 27km from the experimental set up. For the conditions in Table 2, the
model was trained on all in-shell conditions except the held-out one and then tested on that
condition. For the final calibration model, the entire in-shell data set was used to train the model to
calculate the coefficients. Training was done using co-located meteorological data.

Additional, non-regressive statistics are assessed. Due to potential issues with data normality,
presence of non-linear relationships, and presence of outliers, non-parametric tests were performed
on the data (Agresti, 2010). Stuart-Kendall t-c was calculated for correlation metrics (Stuart, 1955)
using the DescTools R package, where the ordinal data assumption was met by the interval
temperature and ratio PM, s concentration, the ability of T-c to handle ties was deemed useful post-
hoc an initial correlation test, and the ability of the t-c statistic to handle rectangular tables in the
event of —1/+1 theoretical correlation was valued. Arbitrary thresholds of Negligible (0.00 - 0.06),
Weak (0.06 - 0.26), Moderate (0.26 - 0.49), Strong (0.49 - 0.71), and Very Strong (0.71 - 1.0) were used
to evaluate the rough quality of fit of correlations. Correlation difference from 0 was evaluated at a
95% confidence level.

For these, PM,s data were only evaluated for periods when reference monitor concentrations
were non-zero, i.e. >DL. Measures of Mean Absolute Error (MAE) relative to the reference monitor or
control sensor, the Root Mean Square of this Error (RMSE), and the correlation between the sensor
and reference/control data were analyzed. Additionally, multiple comparison analyses were
performed between all sensors and the reference monitors to reveal any significant differences
between the data of these devices, and the change or lack thereof of those differences between
conditions.

Analysis was performed both to determine accuracy and variability between sensors and to
determine sensor accuracy and variability relative to reference monitors. Statistics were performed
on subsets of data formed based on variables of interest and knowledge of the physical experimental
phenomenon. PM, s data was grouped on a shell and weekend basis, based on an interestin the shell
effect and an anticipation of activity affected weekday PM, s concentrations. Temperature data was
grouped on a shell and shade cover basis, based on, again, an interest in the shell effect and an
anticipation of a direct sunlight effect on temperature measurements.

Significant difference between data distributions was calculated using the conservative non-
parametric Dunn’s multiple comparisons test using the dunn.test R package, with the conservative
Bonferroni adjustment to control family-wise error rate. Because the data is continuous in the case
of all comparisons, the Dunn’s test assumptions are met, with the caveat that the test can only be
interpreted as revealing a significant difference in medians when the paired data distributions are
identical. Rejection of the assumption that distributions were identical was evaluated at a 95%
confidence interval.

Representativeness of Sensor Placement

In addition to evaluating the effect of the shells, an evaluation of the representativeness of the sensor
for conditions within each bus station are also considered. This is accomplished by taking a series
of measurements using a Kestrel at locations defined in Table 3. The initial monitoring campaign only
includes bus stops with a shelter, as the equipment requires constant power and unsheltered
stations with sufficient electricity are not currently available.
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Table 3. Description of near-stop measurements

A B C D E Z
Measurement Tm&1.5m 1Tm&1.5m Tm&1.5m TM&1.5m Tm&1.5m ~2.5m
Height(s)
Shade Usually No Yes Yes No Yes
Inside Yes No No Yes Yes Yes
shelter?
Description Center of Unshaded, Shaded Shadedin | Unshaded @ AtPA
bench unsheltered unsheltered shelter in shelter Sensor

Most Kestrel measurements are taken at two heights, 1 meter and 1.5 meters (approximately
representing seated and standing exposure). The only measurement that diverges from these heights
is a measurement (Z) that will be taken as close as possible to the installed sensor. For the stations
measured, this distance was between 248 to 259 cm above the ground. Measurements captured the
temperature both in and outside of the shelter and in and out of shade. Regardless of shade, a
measurement was always taken at the center of the seat. Additionally, locations within the shelter
that were shaded and unshaded were measured (if such space existed). Similarly, shaded and
unshaded locations outside, but near, the shelter were measured. The measurements outside the
shelter were always within 3 meters of the edge of the shelter, as although people may seek shade,
they need to ensure that they will be able to board the bus.

Station variation measurements were captured at two pairs of stations that are located adjacent
to one another at the same intersection. One intersection represents two of the most upgraded
“Primo” stations (see Figure 3) and measures the stops across the street from each other serving the
north- and south-bound lines. These were measured on the same day, August 6, 2025. The other pair
of stations are both located at the edge of a university campus near the same intersection, but
around the corner from one another. These stations were evaluated on August 14, 2025.

To determine whether these measurement situations indicate a significant microclimatic effect,
a linear mixed effects model was developed using the lmed package in R based on these
characteristics. This was tested on both temperature and heat index. The model formula (Eq 6) for
each was compared against the measurement height (modeled as a continuous variable in meters),
a binary marker of whether the measurement was taken in shade, a binary marker of whether the
measurementwas taken inside the shelter, the time, and arandom intercept for each stop to account
for physical variations among locations.

(6)
Kij = Bo + B1H;j + BaLij + B3Ejj + BaTij + bo j + €5

Where Kj is the Kestrel measurement for observation i at stop j, b,; is the random intercept for stop j,
H is the measurement height in meters, L; represents light effect (shaded or not), E; represents the
exposure (inside the shelter or not), and T; represents the time.

Bus Stop Deployment

The transit partner, VIA Metropolitan Transit, has developed a procedure to prioritize bus stop
improvements as part of a concerted effort to improve ridership quality that was started in 2014.
(Hansen et al., 2021) This calculation considers how many riders board a bus at the stop, the
potential wait time for a bus, the number of routes served, and whether the stop is adjacent to
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important resources such as medical facilities or groceries. Since projectinception, more than 1,000
shelters have been added or upgraded to the newer shelters. The studied stations have generally high
ridership as stations with higher ridership are more likely to have resources including electricity
allocated to them. Some of the newer shelters are at further enhanced Primo stops (see Figures 3 &
15), which include digital informational displays, artistic shade panels, and free wifi.

Deployment of the encased sensors was determined by attempting to measure multiple shelter
configurations while also monitoring several stations in close proximity to one another to evaluate
stations experiencing the same microclimate and emission sources. Some station locations have
grid connected power, while others have solar panels designed to provide safety lighting to the
station. The instrumented stations are located in areas of the city that had previously been identified
as particularly vulnerable to heat (Brown et al., 2026). These vulnerable areas are indicated as points
in Figure 3. The routes serviced by the instrumented stops provide access to grocery stores, shopping
centers, and hospitals.
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Figure 3. Details about the instrumented stops are provided in a graphical format, indicating which of the heat mitigation
areas itis in, which station type is in place, and how it is oriented.

Results
Effect of Shells

For the measurement period (July 14th to August 30th, 2025), the study site experienced conditions
typical of the region and season, with daily high Lufft temperatures ranging from 32 to 40°C, overnight
lows of 18 to 27°C, and DustTrak PM, s concentrations ranging from below the limit of detection to 54
pg/ms.

Sensors have high inter-device PM,s consistency, with each sensor showing very strong t-c
correlation with respect to the control sensor (0.934 - 0.960), and low, fairly consistent error (MAE:
0.0397 - 0.321 pg/m3;, RMSE: 0.0793 - 0.559 pg/m?). Relative to the reference monitor, performance
decreases as correlation falls to the moderate — strong range (0.323 - 0.513) and error increases
(MAE: 2.00 - 3.49 pg/m?3; RMSE: 3.20 - 5.80 pg/m?®) but remains within the design range of £10 pg/m?.
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Overall, 100% of sensor PM,s measurements overestimate reference values, and 92.0% of
measurements overestimate reference values by less than 10 ug/m?.

Sensor temperature measurements show very strong t-c correlation between sensors (0.847 -
0.949), and moderate error and variation (MAE: 0.560 - 2.80 °C; RMSE: 1.18 - 4.29 °C). In contrast to
PM,s statistics, performance remains steady relative to the reference monitor, with very strong
correlation (0.725 - 0.912) and similar error (MAE: 0.488 - 2.02 °C; RMSE: 0.824 - 3.55 °C).

To evaluate shell effects under these conditions, residual-based linear models are fit to the full data
set as well as targeted subsets. Residuals were calculated as the difference between PurpleAir and
the reference (i.e., sensor-reference), and were modeled as a function of sensor identity, shell
configuration, shading, and temporal covariates. The data filtering and model used are referenced
to model names as shown in Table 4. Additional model results for sensitivity analysis are presented
in the SI.

The anomalous event describes a time period in which the behavior of all sensors deviates
significantly from the rest of the testing period. From Figure 4, it is clear that an increased
concentration of PM,s occurs as it is identified on all PurpleAir devices as well as the reference
DustTrak (DT) monitor. However, the error for this event is significantly larger than for all other events
during the experimental setup. Figure 4b plots all sensor measurements against the reference
concentration, and then plots all data points for the event time period (within the red square in
Figures 4a & 8) with solid points. It is clear that the behavior for this event differs in a way that is not
aligned solely with the typical high bias or factors being tested in the experiment.
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Figure 4. Data regarding an anomalous PM event, showing a time series of data collected from all 5 instruments as well
as a comparative residual error plot showing the distribution of residual error for the entire experiment and the event.

Table 4. Linear models for shell testing

Model Name Equation Dataset R?

Temperature (Full) (2) Full dataset 0.61
Temperature (Core) (3) Full dataset 0.59
PM_s (Full) (5) Full dataset 0.39
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PMys (4) Full dataset 0.39

PM, s no event (4) Anomalous event (see Fig 4 ) excluded 0.50
PM, 5 no event or <DL (4) Anomalous event & Reference = 0 removed 0.58
Temperature

Temperature is highly time-dependent, as we would expect. The PurpleAir temperature readings are
biased high, as is known from previous work (Wallace, 2023), but generally track the patterns of the
Lufft reference monitor well (see Figure 5).
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Figure 5. Air temperature measurements during shell evaluation period from all 4 sensors and the reference monitor (LF).
Experimental conditions are encoded in shading and a line below the data. Across plots for testing conditions, letters
indicate the relative position of each sensor (West, West Central, East Central, and East) and the colors for each sensor are
plotted according to the color of the shell that is applied to that sensor, with purple representing the unmodified PurpleAir
sensor (EC).

The full linear model fit to the difference between the sensor temperatures and the reference
temperatures (eq 2), provides high explanatory power, with an R?> of 0.61. The effect sizes for each of
the model components are shown in Figure 6 as well as the effect sizes for a “Core” model (eq 3) that
still provides a strong fit (R?> = 0.59) but is easier to interpret with fewer interaction terms. The
similarity in explanatory power between the full and core models indicates that the primary
conclusions are robust to model specification (Table 4). Across sensors, application of a shell
increased temperature error relative to the unshelled condition, and this increase was generally
smaller under shaded conditions, indicating partial mitigation by shading. Differences between
reverse and correctly oriented shells were modest in magnitude overall, although sensor-specific
deviations were observed (most notably for WC; Fig. 7). The increase in temperature for each sensor
compared to the reference is shown in Figure 7. The Easternmost sensor (E) reports higher
temperatures regardless of whether the shell is applied or not. This effect remains even after
controlling for insolation effects, and therefore is likely an artifact of the specific sensor. This aligns
with findings from the correlation tests.
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Figure 6. Effects from the residual models described in equations 2-3. The sensors are named by their location and the

color indicates the shell color applied. Shell effects (including interactions) are evaluated relative to the EC sensor, which
never has a shell applied.
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Figure 7. Temperature residuals estimated using estimated marginal means for the sensors under varying experimental
conditions. Note that EC never has a shell applied.

Multiple comparisons of temperature distributions yield complex results. Overall, without any
sub-setting based on hour of day, the easternmost sensor possessed a significantly different
distribution relative to all other devices regardless of condition, indicating potential bias particular
to that device. The distributions were in most agreement during the No Shell conditions, with only the
easternmost sensor distribution being significantly different. Conversely, the distributions were
most different during Shell conditions, with variation in significant difference between the reference
monitor and control sensor, and variation in significant difference between the grey shelled sensors
and the control sensor and each other.
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Nighttime significant differences follow fewer patterns, with no device consistently possessing a
data distribution significantly different than that of another device.

Peak daytime distributions show consistency in differences, potentially indicative of effects
independent of condition. Reference monitor temperature distribution was always significantly
different from the distributions of every sensor. The westernmost sensor did not display a
temperature distribution significantly different from the sensor control’s regardless of condition. The
same could almost be said about the west-central sensor, but for the NSC/NSNC overall condition,
wherein it is significantly different from the control sensor. The west and west-central sensors also
fail to express significant differences but for the No Shell/Cover condition, which contributes to the
same observation regarding the NSC/NSNC overall condition.

In totality, the significant differences of temperature distributions show consistency between
devices and for individual devices, regardless of Shell or Cover, which seems to indicate little effect
of the shell on measurements and the error associated with variation in those measurements.

Table 5. 1-C Correlation of temperature from PurpleAir vs Lufft. Values in parenthesis indicate sample size of half-hourly
averaged concentrations.

Individual PurpleAir Sensor

Condition W WC EC E
Cover/No Shell/Midday (n =

60) 0.691 *** 0.660 *** 0.690 *** 0.663 ***
Cover/Shell/Midday (n = 36) 0.689 *** 0.710 *** 0.699 *** 0.628 ***
Cover/No Shell/Night (n=174)  0.777 *** 0.753 *** 0.877 *** 0.778 ***
Cover/Shell/Night (n =107) 0.694 *** 0.844 *** 0.797 *** 0.603 ***

Footnote: * = significant to p < 0.05, *** = significant to p < 0.001

Table 6. Difference in Temperature [C] error between shell and no shell conditions (MAEshet — MAEno shet))

w wcC EC E
No Cover midday @ -0.36 0.55 0.26 0.43
Overnight -0.08 -0.25 0.16 0.79
Cover midday 0.58 0.27 -0.02 0.27

PM2s

Each PurpleAir sensor generally tracked PM, s concentrations measured by the DustTrak. Regardless
of the presence of a shell, measurements were typically (97% of the time) within 10 pg/m?® of the
DustTrak measurement. This indicates that sensor measurements tend to be accurate to within the
stated device accuracy for the conditions tested. Figure 8 shows the full PM time series for the
experiment.
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Figure 8. A time series of all PM2s concentrations measured during the experiment. Experimental conditions are denoted
by background shading and bars along the bottom. Red dashed lines indicate times that are not included in the analysis.
The first is sometimes excluded for inconsistent behavior shown in Figure 4, the second is always excluded because the
reference instrument was offline.

Relative Humidity (RH) is the dominant contributor to the residual error between sensor and
reference measurements. This is consistent with hygroscopic growth increasing particle light
scattering and elevating optical sensor response. The interquartile range (IQR) of RH measurements
inthe datasetis 25% to 51% for the PurpleAir sensors (RHp.) and 41% to 78% for the reference (RH,er).
Across the IQR, the expected change is approximately 1-2 pg/m?in residual.

The shells do cause a systematic bias for the within sensor RH. Relative to the unmodified co-
located sensor (EC), the sensor RH when shells are applied shows a downward bias of 3-4
percentage points. Because of this, using both the sensor and reference RH is important to correct
for both the shell and hygroscopic growth effects.

The relative humidity across the study area during all of July and August 2025 showed limited
spatial variability. The maximum difference in RH across all reference monitors at a given time had a
median spread of 6.6 percentage points, and 75% of the comparisons had a spread less than 10
percentage points (Figure 9b).
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Figure 9. Variation in relative humidity (RH) and its effect on sensor performance. (a) shows the PM2s measurement bias
(compared to the reference DustTrak concentration) as a function of RH, using both co-located reference meteorology (left)
and within sensor RH (right). (b) demonstrates relative consistency of RH measurements across the study area, showing
the percentage point spread of reference RH across all sites in the study area (up to 27 km apart) for measurements at the
same time. (c) shows the difference between the within-sensor RH measurement of the encased monitors and the control
monitor (EC). Background shading indicates the color of the shell applied to that sensor.

Calibration performance was evaluated based on stringent testing (remote reference
meteorology combined with testing on conditions not included in model training) and shows
substantial improvement, as noted in Table 7. Across all conditions, calibration reduced RMSE by
approximately 60% and improved R? by 0.14 — 0.22. Calibrated concentrations consistently showed
improved agreement with reference measurements compared to uncorrected PurpleAir
measurements. Notably, the calibrated, shelled sensors achieved lower RMSE and higher R?than the
unmodified, uncalibrated sensors (NSNC). This indicates that the bias introduced by the protective
housing can be effectively corrected, resulting in measurement performance that meets or exceeds
that of the unmodified sensors.

Table 7 Performance of sensor measurements compared to reference PM2s concentrations before and after calibration.
Performance evaluation was completed for different conditions described in Table 2.

CONDITION RMSE (raw) RMSE R? (raw) R? (calibrated)

(calibrated)
SNC-B - 4.19 - 1.62 1 0.28 1 0.41
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SC-B 3.48 1.08 0.01 0.20

SC 4.83 1.75 0.42 0.62
SNC 5.79 2.33 0.49 0.63
NSNC 5.72 -- 0.44 --

To evaluate whether shell configuration and shading contributed to systematic measurement
deviations, residual-based linear models were fit to PM as described in Methods. Models were
evaluated both with and without sensor identity terms; including sensor terms did not materially
change model fit. Excluding the anomalous event improved the model fit (R> = 0.50), and excluding
observations interpreted as below detection limit further improved fit (R? = 0.58), without changing
qualitative conclusions regarding the direction or relative magnitude of key effects.

After controlling for RH and temporal covariates, shell configuration and shading were
associated with statistically detectable shifts in PM residuals. Naive assessment, which found no
evidence that shell-related effects differed meaningfully across sensors, including for EC, which
never has a shell applied, suggested that apparent shell-related effects may be due to some other
environmental cause. However, the shell affects the RH within the enclosure and therefore shell
effects are attributable to (and correctable by) the within-sensor RH (see Figure A4).

. _._
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Shaded x reverse shell- —A-
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A

S

Reference RH (IQR increase)+

Shell as intended -

E ——
Reverse shell+ _._&
Shaded +_._ A
Elapsed time - :
Time of day (spline)- E
-5.0 2.5 0.0 25 5.0

Coefficient estimate (pg/m3)

-® As intended ® Reverse @ Other Time
® PM25 A PM2.5noevent B PM2.5 no event or <DL

Figure 10. Model coefficients (effects) from the residual model described in equation 4. Shell
effects are evaluated relative to the EC sensor, which never has a shell applied.

The PM,s concentrations for each device were generally well correlated with the more accurate
DustTrak across conditions, see Table 8. Regardless of condition, correlation between sensors
remains consistent, with no obvious patterns in error relative to the control sensor. Patterns emerge
only relative to reference monitors. However, these patterns largely describe how the sensors agree
rather than in how they disagree. The correlation of sensors relative to reference monitors varies
between experiment weeks with more pronounced variations in PM, 5 correlations than temperature
correlations. Peak daytime PM,s correlations relative to the reference monitor show the worst
correlation during the No Shell/Weekend condition (0.187 - 0.202), and some decrease in 1-C
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correlation during nighttime No Shell conditions (Weekend: 0.334 - 0.344; Weekday: 0.475 - 0.481).
However, all correlations decrease homogenously across sensors, indicating an overwhelming effect
on performance independent of shell. Temperature correlations are similar in their homogenous
changes in fit across sensors. Nighttime temperature correlations do not differ notably from the
average, and peak daytime correlations decrease most during No shade Cover conditions (No Shell:
0.398 - 0.691; Shell: 0.550 - 0.675).

Reinforcing previous observations concerning agreement between sensor PM measurements
and correlation with the reference monitor, multiple comparison calculations found no significant
differences between sensor distributions under any of the studied subsets. The observed MAE
relative to the reference monitor, although moderate with respect to cited design specifications,
constitute a significant difference of sensor data distribution relative to the reference monitor. This
determination is consistent with MAE levels previously discussed, with an average overall MAE
relative to control sensor several times smaller than the average MAE relative to the reference
monitor (0.0857 pg/m?® vs. 2.54 pg/m?). At least statistically, this suggests some caution in claims
regarding sensor PM, s data distributions’ significant differences, sans a calibration correction, at the
concentration levels studied here.

Table 8. Kendall's Tau-C describing correlation between PurpleAir sensors and DustTrak measurements of PM2s. Values
in parenthesis indicate sample size of half-hourly averaged concentrations.

Individual PurpleAir Sensor

Condition W WwcC EC E

No Shell/Weekday (n=578) | 0.498 0.495 0.500 0.506
Shell/Weekday (n = 352) 0.537 0.529 0.515 0.552
No Shell/Weekend (n=186) | 0.410 0.406 0.416 0.426
Shell/Weekend (n =233) 0.558 0.537 0.531 0.559

Table footnote: All values in this table are significant to p < 0.001

Representativeness of Sensor Placement

To determine how well the device placement accurately captures the environmental conditions of
the entire bus stop, the range of conditions around a sample of stations were compared. Only
meteorological conditions were evaluated in this test as a more accurate, mobile PM monitor was
not available. The Kestrel measurements of temperature and heat index around the stations are
shown in Figure 12. A linear mixed-effect model (eq 6) was fit comparing the temperature (and heat
index) from the Kestrel, with fixed effects including measurement height modeled as a continuous
variable in meters, whether the measurement was taken in shade, and whether it was taken inside
the shelter. Time of day was also added as a fixed effect because we know that temperature varies
with time, and we could not take all measurements simultaneously. The identifier for each bus stop
was added as a random effect to separate the variation in temperature between stops from the
variation around the stop. Uncertainty is represented using 95% confidence intervals, and inference
is based on effect magnitude and direction rather than null-hypothesis testing.

All measurements were taken in summer afternoon conditions, to determine relevance for the
conditions of most concern (extreme heat), and the time effect increasing temperature +2.73°C per
hour and heat index +3.48°C per hour was significant. Temperature varied somewhat during the
measurements, but whether the measurement was taken inside the shelter or shaded did not have
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a strong or statistically significant effect (See Figure 11). There does appear to be some decrease of
temperature with height, possibly due to heat radiating from hot pavement, but the effectis relatively
small (Temperature -0.48°C/m, Heat index -0.62°C/m). The sensors are placed at approximately 2.5
m, which ensures it will not obstruct even San Antonio’s tallest resident, the 7°4” Victor
Wembanyama. Although this may slightly bias the sensor measurements compared to exposure-
relevant positions, in the determination of sensor placement, placing them lower was not feasible
due to passenger obstruction or interaction. Excluding measurements taken at sensor height (2.5 m)
did not materially change effect directions or conclusions, providing evidence that conclusions are
not driven by these measurements.

Time : ® O
Shelter - ._:ti.__.'
Shaded - i,
Height{  ——g-9—, |
; 0 1' ; ; ;

Effect size (°C)

—®- HeatIndex —-@ Temperature

Figure 11. The points represent model-estimated effect of Kestrel probe placement on temperature and heat index, with
95% confidence intervals. Shelter and shade are binary factors, time is represented per hour, and height is represented
per meter.

Comparing these Kestrel measurements to those from the PurpleAir at the same time (see Figure
12), we see thatasin the previous experiment, the PurpleAir temperature readings are systematically
higher. However, despite the offset, the PurpleAir tracks the same temperature trends as the Kestrel.
A simple linear regression describes the strong correlation between the two measurements with an
R? of 0.55, but found that for each 1°C increase in PurpleAir temperature, the Kestrel temperature
increase was only 0.48°C on average. This evidence together indicates that the PurpleAir provides a
strong representation of the temperature at the location installation, although provides higher
temperature readings.
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Figure 12. Simultaneous measurements taken at the same bus stations using the PurpleAir monitor (lines) and Kestrel
(points). The Kestrelwas monitored at 21607 and 86883 earlier on their respective days, identified by Kestrel measurements
being outlined for each stop.

The variation in temperature around bus stops can also be seen through the use of thermal
imaging. Although the Kestrel still provides highly relevant information regarding the air temperature,
the overall variation in heat can be seen in Figures 13-15. It is clear, for example, that the shade
provided by the bus shelter significantly cools the sidewalk compared to the roadway or even other
sidewalk area. The locations where the Kestrel measurements were taken are identified by sunburst
shapes overlaid on the (visual wavelength) photograph, with the measurement locations
corresponding to Table 3 above or below the photo. A comparison infra-red photograph of each stop
is placed adjacent to it. The images were taken at the same time, except for Figure 13, which was
taken during the Kestrel measurement window, but using a slightly different angle and time to be able
to capture the location of all measurements.

Three different shelter configurations are represented in these images. One is a Primo station and
the other two are different sizes of the grey stations. None of the older green stations were evaluated
in this test. The Primo stops are 7.5m wide (measured parallel to the roadway), Stop 86883 has a
shelter 5.25m wide, and stop 86877 has a shelter 2.7m wide. These size variations are affected by
the typical ridership as well as the available space for a shelter that will not obstruct passers-by or
encroach onto private property.
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595 Figure 13. Thermal and visual imaging of Bus Stop 86883 on August 14, 2025, with the Kestrel monitoring sites noted.
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597 Figure 14. Thermal and visual imaging of Bus Stop 86877 on August 14, 2025, with the Kestrel monitoring sites noted.
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599 Figure 15. Thermal and visual imaging of Bus Stop 21607, one of the Primo stations, on August 6, 2025, with the Kestrel
600 monitoring sites noted.
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Discussion

Temperature
Results from the controlled shell deployment experiment show that the shells systematically
influence temperature measurements. Across all analyses, PurpleAir sensors installed with
protective shells and shaded by the structure exhibited a consistent, quantifiable bias relative to the
reference instrument. These findings motivate the need for deployment specific calibration for
sensors used in transit shelters, but do not invalidate the measurements from these sensors or their
ability to represent trends.

To address this, we have developed a preliminary calibration algorithm for this testing
configuration. Note that the calibration here is specific to the bus shelter study. For this testing setup,
calibrated temperatures are expressed as

TEUDTated = o + @y TPA + B,(1.7 — 2.5) + f(H) + & )

where T represents the temperature measurements from the sensor at time t after initial
adjustment using equation 1. The function f(H,) is a smooth function of the hour of the day capturing
diurnal bias, and &, represents remaining unexplained variability. The estimated coefficients are a, &
12°C, a;# 0.54°C. The term B, (1.7-2.5) represents the slope from the representativeness fits applied
to the height difference between the station mounted sensors and the height of the reference Lufft
(and other reference instruments that will be used in future analyses). This height is also more
exposure relevant. Blocked time validation was used, with training and testing sets constructed to
include observations from both shell orientations, while maintaining temporal separation to account
for autocorrelation. Implicit in this model is that all PurpleAir sensors are covered by the shelter and
in shells. These calibration relationships are estimated using data from periods when all PurpleAir
devices were installed in shells and under the shade cover and excluding the control EC sensor;
application is therefore intended for the sheltered bus-stop deployment configuration.

Forthe situation in which the sensors are shaded and in shells, the raw sensor temperatures have
an RMSE of 3.18°C compared to the reference, and after calibration (excluding the height correction,
which is not applicable to the experimental deployment) the RMSE is improved to 1.36 with a MAE of
1.03°C. Figure 16 summarizes this improvement. To evaluate generalizability to unseen devices, a
leave-one-sensor-out validation was performed (results in Sl), training the calibration on two sensors
and applying it to the third. Leave-one-sensor-out validation yielded RMSE values ranging from 1.1 to
2.3 °C (MAE 0.8-1.7 °C), comparable to blocked time validation and consistently improving upon
uncalibrated measurements. These results demonstrate that the calibration can be applied to new
sensors without requiring sensor-specific refitting.
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Figure 16. A scatter plot of the PurpleAir Temperature readings for sensors in shells and shade compared to the reference
Lufft data. Calibrated points are based on Eq. 7.

PM2s

For deployment in the 3-D printed shells, the PM,s should be recalibrated using equations 8-9.
Adding both the sensor relative humidity (RHpa) and a higher accuracy regional reference value (RH,«)
improved the model performance. Based on reference monitor (Lufft) sites across the study area,
spatial variation in RH was limited, and its inclusion improved model performance.

Relative humidity is a strong predictor of sensor error and is necessary for calibration. However,
even after accounting for humidity and temporal effects, systematic differences associated with
shell configuration persist. While there was some effect of shading on measurement accuracy, it is
not included as a calibration term to maintain the general applicability across deployment
conditions. Model performance remained robust without this term. The modeled bias (A) for the
PurpleAir sensors in shells can be calculated as

A = 0.836 + 0.0532 - t — 0.00443 - RHyo; + 0.0630 - RHp, + 0.541sin (Z“H

24

2TH
24

) - 0.365005( ) (8)

where t is the time elapsed in days since the sensor was installed, RH, is the regional relative
humidity from the nearest available research or regulatory monitor, RHpa is the relative humidity from
the PurpleAir sensor, and H is the hour of the day in which a measurement was taken. This bias can

be used to calculate the corrected PM concentration as
PM = PMp, — A (9)

where PMp, is the concentration reported by the PurpleAir sensor.

Conclusions, Limitations, & Future Work

This study demonstrates that reliable, exposure-relevant environmental measurements of public
spaces can be achieved using low-cost sensors when paired with appropriate design and calibration.
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We designed and tested data collection infrastructure to monitor temperature and air quality in
public spaces. A 3-D printed shell was created as protection for low-cost sensors. While the shell
introduced a systematic measurement bias, the effect was consistent and can be corrected using
empirically derived calibration functions. The calibration also considers the needs of siting the
devices and can predict exposure-relevant conditions. This approach supports scalable monitoring
in public spaces without interfering with site use.

The testing setup described is currently deployed at 12 bus shelters around San Antonio (see

Figure 3). Continuously collected data from this network will be analyzed to determine the variation
of temperature and air quality at different locations in the city and different shelter types. The data
presented in this paper shows that extreme conditions are frequently experienced at the bus stops
currently, including heat index values exceeding 40°C, which the National Weather Service classifies
as “Dangerous” due to the elevated risk of heat exhaustion (National Weather Service, n.d.).
The PM, s analysis is limited by the lower detection limit of the DustTrak reference monitor. Periods in
which the DustTrak reported zero concentration may be measuring very low concentrations rather
than true zero. This introduces nonlinearity in the relationship between the sensor and reference
monitor, which can artificially inflate residuals. To address the influence of this limitation, sensitivity
analyses were conducted excluding observations where the reference instrument reported 0. These
analyses improved model fit but did not change the qualitative conclusions regarding the direction
or relative magnitude of the shell, shading, or humidity effects.

Regarding sensor placement, the PurpleAir represents the trend in temperature well for each station.
Although the PurpleAir placement and device itself contribute to a slight overestimation in
temperature, the data represents the trend well while accounting for the practical limitations of the
active bus stops. Calibration supports improved estimation of thermal exposure. Future work will
include refining the calibration equations, continued data collection, and analysis of which shelter
types are most protective and whether the ongoing heat mitigation efforts are providing relief for
waiting transit passengers.

The workflow presented here creates opportunities for integration with other low-cost sensor
projects and data-driven urban systems. Increased availability of real-time data streams from
deployed sensors could inform adaptive transit design (Liu, 2025) that could adjust service at high-
exposure locations. Additionally, such networks could support data-informed prioritization of
infrastructure investments, identifying locations where design modifications would yield the greatest
reduction in heat and air quality exposure.
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