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ABSTRACT 26 

Urban heat stress is an area of critical research interest due to its relevance for public 27 

health and policy. Given the lack of operational-grade weather stations within cities, different 28 

types of low-cost sensors have been used to assess urban heat stress. However, these sensors 29 

are traditionally not designed for capturing fine scale differences in temperature and humidity 30 

(i.e., the main components of moist heat), which are expected across a city, and their siting is 31 

often suboptimal due to logistical challenges. Here, through several calibration exercises over 32 

lawn and rooftop settings using 41 Kestrel sensors, we demonstrate significant issues with the 33 

use of such low-cost sensors for urban heat stress assessments. Issues stem from use of 34 

sensors without radiation shields, and even with cheaper non-aspirated shields, exposure to 35 

confounding environmental factors, and local land cover influences. Unshielded sensors 36 

overestimated temperature by up to 0.7 °C relative to shielded counterparts. Within 37 

unaspirated radiation shields, daytime measurement error was strongly correlated with 38 

diurnal temperature range (lawn r = 0.85; unshaded rooftop r = 0.98). Humidity cross-sensor 39 

variability exhibited a weaker correlation with its diurnal range. Heat index, derived from 40 

temperature and humidity, combined biases in the two measurements, magnifying resulting 41 

errors (4.7% increase compared to standard error for temperature). Finally, sensors near 42 

anthropogenic heat sources showed cross-sensor variability up to seven times higher than 43 

interference free sites. Based on these potential mismeasurements in urban heat stress 44 

gradients seen using inexpensive sensors, we provide recommendations on their appropriate 45 

deployment in urban environments. 46 

SIGNIFICANCE STATEMENT 47 

Heat stress is a particular concern in cities, where temperatures are often higher than in 48 

nearby rural areas. To identify which neighborhoods face the greatest risks, communities and 49 

researchers have increasingly turned to low-cost sensors to measure temperature and 50 

humidity. Our study shows that these low-cost sensors must be used with caution when 51 

comparing conditions across a city, especially in hot and humid conditions. Inaccurate 52 

readings risk muting or magnifying the true extent of heat exposure and misguiding resilience 53 

planning. We highlight the importance of proper shielding and placement of sensors, and 54 

underscore the need for stricter standards to ensure reliable location-based comparisons of 55 

temperature and humidity. 56 
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CAPSULE (BAMS ONLY) 57 

Low-cost sensors are widely used to monitor urban heat, but shielding, siting, and 58 

accounting for local interferences are critical for robust intra-city comparisons. 59 

1. Introduction  60 

With global climate change and rapid urbanization, the need to address extreme heat is 61 

particularly critical in cities, which frequently experience elevated air temperatures (AT) in 62 

relation to their rural references or the urban heat island (UHI) effect (Mohajerani et al., 63 

2017). Similarly, urbanization reduces relative humidity (RH), the urban dry island (UDI) 64 

effect, together modulating moist heat, a function of both temperature and humidity, within 65 

cities (Chakraborty et al., 2022). Across many regions of the United States, humidity can 66 

amplify heat stress burden over what temperature alone would suggest (Narayanan et al., 67 

2025), as high humidity limits evaporative cooling through sweat (McGregor & Vanos, 68 

2018).  69 

Combined with the high population densities of urban centers, the increased health risks 70 

associated with moist heat can have disproportionately higher impacts in cities. The 71 

magnitude of heat hazard is not uniform across a city, and varies significantly due to local 72 

differences in land cover, building morphology, and surface materials. Accurately estimating 73 

intra-urban patterns of AT and RH is therefore essential for comparing physiologically 74 

relevant heat hazard across different parts of a city (Chakraborty et al., 2023; Hsu et al., 75 

2021). Furthermore, assessing spatial unevenness in heat exposure at policy-relevant scales is 76 

needed for guiding targeted mitigation strategies (Chakraborty et al., 2022) and informing 77 

climate resilience (Martilli et al., 2020).  78 

The drivers of urban climate operate on relatively small spatial scales, making 79 

conventional meteorological datasets, such as reanalysis products (e.g., ERA5 (Hersbach et 80 

al., 2020)) too coarse to capture these variations (Y. Li et al., 2024; Nogueira et al., 2022). 81 

Satellite-sensed land surface temperature provides higher resolution (100m to 1 km) but is 82 

less relevant for human health and comfort than AT and moist heat stress indices 83 

(Chakraborty et al., 2022; Venter et al., 2021).  84 

While AT and RH are common meteorological variables, standard weather stations are 85 

rarely located within the urban environment (J. Li et al., 2023; Muller et al., 2013); thus 86 

unable to accurately capture intra-urban variabilities of thermal comfort and health risk. 87 
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“Urban” weather stations are often located at nearby airports, thus only representing 88 

conditions at a single point, often away from the core urban fabric (J. Li et al., 2023).These 89 

stations are also required to follow strict siting guidelines from the World Meteorological 90 

Organization (WMO), which recommends placing sensors over short grass on flat, 91 

unobstructed terrain, and positioned away from trees, buildings, or other structures that might 92 

shield sensors from full exposure to sunlight and wind (WMO, 2023). While this setup 93 

ensures consistency in climate-scale measurements, these requirements are difficult to fulfill 94 

over urban environments; and some of them do not necessarily make sense within cities for 95 

examining human-centric exposure and impacts at the local scale. Cities are dominated by 96 

impervious surfaces and buildings are densely packed, making it challenging to find open 97 

unobstructed sites for standard sensor siting. However, capturing the thermal conditions in 98 

these areas are essential for understanding the lived experience of heat stress of urban 99 

residents in, often, the warmest parts of the city. 100 

To address these limitations, researchers increasingly are turning to non-standard sensors 101 

and sensor networks to monitor urban microclimate, particularly temperature, humidity, and 102 

heat stress (Muller et al., 2013). Since standard meteorological sensors can be expensive, and 103 

multiple sensors are needed to capture the heterogeneity of urban environments, cheaper 104 

sensors are often utilized. Various types of low-cost sensors have been and are being used in 105 

mobile campaigns (via cars, bikes or on foot) (Shandas et al., 2019; Shi et al., 2021; Wang et 106 

al., 2023), stationary sensor networks (Chapman et al., 2015; Fenner et al., 2019; Shi et al., 107 

2021), or as crowdsourced citizen weather station data (Chakraborty et al., 2022; Fenner et 108 

al., 2019; Venter et al., 2021; Zumwald et al., 2021). 109 

To enable meaningful comparison both across and within urban environments, however, 110 

robust and established methodologies are essential. Here, we explore how the use of low-cost 111 

sensors to assess intra-urban variability in heat stress can be vulnerable to inconsistent 112 

measurement techniques and sensor biases and determine guidelines and best practices that 113 

can ensure meaningful results. 114 

2. Methods 115 

a. Sensor Specification 116 

In these assessments, we used 41 Kestrel Drop D2 sensors (Kestrel, 2025), measuring AT 117 

and RH. Kestrel Drop D2 sensors are factory calibrated at standards of the National Institute 118 
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of Standards and Technology against traceable reference instruments (Ametek DTI-050 119 

Digital Temperature Indicator for AT and Edgetech HT120 Humidity Transmitter for RH) 120 

over a controlled measurement range (Nielsen-Kellerman., 2020; -10 to 55 °C for AT and 10 121 

to 90% for RH at 25°C). Calibration drift for AT measurements is noted as negligible for the 122 

life of the product, and RH is less than 0.25% per year.  123 

Kestrel sensors are widely used in urban heat research due to their affordability (~$109 124 

per unit as of August 2025) and ease of deployment in both mobile and stationary 125 

configurations. They have been employed across a broad range of applications, including the 126 

evaluation of urban heat mitigation strategies, such as street tree canopies (Segura et al., 127 

2022) and cool roofs (Elnabawi et al., 2023) as well as studies assessing heat exposure risks 128 

in vulnerable populations (Karanja et al., 2023; Mukhopadhyay & Weitz, 2022). In a 129 

comparative validation study of commonly used AT sensors (Bailey et al., 2020), Kestrel 130 

sensors exhibited the highest correlation with research grade weather station data. 131 

Each of the sensors were housed in a La Crosse Technology passive radiation shield 132 

unless stated otherwise to prevent the sensors from heating up in direct sunlight. A benefit of 133 

the Kestrel Drop D2 sensor, by comparison to some other low-cost devices, is that the AT 134 

probe is suspended using a coiled wire outside of the sensor casing, minimizing the influence 135 

of the casing on measurements. Humidity is measured through perforations in the sensor 136 

housing which contains a hygrometer (Nielsen-Kellerman., 2020). 137 

b. Experimental Setup 138 

All sensors were first calibrated in a controlled indoor environment, with the temperature 139 

raised to 32 °C. Measurement variance amongst sensors were minimal and within the 140 

manufacturer-specified tolerances for accuracy (± 0.5 °C for AT, ±2 % for RH) (Nielsen-141 

Kellerman., 2020), confirming there was no unexpected significant internal systemic bias 142 

within the sensors. Sensors were then tested outdoors under realistic conditions to determine 143 

how various factors can impact the measurements. Configurations are detailed in Fig. 1. 144 

 145 
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 146 

Fig. 1. Outline of the sensor configurations assessed a) all the sensors housed within 147 

radiation shields in the urban lawn b) Sensors placed on urban rooftop, c) alternating sensors 148 

housed in and outside of radiation shields on the urban lawn location, d) sensors placed 5 - 10 149 

meters from HVAC units on the urban rooftop location. In a separate test, sensors were also 150 

placed in a controlled environment with no solar radiation and in different setups within the 151 

shield.   152 
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Sensors recorded data every 10 minutes, and hourly means were calculated as the average 153 

within a ±30-minute window to fully represent conditions throughout the hour and reduce the 154 

influence of any short lived microclimate fluctuations, in line with current best practices 155 

(WMO, 2023). Sensors were deployed at two sites in Chapel Hill, North Carolina, U.S.A., to 156 

assess the influence of solar exposure and land cover type: a semi-shaded urban lawn and a 157 

fully exposed rooftop. The lawn site consisted of flat terrain with short grass in a suburban 158 

residential area, with Local Climate Zone (LCZ) 6, open lowrise (Demuzere et al., 2022). The 159 

rooftop was a flat, white painted surface on an 11-story office building (average floor area of 160 

2,800 m²), typical of large institutional and office structures in the area (LCZ 5, open 161 

midrise), with multiple HVAC units present. Unless specified, sensors were positioned in 162 

open areas away from such equipment to minimize localized heating effects. The rooftop 163 

location is 1.3 km away from the lawn site and experienced no shading from adjacent 164 

buildings. 165 

Chapel Hill is characterized as humid subtropical (Koppen Geiger Cfa) (Peel et al., 2007), 166 

with precipitation distributed throughout the year. The lawn deployment took place in May, 167 

2025 and the rooftop measurements in October, 2024. The lawn sensors took measurements 168 

over a period of 16 full days with both clear sky conditions and days of heavy precipitation 169 

(Fig. 1a), with the overall mean measured AT of 20.5 °C and RH 79%. The roof top 170 

calibration took place over a period of 6 days with clear sky conditions (Fig. 1b) with the 171 

period mean AT 14.6 °C, RH 59%. The alternating shielded and unshielded sensors (Fig. 1c) 172 

were deployed for 3 days (mean AT 22.5 °C, RH 66% from shielded sensors only). 173 

Alternating set ups within the shield (sensors secured to a mounting base in the shield vs 174 

suspended on wire) were also deployed for 4 days with a mean AT of 17.2 °C, RH 76%. The 175 

rooftop deployment near a localized heat source occurred in late September 2024 with a mean 176 

AT of 25.2 °C, RH 72% over a 3-day period (Fig. 1d). Note this reading was likely higher 177 

than actual conditions during this time due to the influence of the localized heat source. 178 

However, this configuration was specifically intended to reflect real world confounding 179 

factors in similar measurement practices, such as from private weather stations set up in 180 

backyards.  181 

c. Heat Stress Calculations 182 

The heat index (HI), representing the feels-like temperature in shaded conditions due to 183 

combined impact of AT and RH, is calculated using results from Steadman (1979) in 184 
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alignment with standard US National Weather Service practices. When HI is below 80 °F 185 

(26.7 °C), equation (1) is used (with AT in °F). 186 

𝐻𝐼 =  0.5 × (𝐴𝑇 + 61 + (𝐴𝑇 − 68) × 1.2) + 𝑅𝐻 × 0.094 (1) 

For values of HI greater than 80 °F, values are calculated using the Rothfusz equation 187 

(Rothfusz, 1990), based on a regression of Steadman's table.  188 

𝐻𝐼 =  −42.379 +  2.04901523 𝐴𝑇 +  10.14333127 𝑅𝐻 −  0.22475541 𝐴𝑇 𝑅𝐻 

−  6.83783 ×  10−3𝐴𝑇2 − 5.481717 × 10−2𝑅𝐻2  

+  1.22874 × 10−3𝐴𝑇2𝑅𝐻 +  8.5282 × 10−4𝐴𝑇𝑅𝐻2

−  1.99 × 10−6𝐴𝑇2𝑅𝐻2 

(2) 

 

For high and low values of RH, adjustments are made as per Rothfusz (1990).  189 

Humidex, another index for moist heat, is also calculated as per the Environment and Climate 190 

Change Canada (ECCC) (Masterton & Richardson, 1981), in (5) (with AT in °C).   191 

𝐻𝑢𝑚𝑖𝑑𝑒𝑥 =  𝐴𝑇 + 0.5555 × (6.11𝑒5417.7530×
1

273.15+𝑇𝐷 − 10) (3) 

 

Where TD is dew point temperature (°C).  192 

3. Results 193 

a. The diurnal cycle of standard error 194 

A known challenge with AT measurement is the presence of microclimate variability 195 

within a small area, even in an idealized setup in an isolated area. In urban areas, land cover, 196 

shading, wind disruption, and anthropogenic heat amplify these effects, making localized 197 

variability a key concern for sensor networks that prioritize spatial coverage. Even when 198 

placed in a radiation shield, solar and longwave radiation can result in measurement 199 

variability across sensors (Bell et al., 2015).  200 

Here, we analyzed the standard error amongst daily hourly mean sensor readings at each 201 

deployment location. The variance amongst sensor readings in the small deployment areas 202 

shows a clear diurnal cycle, highlighting key times of day where spatial comparisons should 203 

be made with caution. Of note, at night (defined as periods when incoming solar radiation 204 

https://www.zotero.org/google-docs/?wRVvhm
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was zero using ERA5-Land reanalysis data (Muñoz Sabater, 2019)), standard error amongst 205 

sensors is minimal, but greatly increases during daytime hours (Fig. 2), when the atmosphere 206 

is less stable and radiation can impact sensor accuracy.   207 

 208 

Fig. 2. Standard error (primary axis) and temperature range (secondary axis) for sensors in an 209 

urban lawn. Small daily plots beneath bars show the diurnal cycle of standard error for each 210 

date. 211 

The magnitude of the AT daytime error is highly correlated with the diurnal temperature 212 

range, with Pearsons’s correlation coefficient (r) of 0.85 (Fig A1a, Table A1) during a 15-day 213 

period in the urban lawn setting (Fig. 2a). The correlation remains high for sensors deployed 214 

on an unshaded rooftop for a 6-day period (r = 0.98) (Fig. A1). Nighttime correlations also 215 

show a similar relationship (r = 0.79 over urban lawn; 0.93 for rooftop). Figures 2 and A2 216 

additionally show the diurnal pattern of standard error for each individual day. During 217 

daytime hours, differences between the sensor AT measurements (Fig. 2a) tend to be the most 218 

prominent in transitional periods when AT is rising or falling rapidly. This result is in line 219 

with expectations based on guidance from the WMO, who do not recommend taking urban 220 

AT surveys close to sunrise or sunset as rapid changes in weather variables at these times 221 

make spatial comparisons difficult.  222 

In the rooftop setting, over an impervious surface, diurnal RH range and measurement 223 

standard error are correlated (r = 0.80). However, in the lawn scenario (Fig. 2c), a 224 

relationship is only seen after controlling for the mean RH, when larger diurnal (mean-225 

adjusted) RH ranges are positively correlated with daytime standard error in measurements (r 226 

= 0.49) (Fig. A1, Table A1). During the night, similar patterns emerged, with no correlations 227 
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found between measurement standard error and diurnal RH range over grass, but strong 228 

positive correlations in the rooftop location (Fig. 1b, Table A1). This contrast indicates that 229 

water retention and evapotranspiration processes in grass may alter localized RH variability. 230 

While the magnitude of RH error over both surfaces is similar, different processes appear to 231 

dominate depending on the surface type.   232 

HI inherits any uncertainty present in the two input variables. This issue is visible within 233 

its measurement standard error (Fig. 2b), which is amplified in comparison to AT (by 4.7%). 234 

The general relationship remains similar to that of AT, with a strong correlation between 235 

measurement standard error and diurnal cycle during the day (lawn r = 0.86, rooftop r = 0.97) 236 

and night (lawn r = 0.68, rooftop r = 0.90) (Fig. A1, Table A1).  237 

To evaluate how much of the observed standard error could be attributed to controllable, 238 

sensor or position specific bias, a regression-based calibration was performed by comparing 239 

each sensor’s readings to the overall mean and applying the resulting correction equations to 240 

a separate test period. However, neither sensor ID nor position consistently predicted bias 241 

magnitude or direction, and calibration adjustments often increased the spread of 242 

measurements. These findings suggest that external environmental factors, particularly 243 

diurnal temperature range (Fig. 2), are more influential than intrinsic sensor behavior. For 244 

daytime spatial comparisons, when variability is greatest, observed temperature differences 245 

must exceed the background cross-sensor variability to be meaningful.  246 

b. Radiation Shielding 247 

AT measurements taken without radiation shielding exhibit a daytime warm bias 248 

compared to those from shielded sensors (Fig. 3, Fig. A3). This discrepancy is most 249 

pronounced during the warmest hours of the day (from 1pm until 6pm), when solar radiation 250 

directly heats the sensor casing, causing it to register artificially elevated temperatures. In 251 

contrast, during nighttime (between ~10pm and ~6am), when solar radiation is absent, the 252 

mean temperatures recorded by both shielded and unshielded sensors converge.  253 

 254 

 255 
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 256 

Fig. 3. Comparisons of standard error across sensors when shielded, unshielded and in 257 

absence of solar radiation. Hourly mean values for a) AT, b) HI, c) Humidex and c) RH, 258 

(lines, primary axis) and standard error (bars, secondary axis) from sensors placed indoors 259 

(Fig. 1e) and in an urban lawn setup with and without radiation shields (Fig. 1c). 260 

While shields are an effective way of decreasing the interference of solar radiation, they 261 

are not 100% effective. Radiation shields and sensor casing also can absorb and store radiant 262 

heat (longwave radiation), particularly if they are not ventilated, leading to inflated readings. 263 

This shielding versus ventilation tradeoff with unaspirated, passive radiation shields means 264 

there can be a lag in the AT readings during temperature rise due to the lack of ventilation. 265 

The impact of ventilation is potentially apparent on the May 20 result (Fig. A3a), where the 266 

standard error for shielded briefly exceeds unshielded sensors.  267 

For both HI and Humidex, unshielded sensors consistently overestimate values during the 268 

warmest afternoon hours (Fig. 3). This bias is primarily driven by artificially elevated AT 269 

readings caused by direct solar exposure. In contrast, the effect of radiation shielding on RH 270 

is minimal, with values remaining similar between shielded and unshielded sensors, and no 271 

consistent pattern of divergence is observed. Standard error magnitudes for RH can vary with 272 

or without shielding, but they do not follow a clear diurnal pattern, nor are they as strongly 273 

affected by solar radiation as AT observations. Of note, however, is that the calibration 274 

experiment took place over days with no precipitation. The signal of RH standard errors 275 

appears more in the Humidex than HI observations, with evening (9pm and 10pm) high 276 

standard errors in RH (Fig. 3). This is because Humidex is more sensitive to RH than HI 277 

(Chakraborty et al., 2022; Sherwood, 2018). 278 
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As an aside, different set ups within the radiation shield were also examined, and no 279 

discernable difference in standard error was found from suspending the sensors in the shield 280 

in comparison to securing the sensor at the bottom of the shield on a mounting base.  281 

c. Measurement Frequency 282 

Standard meteorological practice involves taking measurements every 5 minutes, which 283 

are then aggregated to an average to represent hourly conditions. This can highlight outliers 284 

and gives a full representation of the conditions during the hour. Using hourly means reduced 285 

AT standard error compared to single-point measurements (Fig. 4a), while single 286 

measurements also produced a larger diurnal range. A similar increase in the range of 287 

measurements logged is seen for RH (Fig.4d), which again are inherited in both HI and 288 

Humidex (Fig. 4bc).  289 

 290 

291 
Fig. 4. Comparison of data generated using six ten-minutes observations versus using a 292 

single, top of the hour measurement. Both the differences in standard error (bars) and the 293 

diurnal range (lines) are considered for a) AT, b) HI, c) Humidex, d) RH. 294 

d. Sensor Placement 295 

A sensor’s immediate surroundings can have a profound effect on the accuracy and 296 

reliability of micrometeorological observations. In urban settings, proximity to anthropogenic 297 

heat sources such as air conditioning (AC) outlets, vents, or machinery can significantly bias 298 

measurements, leading to misleading spatial patterns if not properly accounted for. To 299 

quantify the impact of such localized heat sources, we conducted a comparison with sensors 300 

deployed on the rooftop, by deploying sensors in a location near HVAC units for a 3 day 301 

period (Fig. A6). The daytime standard error between sensors was 0.76 °C AT and 2.3% RH, 302 

over seven (AT) and approaching ten (RH) times higher than the rooftop sensor placement 303 
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away from the outlets (0.10 °C, 0.25%). A similar trend was observed at night, with a 304 

standard error of 0.24 °C AT and 2.7% RH near the HVAC unit compared to just 0.02 °C and 305 

0.1% RH in the interference-free setting. The average diurnal temperature range during both 306 

deployments was nearly identical (20.6 °C near unit vs. 20.4 °C for the isolated sensor), 307 

confirming that the increase in AT variability was not due to broader atmospheric conditions. 308 

RH was higher during the HVAC deployment (73% versus 59%), which may have 309 

additionally inflated standard error, as rainfall occurred during the final day (Fig. A6). 310 

4. Discussion and Conclusion 311 

There is a need to establish clear guidelines and quality control measures for making 312 

robust intra-urban heat stress comparisons when using low-cost sensors. Outdoor 313 

deployments introduce a range of challenges not captured in standard testing environments, 314 

yet most AT sensor calibrations are conducted under controlled conditions (Abdinoor et al., 315 

2025). Whereas previous studies have primarily emphasized validating low-cost sensors 316 

against a research-grade reference instrument (Fenner et al., 2021; Meier et al., 2017), our 317 

focus is on examining variability among sensors themselves. The goal is to assess their 318 

suitability for capturing spatial differentials within the same sensor type, rather than 319 

prioritizing absolute accuracy relative to a reference.  320 

Our findings suggest environmental factors and methodological choices introduce 321 

substantial variability that can undermine the accuracy of both spatial comparisons and 322 

estimates of UHI and UDI magnitude if not carefully accounted for. We demonstrate that the 323 

performance of AT and RH sensors can degrade significantly when employed in outdoor 324 

field conditions, as other studies confirm (Yamamoto et al., 2017; Yulizar et al., 2023), with 325 

crowdsourced sensors in particular shown to overestimate AT and underestimate RH 326 

(Chakraborty et al., 2022). Although we did not observe calibration drift in RH measurements 327 

during our deployments, such drift has been reported as a potential issue in other studies (da 328 

Cunha, 2015). These results highlight the importance of conducting sensor validation and 329 

calibration under real-world, field-based conditions to ensure reliability and accuracy of 330 

environmental monitoring, particularly in heterogeneous urban settings.  331 

a. Radiation Shielding 332 

Radiation shields improve AT accuracy by preventing sensor probes and casings from 333 

heating in direct sunlight, which otherwise drives them out of equilibrium with ambient air 334 
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(da Cunha, 2015). Solar radiation is a dominant confounding factor for measurement 335 

accuracy, with studies identifying the most accuracy reductions in AT during periods of high 336 

radiation (Sun et al., 2015; Yamamoto et al., 2017), also seen here for AT, HI and Humidex 337 

(Fig. 2, Fig. A2). This establishes the necessity of using some form of radiation shielding for 338 

outdoor measurements. This is already a requirement for standard meteorological 339 

measurements but sometimes avoided due to cost and logistical issues in urban environments. 340 

This is a major issue for citizen weather stations (Alerskans et al., 2022; Bell et al., 2015; 341 

Cornes et al., 2020; Jenkins, 2014). Unshielded sensors recorded higher daytime temperatures 342 

during the hottest hours of the day on all occasions (Fig. 3), artificially inflating daily 343 

maximum temperatures, potentially overestimating UHI magnitudes, and spatial variability 344 

across parts of the city with different amounts of shading. Failure to shield sensors may also 345 

interfere with assessments of cooling measures such as due to tree canopy or shading 346 

structures, as comparison sensors exposed to direct sunlight will show inflated ATs. 347 

Additionally, adequate shielding is important for accurate RH measurements, which require 348 

the sensor to remain dry and, as RH is derived using AT, artificially high ATs will lead to 349 

underestimated RH (da Cunha, 2015).  350 

In addition to absolute radiation levels, rapid changes in solar radiation, such as those 351 

occurring around sunrise and sunset, appear to exacerbate measurement standard errors. 352 

Yamamoto et al (2017) noted that abrupt shifts in solar intensity led to large fluctuations in 353 

sensor readings. Young et al (2014) similarly finds the largest errors in sensor readings occur 354 

around sunrise, potentially due to two mechanisms; enhanced radiation errors caused by the 355 

low solar angle, and inadequate ventilation in radiation shields leading to heat buildup and 356 

stagnant air. Notably, these errors varied by deployment, suggesting limited generalizability. 357 

This issue is reflected in our own findings, where standard error was not consistent in all the 358 

tests done (Fig. 2), and therefore difficult to correct for.  359 

b. Landcover and Surroundings  360 

Other environmental factors, such as land cover, can further influence sensor 361 

performance. Nan et al (2025) demonstrated that AT calibration equations optimized for 362 

specific land cover types (e.g., grass, forest, synthetic turf) yielded varying levels of 363 

accuracy, indicating that local surface characteristics can influence sensor behavior and that a 364 

one-size-fits-all calibration may not be effective across diverse urban landscapes. Our 365 

findings also highlight that RH presents distinct challenges. Because sensor-measured RH is 366 
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derived from AT, it is indirectly affected by radiation, but its measurement variability is also 367 

closely tied to land cover types. In our deployments, grass cover dampened the correlation 368 

between diurnal range and RH error, whereas the impervious rooftop location, lacking 369 

surface moisture, exhibited stronger correlations (Fig. A2, Table A1).  370 

The need for metadata on sensor surroundings has long been considered an important 371 

consideration in urban micrometeorology (Stewart, 2011). Sensors placed near localized heat 372 

sources (Fig. 1d) exhibited highly inflated standard errors over seven times greater in AT and 373 

almost ten times for RH than those in undisturbed locations (Fig. A6), although it is possible 374 

RH variability is further increased due to rainfall. This result highlights the need for careful 375 

siting away from such influences and recording of sensor surroundings. Simple metadata 376 

fields such as proximity to buildings or mechanical systems could help screen for potential 377 

problematic sensors and improve confidence in spatial comparisons. In crowdsourced 378 

networks, where detailed metadata is often lacking, this emphasizes the need for anomaly 379 

detection and quality control (Fenner et al., 2021; Napoly et al., 2018). 380 

c. Measurement Frequency   381 

Comparisons between single point and hourly averaged measurements showed that 382 

averaging reduces standard error (Fig. 4), resulting in more stable spatial comparisons. Low 383 

sampling frequencies are more vulnerable to transient effects, such as passing clouds, which 384 

can distort results. This has direct implications for studies where, due to storage capacity and 385 

retrieval time, sampling frequency is low, as well as transect-based studies that rely on single 386 

point observations (Meier et al., 2017; Romero Rodríguez et al., 2020; Shandas et al., 2019; 387 

Wang et al., 2023). Although traverse measures have the advantage they do not have to deal 388 

with inter-sensor comparison, the utilized sensors must have a rapid response time, 389 

particularly if the traverse is done by car (WMO, 2023). While such methods are valuable for 390 

spatial coverage and avoid the more time consuming and costly approach of a static sensor 391 

network, they should be interpreted with care.  392 

d. Managing sensor variability 393 

We find a significant role of the diurnal cycle in shaping measurement standard error. 394 

Standard error was lowest at night, when atmospheric conditions are more stable and there is 395 

no solar radiation. During the daytime, variability amongst sensor measurements increases, 396 

particularly during periods of rapid heating or cooling. This difference is reflected in the 397 

https://www.zotero.org/google-docs/?iCTAed
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strong correlation of standard error with the diurnal temperature range. Even with radiation 398 

shielding, sensors may respond inconsistently to radiative heating due to differences in 399 

passive ventilation. Unaspirated shields can retain heat and minor differences in airflow 400 

across sensors can lead to variability in readings, meaning the thermal response of each 401 

sensor becomes more susceptible to local conditions, contributing to increased measurement 402 

divergence during periods of strong solar forcing. As a result, spatial comparisons are more 403 

robust at night or for days when the diurnal temperature range is relatively small. However, 404 

given the importance of heat on human health and comfort during the daytime when 405 

temperatures are warmest, adding ‘guardrails’ to reflect this discrepancy can help. Diurnal 406 

temperature range, for example, may serve as a useful proxy for expected variability and 407 

could help establish confidence intervals for spatial comparisons of heat stress.  408 

Since Chapel Hill is a humid climate, both AT and RH are important components of the 409 

moist heat stress burden, and thus its measurement error. In drier climates, AT typically 410 

dominates heat stress variability; so errors in RH would have a smaller impact. Additionally, 411 

the relatively low wind speeds typical of Chapel Hill limit airflow around sensors, whereas 412 

windier locations, such as coastal cities, may benefit from enhanced natural ventilation. We 413 

should also note here that different moist heat stress indices have different sensitivity to AT 414 

and RH, with relevance for cross-sensor variability depending on the index chosen 415 

(Chakraborty et al., 2022; Sherwood, 2018).  416 

Based on our findings, we recommend the following best practice for low-cost urban 417 

sensor monitoring; 418 

1. Use radiation shields to reduce exaggerated daytime heating. 419 

2. Exercise caution when making comparisons during times of rapid heating or cooling - 420 

add confidence intervals into any spatial comparisons. 421 

3. Take multiple measurements over an hour and use the average rather than a single 422 

observation. 423 

4. Document sensor surroundings and deploy them away from potential anthropogenic 424 

heat sources. 425 

As cities around the world increasingly aim to better map urban temperature and build 426 

policies to mitigate and adapt to extreme heat, the reliability of such measures is essential. 427 

Low-cost sensors, when used properly, can play a powerful role in identifying potential 428 

disparities in urban heat and better quantify the efficiencies of targeted intervention and 429 
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mitigation efforts. By identifying key guidelines for best practices to minimize cross-sensor 430 

variability due to localized artifacts or measurement noise, and offering practical, evidence-431 

based guardrails that can aid spatial comparisons, this study contributes to the development of 432 

standardized urban temperature monitoring frameworks. 433 
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 446 

Fig. A1: Correlations between diurnal ranges and measurement standard error. Figures 447 

show the ‘raw’ unadjusted correlations, then partial correlations where diurnal range is 448 

adjusted for by the measurement mean by creating a linear regression where x= measurement 449 

mean and y= diurnal range. The residuals of the fit are taken as the adjusted diurnal range. 450 

Also shown on the figure is a least squares regression is plotted with a 95% confidence 451 

interval (blue for unadjusted, red for adjusted fits). Shown in figure is a) AT unadjusted, b) 452 

AT adjusted, c) heat index unadjusted, d) heat index adjusted, e) RH unadjusted, f) RH 453 

adjusted. 454 
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 455 

456 
Fig. A2 a) AT and b) RH Standard error (primary axis) and diurnal range (secondary axis) for 457 

sensors on an unshaded rooftop. Small daily plots beneath bars show the diurnal cycle of 458 

standard error for each date.   459 

 460 

 461 

 462 

 463 
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 464 

Fig. A3: a) Standard error for individual days sensors were tested in alternating shielded and 465 

unshielded setups, with b) the mean AT diurnal cycle for each of the days.   466 

  467 
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 468 

 469 

Fig. A4: Coefficient of variation for each of the heat stress measurements for a) daytime 470 

measurements, and b) nighttime. Coefficient of variation is defined as the measurement 471 

standard error as a percentage of the mean of the measurement.  472 

 473 
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 474 

Fig. A5: Mean Temperature Difference between shielded and unshielded sensors with 95% 475 

confidence intervals for shielding differences, calculated using differences between adjacent 476 

sensor pairs. Figure shows a) average differences over a 3-day period, and differences on 477 

individual days b) 2020-05-20, c) 2020-05-21, d) 2020-05-22.  478 

 479 

 480 

 481 

 482 

 483 

 484 



24 

File generated with AMS Word template 2.0 

 485 

Fig. A6: a) AT and b) RH Standard error (primary axis) and diurnal range (secondary axis) 486 

for sensors placed near an external heat source (HVAC unit) on an unshaded rooftop. Small 487 

daily plots beneath bars show the diurnal cycle of standard error for each date.  488 

 489 

 490 

 491 

 492 

 493 
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 495 

 Measurement Unadjusted correlation Mean adjusted correlation 

Lawn Rooftop Lawn Rooftop 

Day AT 0.85 0.97 0.82 0.36 

HI 0.86  0.97  0.77 0.51 

Humidex 0.83 0.97 0.82 0.39 

RH -0.065 0.80 0.49 0.70 

Night AT 0.79  0.93  0.85  0.26  

HI 0.68  0.90  0.82  0.25  

Humidex 0.35 0.90 0.34 0.22 

RH -0.13 0.83 -0.29 0.87 

Table A1. Pearson's Correlation Coefficients between measurement standard error and 496 

diurnal range or mean-adjusted diurnal range. Coefficients which are significant based on a 497 

threshold p<0.05 are highlighted in bold. 498 

  499 
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