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Environmental significance statement 

Extreme heat is increasingly affecting the life and well-being of urban residents.  
Although many studies have shown that extreme heat is stronger in urban areas, we do  
not know how transient hotspots are across the city, which may inform how communities  
approach heat mitigation. With millions of ambient temperature observations through a  
novel drive-by-sensing framework, we demonstrate new ways of collecting and analyzing  
hyperlocal data for citywide hotspot analysis. Our findings demonstrate the complexities  
of urban thermal landscape, with hotspots varying over space-time and differences as  
high as 12°C at any given time. These heterogeneous thermal patterns highlight the need  
to adapt a more spatially comprehensive and environmentally just mitigation strategy that  
considers the magnitude of heat and human exposure. And such drive-by sensing  
technique and design can be implemented in various environmental monitoring studies.
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Abstract

Extreme heat events are becoming a growing concern for urban residents, with increased 

frequency and intensity. Understanding urban heat dynamics and thermal exposure is 

critical for identifying and mitigating heat hazards. Most studies of urban heat dynamics 

use satellite-derived or weather station data that are limited in temporal and spatial 

resolutions. Improving urban sustainability requires new ways to capture hyperlocal 

ambient air temperature (AAT) information within complex, built environments. Drive-

by-sensing offers great potential in capturing the spatiotemporal dynamics of urban heat. 

Our paper demonstrates the broader application of temporally dense hyperlocal AAT data 

obtained using a novel drive-by-sensing framework. Using 2 million AAT data points 

collected between May-September 2019, we examine the thermal complexities of a mid-

sized city, including the spatio-temporal dynamics of hotspots and areas of extreme heat 

exposure. This high spatiotemporal dataset reveals differing heat profiles under different 

weather conditions and times of day, with temperature variations of up to 12°C between 

hot and cold spots. These hotspots move around the city and were not all found near 
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urban cores. This drive-by-sensing approach has the potential to be scaled and used by 

government entities to make cities more heat resilient and sustainable.

Keywords: Human thermal comfort, Drive-by-sensing, Hotspot Analysis, Urban heat 

hazards, Heat exposure disparities

1. Introduction

Extreme heat events pose an increasing threat to human health and safety 1–3 as heat 

waves become more prolonged, intense, and frequent under a changing climate 4,5. The 

summer of 2022 was one of the hottest on record, resulting in unprecedented heat waves 

across the globe 6. For instance, Western Europe faced a “heat apocalypse,” and 

widespread fires (The Guardian, 2022); China experienced three massive heat waves that 

buckled roads and damaged roofs (Reuters, 2022). A heat wave in Tunisia damaged 

crops, led to fires, and broke a 40-year high-temperature record in the capital, Tunis 

(Reuters, 2022). To date, over one-third of warm season heat-related deaths can be 

attributed to anthropogenic climate change 7. 

Although many vulnerable populations face risks from extreme heat, urban residents are 

especially susceptible to heat-related health issues due to the urban heat island effect, 

which intensifies the warming associated with broader human-induced climate change 8. 

Thus, managing urban heat is fundamental to urban resiliency in the face of climate 

change, as the IPCC AR6 report projects that global temperature increases will exceed 

1.5℃ in the 21st century 9. Given these projections, enhancing resiliency is a notion 

central to UN Sustainable Development Goals (SDGs) and the 2021 UN Climate Change 

Conference (COP26). Measures to reduce heat impacts include the use of water bodies, 

grass, plants, shading infrastructure, trees, and urban ventilation pathways, among others 
10,11. To implement these measures effectively, city planners and other stakeholders need 

hyperlocal information on thermal conditions that can guide the optimal use of resources 

for effective heat mitigation 12,13.
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Recognizing this need for detailed spatial information, new approaches to assessment and 

monitoring have been identified as crucial steps in the recent IPCC report for managing 

urban heat. Emerging technologies have also been identified as a promising pathway for 

monitoring and assessing thermal complexities and extreme ambient air temperature 

(AAT) variations within urban areas or known Urban Heat Islands (UHIs) 14. There have 

been a wide variety of studies using moderate resolution datasets on the distribution, 

structure, and dynamics in UHIs corresponding to cities 15–17. While these moderate 

resolution studies have provided valuable insights into city-scale UHI patterns, they lack 

the spatial detail needed for neighborhood-level heat mitigation planning.

To address this limitation, advanced technologies have increasingly been used in 

monitoring temperature, including crowdsourcing weather data 8,18 , and high-resolution 

(hi-res) thermal imagery from airborne, mostly drone, or satellite sensors 19,20. These 

technologies enable studying AAT with hi-res land surface temperature (LST) but still 

have limitations regarding spatial and temporal resolution, coverage area, and data gaps. 

Further, LST is often not perfectly correlated with AAT 21,22, which is a more relevant 

metric in heat-health relationships 23. In recent years, various cities such as Atlanta, 

Bimingham UK and Helsinki Finland have developed high density in situ networks to 

capture local AATs, although cost and ability to distribute over large urban areas can be 

limiting factors 24. One promising hi-res approach for monitoring hyperlocal AATs is 

drive-by-sensing, which uses vehicle-mounted sensors to continuously collect various 

types of data (e.g., temperature, noise, and air quality) 25 across an urban environment. 

Despite its potential, we could not find any study that has focused on one testbed with 

multiple months of data collection to capture the daily, weekly, and monthly high-

resolution ground level AAT variations. Most studies only tested for a few days or once 

every few years 26. To fill this gap, in this study, we present the dynamics in urban heat 

hotspots using 7-month data acquired at a hyperlocal spatio-temporal scale within a mid-

sized city. This paper shows the potential of temporally dense hyperlocal AAT data 

collected using emerging technologies such as drive-by sensing in an urban environment. 

 Our goal in this study is to enhance understanding of urban thermal complexities by 

using frequent, localized apparent air temperature data collected from a dense network of 

Page 4 of 30Environmental Science: Advances

E
nv

ir
on

m
en

ta
lS

ci
en

ce
:A

dv
an

ce
s

A
cc

ep
te

d
M

an
us

cr
ip

t

O
pe

n 
A

cc
es

s 
A

rt
ic

le
. P

ub
lis

he
d 

on
 2

9 
Ja

nu
ar

y 
20

26
. D

ow
nl

oa
de

d 
on

 3
/1

7/
20

26
 3

:3
4:

41
 P

M
. 

 T
hi

s 
ar

tic
le

 is
 li

ce
ns

ed
 u

nd
er

 a
 C

re
at

iv
e 

C
om

m
on

s 
A

ttr
ib

ut
io

n-
N

on
C

om
m

er
ci

al
 3

.0
 U

np
or

te
d 

L
ic

en
ce

.
View Article Online

DOI: 10.1039/D5VA00332F

http://creativecommons.org/licenses/by-nc/3.0/
http://creativecommons.org/licenses/by-nc/3.0/
https://doi.org/10.1039/d5va00332f


4

drive-by sensors in an urban setting. In particular, we aim to achieve the following 

objectives:

• Identify the thermal variations in urban environments by analyzing areas of 

hotspots and cold spots, using drive-by sensed data collected along the streets. 

• Second, compare these findings with 30m resolution satellite-derived LST 

products that are typically used in urban heat mapping.

• Finally, demonstrate the improved understanding of human thermal exposures by 

utilizing temporally dense hyperlocal AAT data, which could guide heat 

mitigation planning. 

2. Materials and Methods

We capture the thermal complexities of the urban environment using drive-by sensing 

data incorporated with spatial-temporal hotspot analysis. This research first visualized the 

collected raw data with different aggregations to better visualize spatio-temporal patterns 

and hotspots. Then the principal objective is to identify further if and how hotspots may 

vary over space and time. 

2.1 Study Site and Drive-by Sensing Data Collection 

We conducted our study to demonstrate the utility of hyperlocal multi-temporal AAT 

data in a mid-sized city in the southeast USA, Athens, Georgia, near 33.95° N, 83.36° W. 

Athens is the center of a mid-sized metropolitan area with a population of over 200,000. 

It is in a humid subtropical climate zone in the southeastern US, characterized by long 

and hot summers transitioning into short and cold winters 27. Average monthly 

temperatures range from 6.4 °C in January to 27.0 °C in July; the maximum temperature 

on average reaches 32 °C or higher on 58 days annually with most of these days from 

June to August 28. During the study, sampling emphasized the majority of road network 

in Athens-Clarke County (ACC), including Downtown Athens and the University of 

Georgia (UGA). Downtown Athens has the heaviest traffic in town, with many 

restaurants and buildings. UGA has a large population of teachers, students, and staff 

exceeding 50,000 and a well-vegetated landscape with tall trees and bushes distributed 
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through campus. Athens, GA is an ideal location for this study because it has diverse 

urban landscapes, experiences long, hot summers, and is of appropriate size and 

connectivity to encompass most of the populated areas accessible by buses carrying our 

sensor platform. 

Having established Athens, GA as an appropriate testbed, we deployed our mobile 

monitoring system across the city's public transit network. We undertook daily mobile 

monitoring on both city and campus buses from May 1st to December 1st, 2019, with 

May to September data for analysis. 40 city and campus buses were equipped with an 

Arduino microprocessor-operated fast-response air temperature measurement and data 

integration platform (SI Appendix, Fig. S6). Each platform had a core microprocessor, a 

timeclock, a GPS unit, a DS18B20 temperature sensor, a microSD card, wires, and a 

battery. The program was written in Arduino/C language and had data management, 

quality control, sleep and wake-up, GPS time calibration functions, facilitating extensive, 

routine measurements. The air temperature sensors were fast-response (0.2 Hz) 

laboratory-grade DS18B20 waterproof sensors. Details about routine time calibrations 

and QA/QC protocols/algorithms were already published 18. The location of the sensor 

was reported by the GPS unit every 5 seconds. QA data were collected every night after 

the buses returned to the bus terminal because QC protocol mandated a ± 1℃ accuracy.

The sensors were positioned on all active buses to optimize route coverage, where the 

selection and design of routes were planned by the transit offices. Buses continued to 

operate on weekends and holidays, but with reduced schedules and routes. During 

weekdays, the buses left parking lots around 6 am local time, and we collected route data 

from sensors mounted on buses that traversed the Athens area until 7 pm and nighttime 

data for QA/QC only. The data were cleaned and filtered by excluding readings below 

10°C or above 50°C during the summer. In total, we collected 12 million observations at 

5-second intervals for the summer and fall of 2019, from which 2 million points were 

selected for analysis. Below is the detailed bus route map (SI Appendix, Fig. S1a) and an 

image of a sensor on the bus (SI Appendix, Fig. S1b). All routes consist of uniform 

asphalt surfaces. While acknowledging that various environmental factors could 

influence temperature readings, we took measures to minimize their impact by 
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positioning the sensor in a well-ventilated area away from direct sunlight. Also, the 

sensor was placed approximately 0.5m above the ground for practical purposes after 

consultation with our transit partners. While this is lower than traditional air temperature 

measurements, which are often at about 1.5 m, the turbulent mixing from the moving 

buses would reduce the environmental lapse rate and associated temperature differences 
29. We also wanted to ensure that the sensor was located in a spot that approximates the 

typical human experience near the road. Despite the possibility of heat waste and wind 

cooling impacts, we did not disregard their potential effects on the readings, and previous 

research suggests that these impacts are negligible 30.

2.2 Data Reduction

The raw dataset presented significant analytical challenges due to its volume and spatial 

heterogeneity. Our dataset for analysis contains 2 million data points where patterns may 

be challenging to identify. We aggregate the data by assigning each data point to the 

nearest 30-meter road segment based on its GPS coordinates. This approach enhances 

interpretation and aligns the resolution with Landsat 8 satellite-derived LST products for 

comparative analysis. This method also avoids certain overrepresenting areas within our 

study area, like downtown and campus centers. Basically, downtown and campus center 

can have more than 10 buses visits every hour which can add up to 100 data points at 

most. Whereas suburban residential places might have only 1 bus route and 10 data 

points with reduced schedule. After averaging, each road segment will be represented by 

a single set of mean values for each hour of our predetermined time duration, regardless 

of the number of bus routes passing through that area. Our analysis and visualization all 

used 30 m road segments as the unit. This way of generating road segment profile has 

extensive details showing spatial and temporal variations in temperature across the city. 

In addition, it takes a conservative approach and avoids overestimating temperatures in 

areas without data points, unlike other interpolation methods. Additionally, these 30 m 

road segments were directly generated along with the Athens Transit and UGA Transit 

bus routes. 
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An important aspect of our data reduction approach was the retention of temperature 

extremes. Although we reduced the amount and limited the dataset’s variabilities, we did 

not filter out ‘peak’ values as outliers like other environment monitoring projects 19,31. 

Peak values may occur due to proximity to other vehicles' exhaust fumes or various 

human-made heat sources 32. These values reveal the origin of high AAT and the road 

network's impact 18. These values can be challenging to predict and model with limited 

data collection, but in our study's duration, consistent heat emissions should be reflected 

in the data and not considered as anomalies. The only outliers removed were extreme low 

values compared to the weather station records which can happen during vehicle 

maintenance and preset error signals.

2.3 Spatial-temporal hotspot analysis

With our aggregated dataset prepared, we applied spatial-temporal analytical methods to 

identify and characterize urban heat patterns. Our primary objective of the spatio-

temporal analysis is to identify the variability in hotspots across the city by time. We 

chose Hotspot Analysis as our primary method and we focus on relative hotspots across 

the city to allow comparison across days and months without considering the general 

ambient weather conditions. For example, a temperature of 30°C might be a hotspot on 

one day but not on another day or month.

To ensure our analysis captured heat patterns under diverse weather conditions, we 

stratified our data by ambient temperature regime. Our study covers the summer period, 

during which daily variations in maximum air temperatures at the local airport weather 

station can exceed 10°C. To address our first objective of assessing the consistency of the 

hottest areas under different ambient conditions, we identified the hottest spots under 

various temperature regimes, including average days, hot days, and very hot days. We 

then compared the occurrences of these hottest spots. Each day was classified relative to 

a threshold based on the daily maximum air temperature recorded at the Ben Epps 

airport, which is operated by the National Weather Service (NWS) and Federal Aviation 

Administration (FAA) (SI Appendix, Table S1). July, the hottest month of the year, was 

included in our study. Since temperature patterns vary seasonally, we applied monthly 

classification thresholds for the study period (May through September 2019) using 30-
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year climate normals for Athens, GA 28. For each month, we categorized days as 

"normal" when maximum temperatures were near the long-term average (May: 27.2°C; 

June: 30.6°C; July: 32.2°C; August: 31.7°C; September: 28.3°C), "hot" when 

temperatures were one standard deviation (σ = 3°C) above average, and "very hot" when 

temperatures were two standard deviations (σ = 6°C) above average. This classification 

ensured that the general weather conditions within each group were similar and allowed 

for averaging without significant loss of variability while accounting for seasonal 

temperature differences.

Having established our data stratification approach, we now describe the spatial-temporal 

hotspot analysis methodology. Hotspot analysis is a spatial analysis and mapping 

technique that aims to identify clusters of spatial phenomena 33,34. These spatial 

phenomena are represented as points on a map and can refer to the locations of events or 

objects, such as crime incidents or accidents. Additionally, these points can also represent 

the intensities of events or objects for analyzing continuous landscapes 35,36. Hotspot 

analysis can also locate areas with relatively high values, regardless of whether the 

absolute value is high or low, thus minimizing the impact of diurnal fluctuations in 

reference weather.

Spatio-temporal hotspot analysis, or emerging hotspot analysis, incorporates a temporal 

component based on Tobler's First Law of Geography. In addition to the influence of 

nearby places, this method recognizes that places at the current time can also affect the 

upcoming situation. This approach has been widely used in various ecological and project 

contexts where missing data and temporal information are common issues 37,38.

Our Spatio-temporal Hotspot analysis involves several steps. First, we perform spatial 

pattern analysis with temporal influence from the previous hour. Subsequently, a hotspot 

map is generated to visualize the heat profile of the study area, showcasing different 

types of hotspots, such as persistent, consecutive, and oscillating hotspots 39,40. In this 

step, road segments are categorized as 

notable hotspots by being hotter than surrounding areas about 25-50% of the time.

Various spatial analytics techniques are available, including the Neighborhood Nearest 

Index, Moran's I, Gi* Statistics, and others. Moran's I is preferred over the Neighborhood 
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Nearest Index because it accounts for spatial autocorrelation events and avoids index 

inflation in the Gi* Statistic when clusters have a small number of observations 41, 

making it essential for our study due to the presence of such clusters. Although Moran's I 

may encounter challenges in selecting the optimal weight for calculation, this issue is 

minor when spatial dependency is low 41,42. 

In our study, neighboring temperatures influence air temperature 43, but the impact is 

more dependent on local biophysical conditions 44,45. This means that closer places tend 

to have similar temperatures but can still exhibit significant variations. Hence, no weight 

selection issue when applying Moran's I spatial analysis.

The Moran’s I autocorrelation formula is:

                                                   I = n
S0

∑n
i=1 ∑n

j=1 wi,jzizj

∑n
i=1 z2

i
                                            (1)

where zi is the deviation of an attribute for feature i from its mean xi ― X , wi,j is the 

spatial weight between feature i and j, n is equal to the total number of features, and S0 is 

the aggregate of all the spatial weights:

                                                   S0 =  ∑n
i=1 ∑n

j=1 wi,j                                             (2)

The zi score for the statistics is computed as:

                                                   zI = I―E[I]

V[I]
                                                           (3)

where:

                                                   E[I] =  ― 1/(n ― 1)                                             (4)

                                                   V[I] = E[I2] ―E[I]2                                            (5)

By applying this method, each 30 m LST pixel is assigned a value representing its heat 

profile for a specific hour during each month or the entire season. The generated hotspot 

value illustrates the relative heat intensity of a particular location compared to its 

neighboring areas. We have chosen to utilize relative values rather than absolute values 

due to the considerable variability in temperature. And the calculated values are capable 

of indicating the dynamic heat profile of each place along the bus route.

2.4 Spatial-temporal visualization of AAT, LST and Analysis Data
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To effectively communicate the complex spatial-temporal patterns revealed by our 

analysis, we developed a multi-platform visualization strategy. With a vast amount of 

data, we employed a variety of imagery to present our results concisely. For visualization 

purposes, we utilized Python spatial data processing toolboxes along with Kepler.gl. 

Kepler.gl is a powerful open-source geospatial analysis tool that is built on top of 

Mapbox Graphics Libraries 46. We imported the cleaned AAT data points into Python and 

utilized the mapping function of Kepler.gl to create our maps. Through coding and the 

importation of libraries in Python or directly on the webpage, we were able to easily 

achieve different visualization options, including points, lines, polygons, and hexagons. 

Furthermore, we could incorporate various visualization functions such as data filtering, 

dropdown options for color ramp and feature sizes, as well as zoom in and out 

capabilities, by calling the respective codes and importing the necessary library packages.

As a result, we created hotspot maps at different times of the day and produced a 

comprehensive set of images and a video illustrating the dynamic variation of daily 

hotspots throughout the entire city using Kepler.gl. In all our AAT visualizations, we 

used an aggregation size of 90 meters. We chose this size to ensure better visibility of all 

pixels within the city, as the 30-meter aggregation size was hardly discernible when 

plotted on the map.

To enable comparison between ground-level and satellite-based temperature 

measurements, we plotted the Land Surface Temperature (LST) alongside the generated 

hotspot analysis results, respectively. The LST data was obtained directly from the 

Landsat 7/8 Analysis Ready Data published by USGS, which was processed using a 

mono-band algorithm 47. The LST flyover time for the study area occurs at 11:30 am or 

12:30 pm local time, depending on whether daylight saving time is in effect. This flyover 

happens every 16 days for both the Landsat 7 and Landsat 8 datasets. In addition to this, 

other supporting datasets were utilized for comparison and visualization purposes. These 

included Google Street View image screenshots, city 3D models generated from LiDAR 

data points of Athens, and the UGA trees dataset. The UGA trees dataset provides 

information about tree locations, as well as the diameter and height of their canopies. 

However, for the purpose of providing a general idea of the urban canopy size, we used 
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only the diameter of the canopies as input values. To clearly indicate the locations of tree 

plantings on the graph, we represented the trees using a standardized size rather than 

reflecting the specific heights of individual trees.

3. Results

3.1 Visualizing the collected drive-by sensing AAT data 
We used Kepler.gl to draw Athens AAT maps every day from May through November 

2019. In the figure below, we demonstrated data visualization from September 3rd, 2019, 

to September 4th, 2019, where daily maximum temperatures are two standard deviations 

higher than the mean daily max temperature of September Athens 30-year normal, for the 

morning (30 minutes before and after 9 am), noon (30 minutes before and after 12 pm), 

afternoon (30 minutes before and after 3 pm), and early evening (30 minutes before and 

after 6 pm) (Figure 1). Each pixel in the images is 90 by 90 meters for the purpose of 

visualization. From the figures shown below, spatial and temporal variations of hotspots 

are evident across the city at places with a higher level of urbanization. Places from the 

highly urbanized places can be more than 12℃ hotter than other places throughout noon 

to evening of the day. Generally, during a summer day, the highest temperature appears 

around the early afternoon. 
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Figure 1. Temporal AAT map for Sep 3, 2019, (a) Sep 3rd morning at 9 am, (b) Sep 3rd 
morning at 12 pm, (c) Sep 3rd afternoon at 3 pm, and (d) Sep 3rd evening at 6 pm
Additionally, many spatial variations across the city were observed in the above images. 

These spatial variabilities also varied daily which requires hotspot analysis to extract such 

information.

3.2 Overview of the spatial distribution and magnitude of urban road hotspots

We continued the above visualization and analysis by assigning drive-by-sensed data to 

road segments for hotspot analysis. In hotspot analysis, we categorized each road 

segment as a hotspot, coldspot, or neither hot/cold spot and made a categorization for 

each hour. In the end, we summarized the occurrence and generated a hotspot profile map 

for all road segments along the bus routes for the 2019 warm season (May-Sep) (Figure 

2). According to this map, specific road segments around the university campus and near 

suburban businesses have higher chances of being hotspots, while the city downtown is 

not a hotspot center (Figure 2a). 
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(a)

(b)
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(c)
Figure 2. Maps of (a) chances of each road segment being a hotspot across the daytime 

during Summer 2019, with (b) averaged Landsat LST of Landsat 8 LST from September 

2nd, 2019, and (c) Zoomed-in Hotspot Map with LST map of downtown and the university 

campus.

The Landsat map shown above was generated by averaging four images from the 2019 

warm season: June 14, July 24, August 17, and September 02. The July 24 image is from 

Landsat 7, resulting in Scan Line Corrector (SLC) gaps. As for July, no Landsat 8 images 

were available due to cloud cover. The average was calculated using all four images for 

locations outside the gaps, while for locations within the gaps, the average was based on 

the other three images.

When comparing the results of hotspot analysis with satellite-derived LST images, we 

observed that not all hotspots corresponded to high-temperature areas depicted in the LST 

images (Figure 2c). Additionally, numerous high-temperature areas displayed in the LST 

images were not identified as hotspots according to the hotspot analysis results (Figure 

2c), specifically the roads traversing the downtown area. These differences between the 

two maps indicate that LST provides a general overview of hot places but does not 
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correlate with ground-measured AAT data obtained through drive-by sensing, as LST 

primarily capture the emittance while our sensors recorded the ambient heat. These 

disparities will be further explored and elaborated upon in subsequent sections, including 

detailed comparisons of urbanized regions and adjacent road segments.

We summarize our hotspot analysis findings in Table 1. The result is similar to Kepler.gl 

visualization (Figure 1) in that the temperature differences can be as high as 12oC 

between hot and cold spots. About 10% of all the road segments are categorized as 

notable hotspots by being hotter than surrounding areas about 25-50% of the time. 

However, only 1% of all road segments can be hot throughout the whole day as persistent 

hotspots, which suggests a strong temporal variation in the hotspot distribution.

Table 1. Hotspot Analysis result summarized by number of segments for different times 

of a day and average magnitude of the Hot-Cold Spot difference

Number of segments Total 
Segments

50% or more 
hotter

25-50% 
hotter

Hot-Cold magnitude 
(oC)

For all types of day 6005 52 342 9
Morning 6005 12 28 9
Noon 6005 40 529 11
Afternoon 6005 59 588 12
Cold spot 6005 23 227 -
For Normal Days 6005 32 234 8
For Hot Days 6005 38 209 8
For Very Hot Days 6005 32 234 9

3.2 Hyperlocal temporal thermal profile of urban built environments

We observed prominent hotspots near a football stadium and various parking lots, several 

road intersections near shopping plazas around the city. All road segments are 

homogenous asphalt roads. These are popular points of interest (POI) where people tend 

to congregate and are exposed to extreme heat 48. Summer noontime LST maps from 

Landsat indicate that downtown areas are hotspots with the highest surface temperatures 

(Figure 2b). However, based on our drive-by-sensed data, these areas were only 2°C 

hotter on average during noon compared to the surrounding more vegetated regions 

(Figure 1). In contrast, it was observed that many of the aforementioned prominent hot 

places identified by drive-by sensing do not exhibit extreme LST (Figure 2c). This 
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observation was made through visual comparison, while a more robust approach would 

involve using certain statistical methods, such as regression analysis or geostatistical 

techniques 49, to extract the heat profile from all these diverse AAT observations and 

enable an overall match and comparison. This highlights the usefulness and benefits of 

Hotspot Analysis, as demonstrated by the examples provided below. And additional 

spatial variability of the heat profile can be directly visualized from the analysis result.

The campus near the football stadium and parking lots has relatively higher temperatures, 

mostly during noon and afternoon (bottom left part of Figure 3a). These road sections are 

hotspots regardless of whether it is an average, hot, or very hot day as defined by weather 

station data. Consistent with previous studies 50,51, the impervious surfaces and lack of 

green space at these locations significantly increase the ambient temperature by 4-8oC 

(Figure 3a). Also, these places are not surrounded by high buildings which reduces 

shading-induced coldspots. In contrast, the top left road segments on the west side of the 

high-traffic streets are well-shaded by trees (Figure 3). Trees were present next to the 

road on the west side of the crossing (Figure 3b, 3d), while the sidewalk is between the 

trees and the east side (Figure 3c, 3d). Additionally, these west-east oriented roads, 

showed up as hotspots during the morning potentially due to their orientation aligning 

with the sun azimuth.

Figure 3. Google Street View and 3D model of the canopy cover of West and East of the 

crossing while (a) LST with Hotspot profile, Google Streetview of (b) West and (c) East 

of the crossing, and (d) Hotspot and 3D model of the crossing
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This phenomenon also contributes to the fact that downtown is not a prominent hotspot. 

Areas around downtown and shopping plazas in the city have many impervious surfaces 

and buildings nearby (SI Appendix, Fig. S2). However, downtown areas have trees and 

buildings next to the roads, creating shade to cool off the ambient temperatures (SI 

Appendix, Fig. S2a, S2c). Therefore, commonly used LST data in urban heat analysis 

studies from satellite images have limited capability of representing localized heat 

distribution and hotspot dynamics. And our approach can better capture the hyperlocal 

conditions than remotely sensed data.

3.3 Heat exposure dynamics related urban thermal hotspots profile

In our hotspot analysis, we found several areas with elevated ambient temperatures that 

corresponded with well-visited locations. In Figure 4a, several commonly visited POIs 

(e.g. l grocery stores, hospitals, schools, and libraries) are in close proximity and are 

located on hotter road segments. Common high-traffic areas such as complexes 

comprising retailers, restaurants, and cinemas had elevated temperatures and were in 

proximity to these hotspots. Similar elevated temperatures were observed across the city 

near an athletic complex which is also commonly visited by children and adolescents. 

The complex hosts outdoor activities which are another “hot” area with little shade 

provided by structures or trees for athletes or spectators (SI Appendix, Fig. S3). Hotspot 

values for the roads around this area are already high, so this area may be designated as 

one of the vulnerable locations for implementing heat mitigation engineering. Our 

hyperlocal analysis helps identify and prioritize hotspots within the city, which are often 

missed by satellite-scale analysis. 
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(a)

(b)
Figure 4. Hotspot Map near public facilities around the city (a) featuring hospital, grocery, 
library, and school, (b) with bus stops highlighted
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In addition to the increased heat exposure near some POIs, our review of thermal 

exposure and bus stops provides another example of how these data can be used to 

address heat hazards to specific constituencies. The hotspot profile of each bus stop 

across the city was determined (Figure 4b) and observed that bus stops have a relatively 

higher chance of being located near hotspots than general road segments (SI Appendix, 

Fig. S4). Out of all 539 bus stops within the city, 281 bus stops are within the hotspot 

road segments, while for all 6005 road segments, less than 1/3 (1775) road segments can 

be hotspots. 

Google Street views of pairs of hot and non-hotspots also indicated a great need for 

corresponding heat mitigation plans for bus stops (SI Appendix, Fig. S5). A well canopy-

covered bus stop can be a non-hotspot anytime during the study period, while another bus 

stop without shade can be a hot spot for 25% of the time, thus indicating the capability of 

our approach for targeting certain locations for heat mitigation.

4. Discussion 

This study presented the hyperlocal variability of urban heat at any given time in a mid-

sized city and also highlighted the advantages of using emerging sensing technologies to 

obtain such high-frequency environmental parameters. Drive-by sensing using public 

transport buses provides an excellent resource for data collection. These vehicles 

routinely operate for long periods of the day across large portions of the city, where 

people live, go to school, seek entertainment, and work. These spatial and temporal 

resolutions of the drive-by-sensing data allow for detailed analysis of how heat might 

affect certain groups, such as bus riders waiting at bus stops. Such vehicle-borne sensing 

platforms and techniques can be replicated and scaled to different sized cites.

We generated rich details of the 30m city’s thermal landscape via the collected AAT data 

and extensive hotspot analysis with different visualization techniques. LST, traditionally 

used in urban heat island studies, does not always correspond with AAT 52,53. It has been 

widely acknowledged that LST tends to be higher than AAT, and that LST is more 

strongly influenced by horizontal surfaces than vertical ones 54. Studies resort to using 
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LST when AAT data are unavailable. In this study, we collected AAT data to 

demonstrate the extent of variations between the two measures. Our analysis shows that 

AAT from mobile sensors is a better indicator for dynamic heat exposure over space and 

time than satellite LST products or weather station temperature data. For human thermal 

exposure studies, it is more appropriate to use AAT. It is crucial to recognize the 

significant mismatch between LST and AAT. Although not directly shown in this study, 

many highly urbanized place has LST over 50°C in Figure 2b while the highest 

temperature was less than 40°C (shown in Figure 1). Relying solely on LST for urban 

planning and other decision-making processes can result in misleading mitigation 

strategies.

Our approach allowed us to look at the dynamic spatial-temporal variations of hotspots 

within our study area. The hotspots are primarily around more urbanized land cover 

locations with impervious surfaces, which supports previous work 50,55. Downtown was 

not the hottest location in this midsize city because of the shade from buildings and trees 

as opposed to results from Ghribi and Dahech 56 who found downtown Sfax in Tunisia to 

be consistently 2°C hotter than other urban areas. But our results were consistent with 

several previous studies based on fine scale measurement 57,58. In addition, we observed 

that hotspots were not static and varied over time. Certain areas were hottest during noon 

and afternoon (e.g., Stadium), and others, such as west-east oriented roads, showed up as 

hotspots during the morning due to their orientation aligning with the sun angle (Figure 

3). Importantly, we found that there isn't always a single city hotspot, unlike what less 

resolved datasets may suggest. 

The multicentric hotspots present across the city suggest that simplistic approaches to 

heat mitigation as guided by low-resolution data sources may not be effective. Our study 

highlights how knowledge of the hyperlocal thermal profile can guide city planners to 

target hot locations more efficiently and effectively with mitigation measures such as 

adding water bodies, cooling stations, green space, and shading infrastructure 11,59. In 

addition, the hyperlocal data can be blended with information on POIs or locations with 

known vulnerable populations to guide interventions to make the community more 

sustainable 60–62.
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A unique aspect of our work is that it integrates the Internet of Things (IoT) enabled 

drive-by sensing with virtual representation and visualization frameworks such as 

Kepler.gl, Google Street View, and 3D city modeling. This innovative combination offers 

two distinct benefits. First, it will enable scientists, city planners, and community 

managers (e.g., county officials) to intuitively understand the heat vulnerability 

characteristics of their cities at a fine granularity (e.g., block-level) and analyze the 

effects of geographical artifacts such as buildings and vegetation on thermal 

characteristics of the city 63. Second, it will also enable city residents to get a sense of the 

impact of their daily activities, such as running, outdoor work, etc., on their individual 

heat exposure, thereby helping them to reduce their heat exposure risks and alleviate heat 

vulnerabilities in urban communities. In the future, we can develop a tool for running or 

navigation apps that blends the map with our temperature data along the road to suggest 

cooler paths over hot paths. 

We recognize, of course, that drive-by sensing has some limitations. Most importantly, it 

gathers data on certain roads traversed by public transportation and misses areas not 

planned or accessible to these vehicles. Yet, public transportation provides an ideal 

foundation for monitoring temperatures with regular routes and patterns across populated 

areas 25. Additionally, many points of interest like shops and offices are in close 

proximity to roads. Other fleets of vehicles such as sanitation trucks or other service 

vehicles would increase the sampling network. Also, 18 have proposed a blended product 

that would leverage the strength of drive-by-sensing with other sources of data to provide 

broader coverage at high spatial and temporal resolutions using machine learning 

techniques. Finally, our AAT measurements are collected closer to the surface than in 

situ AAT measurements. We feel that our values are still comparable to AAT 

measurements at anthropomorphic heights because the turbulent mixing caused by the 

moving buses would reduce the environmental lapse rate and temperature differences 

over those short differences in height 29. 

In conclusion, we show that vehicle-borne sensing is an important emerging technology 

that can be effectively coupled with other data-gathering sources. This innovative 

approach enhances our understanding of human thermal exposures by providing high-
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resolution, spatially diverse temperature data, ultimately leading to more informed public 

health strategies and urban planning initiatives. While tested in a medium-sized city, our 

methodology is easily scalable to larger urban areas, especially those with robust public 

transportation systems. This will improve our understanding of urban heat dynamics for 

mitigating heat hazards in making cities more sustainable.
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