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OPEN MORICHI: a Dataset to Study
patapescripror  Urban Overheating during Extreme
Heat in a Hot-Summer Humid
Continental Climate

Miguel Martin®?, Clara Garcia-Sanchez(®?, Jantien Stoter! & Mario Berges(®?2™

This paper describes a firsthand and open dataset comprising weather data collected from four street-
level stations and microscale thermal images captured by a single infrared thermal camera during an
extreme heat event in late August 2024 in Pittsburgh, United States. The weather data includes air
temperature, relative humidity, wind speed and direction, and rainfall, measured at a height of 2 meters
above the ground. From microscale thermal images, it is possible to assess the temperatures of built-up
surfaces within a street canyon on a university campus, including a road, sidewalks, and building
facades. Other factors that contribute to or mitigate urban overheating, such as waste heat emissions,
traffic, and vegetation, can also be analyzed using the microscale thermal images. The weather data
and microscale thermal images are publicly accessible in the 4TU.ResearchData repository under the CC
BY 4.0 license. A Python library was developed to extract and process the data, particularly microscale
thermal images, and is publicly available via the PIP package installer.

Background & Summary

Over the past two centuries, rural-to-urban migration has resulted in substantial global expansion of the built
environment to accommodate urban residents. The built environment consists of buildings and roads that
absorb heat from the sun during the day and release it at night, primarily as long-wave radiation. Due to the lack
of heat dissipation from wind and evapotranspiration from trees, a considerable amount of heat remains trapped
inside the street canyons of cities. As a result, cities have higher outdoor air temperatures than their suburban
or rural surroundings, especially at night. This phenomenon is known as urban overheating or the heat island
effect, and it has undesirable consequences for building energy consumption!~* and greenhouse gas emissions in
cities around the world>®. It also negatively impacts low-income populations’~'* and the public health sector!'2,

Unlike many other countries, urban overheating has not been regarded a significant climatic threat in the
United States. Most states experience mild, cool, or very cold climates, where urban overheating may, on average,
positively impact building energy consumption'? and carbon emissions'* over the year. Despite this, the country
has started to take urban overheating more seriously than in the past. During extreme heat events, urban over-
heating threatens the building thermal resilience, which is buildings’ ability to maintain a comfortable indoor
environment for occupants during extreme heat events'. Since buildings in most states are not designed to
withstand high temperatures, the risk of mortality from heat waves is significant’®.

The city of Pittsburgh, United States, is located in a region that could face major challenges in the public
health sector due to urban overheating during extreme heat events. Its population is approximately 300,000,
most of whom live in detached houses. According to the National Weather Services, temperatures can drop as
low as -25 degrees Celsius in winter and rise as high as 35 degrees Celsius in summer!’. As an industrial city,
outdoor air quality used to be the primary environmental concern in Pittsburgh'8-2!. Nevertheless, a study by Ha
et al.?? shows that the risk of heatstroke in Allegheny County increases significantly if an extreme heat event lasts
more than two days. Despite this alarming observation, few efforts have been made in Pittsburgh to understand
the current or future consequences of urban overheating during heat waves.
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Weather data collected during an extreme heat event in Pittsburgh can, apart from for Pittsburgh itself,
be a valuable resource for other countries studying the magnitude of urban overheating. Pittsburgh has a
hot-summer humid continental climate (Dfa in Képpen classification), similar to regions in the North-East
United States, Eastern Europe, Central Asia, and East Asia®. A recent review by Wong et al.** shows that lit-
tle weather data is available for urban areas in cities with a hot-summer humid continental climate, such as
Pittsburgh. A key contribution in this area is the DCNet field experimental network, which has been operating
since 2002 primarily in Washington, D.C., and New York City?. In New York City, two 10-meter-high meteoro-
logical towers were installed on building rooftops: one near Times Square and the other in a different Manhattan
neighborhood. This kind of meteorological installation is suitable for assessing the impact of the heat emitted
by the built environment on the urban boundary layer. However, it provides no information about weather con-
ditions as experienced by pedestrians at the street level - a crucial consideration for studying the consequences
of extreme heat events on the population. Therefore, street-level weather measurements from Pittsburgh would
help other cities with similar climates understand both the magnitude of urban overheating during extreme heat
events and the seriousness of the hazard this phenomenon poses to public safety.

Although weather data provide useful information about outdoor conditions during an extreme heat event,
they are insufficient for identifying the specific built-environment elements that either contribute to or mitigate
urban overheating. Analyzing the contributors and mitigators of urban overheating requires collecting weather
data along with microscale thermal images of the built environment?®. As reported in Martin ef al.”’, microscale
thermal images are captured by an infrared thermal camera installed on a rooftop observatory, drone, or mount-
ing tripod. They observe the built environment within a range of one kilometer or less. For example, Dobler
et al.?® collected microscale thermal images of Midtown Manhattan, New York City, a location with a climate
similar to that of Pittsburgh. Despite similar weather conditions, Midtown Manhattan’s urban morphology is
distinct from that of most areas in Pittsburgh, which is an important distinction when studying the contributors
and mitigators of urban overheating. On the one hand, Midtown Manhattan is a business district characterized
by high-rise buildings averaging 300 meters in height and avenues typically 30 meters wide?**. On the other
hand, Pittsburgh is largely covered by residential areas with buildings up to 12 meters high and streets at least
8 meters wide?!. This results in a height-to-width ratio of about 10 for Midtown Manhattan, compared to a
maximum of 1.5 in most Pittsburgh locations. Some U.S. cities, including Cincinnati**** and Milwaukee**>, are
morphologically closer to Pittsburgh and experience a similar climate. According to a review by Martin et al.?’,
no thermal images have been captured in these cities.

Beyond regions with a hot-summer humid continental climate like Pittsburgh, urban overheating during
extreme heat is a threat to public health in many cities around the world, particularly in an era of climate change.
This explains why studies like the one published by Yan et al.’® urge the scientific community to put effort
into collecting weather data on extreme heat events at a global scale. Such a collective effort is instrumental
in enhancing the analysis of building thermal resilience. Due to a scarcity of weather data from extreme heat
events, little is known about the ability of buildings to adapt to such conditions, both now and in the future’.
Recently, some efforts have been made to integrate extreme heat conditions into typical meteorological data®.
However, these efforts fall short of capturing the impact of urban overheating on outdoor conditions within
cities.

In the collective effort to augment data availability to study the influence of urban overheating on outdoor
conditions during extreme heat events, particularly in a hot-summer humid continental climate, a dataset was
created from measurements taken by weather stations and an infrared thermal camera on a university campus
in Pittsburgh. The data were collected from July 26 to September 20, 2024, a period during which an extreme
heat event was recorded with temperatures reaching 36 degrees Celsius during the day and 24 degrees Celsius
at night. The outdoor air temperature and other weather parameters-such as relative humidity, wind speed,
wind direction, and rainfall-were measured at 2 meters above ground every 5 minutes. Alongside weather data,
microscale thermal images were captured with a resolution of 640 x 480 pixels and a frequency of 1 image
per second. The absolute surface temperature obtained by microscale thermal images was calibrated against
ground-truth measurements below a Root Mean Square Error (RMSE) of 1.7 degrees Celsius. Together, the
weather data and microscale thermal images constitute a firsthand dataset of more than 1 terabyte, which is
openly available to the scientific community in a repository administered by the Delft University of Technology
(TU Delft). They can be shared and adapted without restriction on the condition that appropriate credit is given
to the authors, a link to the CC BY 4.0 license is provided, and any changes made are indicated. A Python library
was developed to facilitate the extraction and processing of data stored in the dataset.

Despite being primarily created to enable the scientific community to assess building thermal resilience
in an area affected by urban overheating, the dataset can be used for various applications in urban microcli-
mate modeling. One of them is the validation of physics-based urban microclimate models. Physics-based
urban microclimate models, particularly those using computational fluid dynamics, are typically validated
against measurements of outdoor conditions**. The agreement between estimates and measurements of out-
door conditions heavily depends on the assigned temperature of built-up surfaces, a key boundary condition
in physics-based models. Therefore, the models’ validity can be further demonstrated by comparing assigned
boundary conditions and surface temperature measurements from microscale thermal images. As an alternative
to the validation of physics-based models, both weather data and microscale thermal images can be used to train
data-driven approaches. Traditionally, data-driven urban microclimate models have primarily been trained on
typical weather data, which limits their generalizability*'. This limitation can be overcome using training data
collected during extreme events. Whether models are physics-based or data-driven, their reliability will greatly
improve if they properly capture urban dynamics such as building operation and traffic. Urban dynamics can be
captured using microscale thermal images collected at high frequency as shown in various studies?®*2.
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This paper serves as a data descriptor for the dataset openly available at the 4TU.ResearchData repository*.
The first section describes the procedures used to create the dataset, particularly the collection and processing
of weather data and microscale thermal images on a university campus in Pittsburgh. The second section details
the content of the dataset and the repository where it is accessible. The third section gives a short overview of the
analysis that can be performed using the dataset. The fourth section is dedicated to the technical validation of
the dataset. Finally, the fifth section demonstrates how to easily access and process the data in the dataset using

Python.

Methods

Experimental design. The dataset described in this paper was created from measurements made by four
weather stations and one infrared thermal camera on a university campus in Pittsburgh, United States. Pittsburgh
is home to over 145,000 students, who attend undergraduate and graduate programs in one of the six universities
in the city**. About 11% of these students attend Carnegie Mellon University (CMU)*. The CMU campus (Lat.
40.4400517 and Long. -79.9394578) comprises buildings, labs, and residence halls that range from 3 to 9 stories in
height. It also has green spaces and sports fields for accommodating various student activities.

The four weather stations and the infrared thermal camera used to create the dataset operated between
buildings A, B, C, and D on the CMU campus from July 26 to September 20, 2024 (see Fig. 1). The buildings
respective heights are approximately 33, 29, 26, and 31 meters*®. Buildings A, B, and C consist of offices, class-
rooms, and laboratories. Building D is a newly constructed sports center. Buildings A and B are separated by
a 35-meter-wide garden with walking trails. Cars can circulate and stop between buildings B, C and D on an
asphalted road 10 meters wide. The central axes of the garden and the road are oriented north-south. Sidewalks
are located next to the road to provide access for pedestrians. The sidewalks near Building B are shaded by trees
and bordered by grass. A chiller plant is installed on the roof of Building B.

The dataset consists of weather data and microscale thermal images that were mainly collected in the street
canyon delimited by buildings B and C. Its height-to-width ratio is around 1.0, a value commonly found in most
urban areas of Pittsburgh except the central business district®. The composition of the street is also typical, com-
prising an asphalt road, concrete sidewalks, and grass with trees. The traditional brick construction of buildings
in Pittsburgh is similar to that of building B but different from that of building C. Building C is a recently built
sports center with curtain walls. Besides this small divergence, the street canyon between buildings B and C has
a morphology and composition common in Pittsburgh. Therefore, the urban overheating experienced in this
street canyon during extreme heat is likely representative of that in many other parts of Pittsburgh.

Weather measurements. Weather data were measured from four Davis Vantage Vue weather stations.
Two of them (1 and 2) were placed in the garden between buildings A and B. At the same time, the other two (3
and 4) were located in the street canyon between buildings B and C. Based on the recommendations of Davis
Instrument*’, weather stations were installed 2 meters above ground, mounted on a metallic pipe secured by a
drilled hole. They were powered by solar panels and backup batteries, which allowed them to operate autono-
mously. Data collection was managed collectively through a cloud platform, which was connected to all weather
stations via a WeatherLink Live gateway. At five-minute intervals, the cloud platform stored the average, mini-
mum, and maximum values of 12 weather parameters measured by the stations. The range, accuracy, and resolu-
tion with which weather stations measured these parameters are described in Table 1. Some of these parameters,
such as dry-bulb temperature, relative humidity, wind speed, wind direction, and rainfall, are measured from
sensors on the weather stations. Others are derived from measured parameters to indicate outdoor thermal com-
fort. Table 3 shows how the weather stations calculated some of these parameters.

The WeatherLink Live gateway was installed inside Building D, less than 100 meters from the weather sta-
tions to minimize communication interference. As shown in Table 2, the gateway consists of internal sensors
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Parameter Range Accuracy | Resolution
Wind speed Dry-bulb temperature —40...+150°F | £1°F 0.1°F
/ Relative humidity 0...100 % +£3% 0.1%
Rainfall m Wind speed 2...180 mph +2mph | 0.1 mph
Wind direction 0...360° +3° 0.1°
{ Rainfall 0..199.99" 4% 0.01"
pavisE:l Dew point temperature (*) | —105 ... 4130 °F | £3 °F 0.1°F
Wind chill (*) —110... +135°F | £2°F 0.1°F
Heat index (*) —40...4+165°F | £3°F 0.1°F
Temperature Wet-bulb temperature (*) | N/A N/A N/A
Wind direction Relatvenumidly | THW index () N/A N/A N/A
Heating degree days (*) N/A N/A N/A
Cooling degree days (*) N/A N/A N/A

Table 1. Specification of measured and calculated (*) weather parameters by Davis Vantage Vue stations.

Parameter Range Accuracy | Resolution
Dry-bulb temperature +32..+140°F | £0.5°F 0.1°F
Relative humidity 1..100% +2% 0.1%
Barometric Pressure 16"...32.50"Hg | N/A 0.01" Hg
Dew point temperature (*) | N/A N/A N/A

Heat index (*) N/A N/A N/A
Absolute pressure N/A N/A N/A

that can be used to measure indoor conditions. Like the weather stations, the minimum, average, and maxi-
mum values of each parameter measured by the WeatherLink Live gateway were recorded at 5-minute intervals.
Throughout the measurements, the indoor space where the WeatherLink Live gateway was installed was mini-
mally occupied, with little use of air conditioning.

Infrared thermography. Microscale thermal images were captured by a FLIR A50 infrared thermal camera,
whose specifications are outlined in Table 4. The infrared thermal camera was installed on the fourth floor of
building D, which corresponds to a height of 30 meters above ground. It was connected to a laptop using an
Ethernet cable. The laptop was powered by the building’s electrical supply, and the FLIR Research Studio software
was used to manage data collection. Using the software, microscale thermal images were captured at a frequency
of 1 Hertz and stored in a video file every 5-minute intervals. To minimize disturbances while capturing micros-
cale thermal images, the camera was positioned behind an open window. With this installation setup, the radi-
ometric values U, captured by the infrared thermal camera at pixels ij were primarily influenced by reflected sky
radiation and outdoor air transmission, that is:

1 1 -

b = U — L= Towr o

€jj
ij ij L]sky - out
61']'7—out Eij EijTout (1)

where Uj; (in Volts) is the true radiometric value of the observed object at pixel ij, €;; (0-1) the emissivity of the object,
Uy (in Volts) and U, (in Volts) the radiometric value associated to the sky temperature Ty, (in K) and outdoor
air temperature T,,, (in K), respectively, and 7, (0-1) the outdoor air transmissivity. Similar to the infrared thermal
camera used by Martin et al.”, the surface temperature (T;) of the observed object at pixels ij can be expressed as:

-1

—+f
r- (U +0) ®)

where b, r, 15, O, and f are parameters to be calibrated against ground truth measurements. It is important to
note that calibrating these parameters is only necessary when the microscale thermal images are used for quan-
titative studies that rely on absolute surface temperature (T}). Qualitative studies such as waste heat and traffic
detection can easily be conducted based on radiometric values (Uy).

To calibrate parameters b, 1}, r,, O, and f for the Pittsburgh’s conditions, a thermocouple of type ] was placed on
the sidewalk next to weather station 4. This type of thermocouple can measure the surface temperature within a

"
Tijzb-ln
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Parameter Formula

Cooling degree days - T¢pp, (unitless) T

{(maxT — m'mT)/Z — 65 if(maxT — minT)/Z > 65
Tepp = T T T
0 otherwise

where: o T' - Dry bulb temperature (in °F) « T - Time period

Dew point - T, (in °C) T,=T— ((100 — RH)/5)
where: @ T'- Dry bulb temperature (in °C) @ RH - Relative humidity (in %)

Heating degree days - Ty;pp (unitless) | Typp = lés - (mj;axT - n%rmT)/Z if (mj;axT - n%rmT)/Z <65

0 otherwise

where: @ T'- Dry bulb temperature (in °F) « T - Time period

ST+ 610 + 1.2(T — 68.0) + 0.094RH]  if Ty, < 80°F
—42.379 + 2.04901523T + 10.14333127RH

Heat index - Ty (in °F) Thr = \—. 22475541 TRH — . 00683783T>
—. 05481717RH? + . 00122874T*RH
+. 00085282 TRH> — . 00000199 T°RH” otherwise
where: o T - Dry bulb temperature (in °F) ® RH - Relative humidity (in %)
THW index - Ty (in °F) Trgw = Ty — 1.072V

where: @ Ty, - Heat index (in °F) @ V - Wind speed (in mph)

Wet bulb temperature - T,, (in°C) | T, = Tarctan[0.151977(RH + 8.313658)"'?] + arctan(T + RH)

arctan(RH — 1.676331) + 0.00391838RH’'*arctan(0.023101RH) — 4.686035
where: @ T'- Dry bulb temperature (in °C) @ RH - Relative humidity (in %)

Wind chill - T,,. (in °F) T, = 35.74 + 0.6215T — 35.75(V*16) + 0.4275T(V°16)

where: o T - Dry bulb temperature (in °F) ® V - Wind speed (in mph)

Table 3. Calculation of some weather parameters available in the Davis Vantage Vue stations.

Feature Value

Field of view 95° (W) x 74° (H)
Image resolution 464 (W) x 348 (H)
Accuracy +2°Cor £2% of reading

(for ambient temperature 15°C-35°C)

Operating temperature range | —20 to 50 °C

Storage temperature range —20to 175°C
Spectral range 7.5-14 pm
Image format 16-bit

Table 4. Specifications of the FLIR A50 infrared thermal camera.

range of -210 and 760 degrees Celsius, with an accuracy of £0.6 degrees Celsius and a resolution of 0.03 degrees
Celsius. The thermocouple was protected against solar radiation using an aluminum foil. It was connected to a
HOBO UX0100-014M data logger, which was used to measure the surface temperature of the sidewalk every min-
ute. The installation of the ground truth follows the procedure described by Martin et al.?. This study shows that
FLIR infrared thermal cameras can accurately measure the absolute surface temperature (T;) on different types of
surfaces, provided that the parameters b, r}, r,, O, and fare manually or automatically calibrated at a single point to
an RMSE below 1.7 degrees Celsius. The discrepancy between the surface temperature assessed by the camera and
that measured by the ground truth is strongly influenced by the parameters O and r,. In accordance with Martin
et al.?®, these two parameters were adjusted until the discrepancy fell below an RMSE of 1.7 degrees Celsius Fig. 2.

Data collection.  From July 26, 2024, the four Davis Vantage Vue weather stations, the FLIR A50 camera, and the
HOBO thermocouple collected weather data, microscale thermal images, and ground truth measurements, respec-
tively. As shown in Fig. 3, data collection for microscale thermal images was interrupted on the following dates: the last
week of July, the first week of August, August 25, and the second week of September. Between the last week of July and
the first week of August, interruptions were due to ongoing system configuration. Indeed, infrared thermal cameras
are complex systems that require more time to be properly configured than weather stations or contact sensors. Other
interruptions were caused by unexpected operating system updates. Ground truth measurements were stopped at the
end of the first week of September. While weather data and microscale thermal images were collected using devices
constantly connected to the Internet, an autonomous HOBO data logger collected the ground truth measurements. To
avoid data loss and resynchronize its clock, the data logger was stopped and relaunched at least once a week throughout
the data collection period.
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Fig. 2 Structure of the MORICHI dataset.
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Fig. 3 Data collection of weather conditions, microscale thermal images, and ground truth.

Weather data, microscale thermal images, and ground truth measurements were collected in the original
time zones of their respective data loggers. While this requires post-processing to align the data for analysis, it
preserves data integrity by preventing gaps or overlaps caused by time zone changes. It also prevents configura-
tion errors, such as the inversion of days and months, which is a typical problem when adapting a data collection
system from European to US standards.

Among the collected data, microscale thermal images require the most ethical consideration. When research-
ers use an infrared thermal camera to observe the outdoor built environment, pedestrians might appear in the
thermal images. To preserve pedestrians’ anonymity, the infrared thermal camera was installed far enough away
so that they could not be identified. Additionally, data managers checked all ethical issues related to the collected
data before publishing it in the 4TU.ResearchData repository*®.

Data Records

Weather data and microscale thermal images collected from July 26 to September 20, 2024, on the CMU campus
are stored in the 4TU.ResearchData repository under the title Meteorological Observations and Radiometric Images
for Cold Climate Heat Wave Investigations (MORICHI). The 4TU.ResearchData repository is hosted and managed
by TU Delft in accordance with its legal statements. It implements the Findable, Accessible, Interoperable, and
Reusable (FAIR) framework by curating, sharing, and preserving data for long-term access. Only members of
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Name Size (in megabytes) | Description
MO.zip 13 Contains weather data collected by each station
. Contains measurements of the contact sensor used to
GT.zip 0.4 . . .
validate microscale thermal images
TIR_YYYY_MM_DD.zip | 4,000-18,000 Contains microscale thermal images collected over a day

Table 5. Compressed files of the MORICHI dataset stored in the 4TU.ResearchData repository.

Instrument Format Time zone

Weather stations MM/DD/YY hh:mm [AM|PM] Pittsburgh time (GMT-5)
Infrared thermal camera | YYYY_MM_DD_hh_mm_ss_[AM|PM] | London time (GMT-0)
Contact sensor MM/DD/YY hh:mm:ss [AM|PM] New York time (GMT-4)

Table 6. Format and time zone considered by the internal clock of each instrument for data storage.

the 4TU.ResearchData Consortium can create and modify datasets in the 4TU.ResearchData repository. While
data in the 4TU.ResearchData repository is publicly available by default, access can be embargoed or restricted if
there is a reason to do this. Various open data access licenses are available, including CC0, CC BY, CC BY-SA, CC
BY-ND, CC BY-NC, CC BY-NC-SA, CC BY-NC-ND, and ODbL. The MORICHI dataset, for instance, was stored
under the CC BY 4.0 license. It means the dataset can be freely distributed, remixed, and augmented for any pur-
pose, including commercial use, with proper attribution to the creating authors and institutions.

Within the 4TU.ResearchData repository, the MORICHI dataset is accompanied by metadata that includes
a list of authors, their affiliations, funding agencies, the publisher, a brief description, data formats, categories,
keywords, geolocation, and time coverage. An MD5 checksum is generated for each file stored in the repository.
Most of the stored files are compressed folders containing either weather data or microscale thermal images.
Their sizes are shown in Table 5. Apart from compressed files, it is possible to find a list of Jupyter notebooks
explaining how to use the MORICHI dataset.

Figure 2 illustrates the structure with which the MORICHI dataset can be downloaded in a local machine or
remote server when running the script install.py. The data structure consists of two folders: the Meteorological
Observations (MO) and the Radiometric Images (RI). The MO folder includes the weather data collected by each
of the four Davis Vantage Vue weather stations and the WeatherLink Live gateway. Each file in this folder is in
Comma-Separated Values (CSV) format and specifies the station identifier, along with the start and end dates
of data collection. The other folder, RI, has several subfolders, each corresponding to a specific day on which the
infrared thermal camera captured microscale thermal images. Each subfolder contains microscale thermal image
recordings in a format readable only by the FLIR Research Studio software or the Python SDK. The names of the
recordings indicate the period during which the FLIR A50 camera captured the microscale thermal images. The
RI folder also includes a subfolder, Ground Truth (GT), where the contact surface sensor measurements are stored.
The structure and usage of the MORICHI dataset are further detailed in the accompanying README file table 6.

Weather data collected by the Davis Vantage Vue weather stations and the WeatherLink Live gateway are
stored in CSV tables consisting of 29 and 13 columns, respectively, as shown in Tables 7 and 8. The first column
indicates the date and time. Each subsequent column corresponds to the 5-minute average, minimum, or max-
imum value of a measured or assessed weather parameter, with most of these values expressed as real numbers
with one decimal place. Measured weather parameters include dry-bulb temperature (in degrees Fahrenheit),
relative humidity (in percent), wind speed (in miles per hour), wind direction (in cardinal coordinates), rain-
fall (in inches), and barometric pressure (in inches of Mercury). Assessed weather parameters mainly provide
indications of thermal sensation at the pedestrian level, where the Davis Vantage Vue weather stations were
installed. Some of them, such as dew point temperature, wet bulb temperature, and the heat index (all in degrees
Fahrenheit), are thermal sensation metrics that account for the combined influence of temperature and humid-
ity on thermal comfort. Others like wind chill (in degrees Fahrenheit) consider temperature and wind speed.
The THW index (in degrees Fahrenheit) is a comprehensive indicator that builds upon the heat index by also
incorporating wind speed to assess thermal sensation. Apart from thermal sensation, other indicators such as
heating and cooling degree days relate outdoor conditions to building energy consumption. For each measured
and assessed weather parameter, a total of 16,275 measurements were made from July 26 to September 20, 2024.
This period is reflected in the file names where the weather data are stored. Files corresponding to data collected
by weather stations are prefixed by their identifier. The file sizes are 3.26 megabytes for data created from the
weather stations and 1.70 megabytes for that collected by the WeatherLink Live gateway.

Microscale thermal images captured by the FLIR A50 camera are stored in sequence within files that are
considerably larger than those storing weather data. Each file is approximately 95 megabytes in size and contains
300 microscale thermal images. Their names are prefixed by TIR and indicate the 5-minute interval during
which microscale thermal images were captured by the FLIR A50 camera. The camera uses a semi-proprietary
format, SEQuence (SEQ), to store a sequence of 348-by-464 matrices of 16-bit integers, representing radiometric
values (ﬁij). The sequence is associated with metadata that provide information about the camera, images, cali-
bration parameters, geolocation, and timestamps. SEQ files can be read using the FLIR Research Studio or
Software Development Kit. They can be converted to other video file formats, such as MP4 or AV], using the
fidshow tool developed by FLIR.
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Label Unit Data type Description

Temp °F one-decimal real number | Average dry-bulb temperature recorded over a 5-minute period

High Temp °F one-decimal real number | Highest dry-bulb temperature recorded over a 5-minute period

Low Temp °F one-decimal real number | Lowest dry-bulb temperature recorded over a 5-minute period

Hum % one-decimal real number | Average relative humidity recorded over a 5-minute period

High Hum % one-decimal real number | Highest relative humidity recorded over a 5-minute period

Low Hum % one-decimal real number | Lowest relative humidity recorded over a 5-minute period

Dew Point °F one-decimal real number | Average dew point temperature recorded over a 5-minute period

High Dew Point °F one-decimal real number | Highest dew point temperature recorded over a 5-minute period

Low Dew Point °F one-decimal real number | Lowest dew point temperature recorded over a 5-minute period

Wet Bulb °F one-decimal real number | Average wet-bulb temperature recorded over a 5-minute period

High Wet Bulb °F one-decimal real number | Highest wet-bulb temperature recorded over a 5-minute period

Low Wet Bulb °F one-decimal real number | Lowest wet-bulb temperature recorded over a 5-minute period

Avg Wind Speed mph one-decimal real number | Average wind speed recorded over a 5-minute period

High Wind Speed mph one-decimal real number | Highest wind speed recorded over a 5-minute period

Prevailing Wind Direction | cardinal direction string Average wind direction recorded over a 5-minute period

High Wind Direction cardinal direction string Most frequent wind direction recorded over a 5-minute period

Wind Chill °F one-decimal real number | Average wind chill recorded over a 5-minute period

Low Wind Chill °F one-decimal real number | Lowest wind chill recorded over a 5-minute period

Heat Index °F one-decimal real number | Average heat index recorded over a 5-minute period

High Heat Index °F one-decimal real number | Highest heat index recorded over a 5-minute period

THW Index °F one-decimal real number | Average temperature-humidity-wind index recorded over a 5-minute period
High THW Index °F one-decimal real number | Highest temperature-humidity-wind index recorded over a 5-minute period
Low THW Index °F one-decimal real number | Lowest temperature-humidity-wind index recorded over a 5-minute period
Wind Run miles one-decimal real number | Total wind run recorded over a 5-minute period

Rain inches two-decimal real number | Total rainfall recorded over a 5-minute period

High Rain Rate inches per hour two-decimal real number | Highest rainfall rate recorded over a 5-minute period

Cooling Degree Days - three-decimal real number | Total cooling degree days recorded over a 5-minute period

Heating Degree Days - three-decimal real number | Total heating degree days recorded over a 5-minute period

Table 7. Specification of weather parameters stored in CSV files created from measurements of the four Davis
Vantage Vue weather stations.

Label Unit Data type Description

Inside Temp °F one-decimal real number | Average inside dry-bulb temperature recorded over a 5-minute period
High Inside Temp °F one-decimal real number | Highest inside dry-bulb temperature recorded over a 5-minute period
Low Inside Temp °F one-decimal real number | Lowest inside dry-bulb temperature recorded over a 5-minute period
Inside Hum % one-decimal real number | Average inside relative humidity recorded over a 5-minute period
High Inside Hum % one-decimal real number | Highest inside relative humidity recorded over a 5-minute period
Low Inside Hum % one-decimal real number | Lowest inside relative humidity recorded over a 5-minute period
Inside Dew Point °F one-decimal real number | Average inside dew point temperature recorded over a 5-minute period
Inside Heat Index °F one-decimal real number | Average inside heat index recorded over a 5-minute period

Barometer inches Hg | three-decimal real number | Average inside barometric pressure recorded over a 5-minute period
High Bar inches Hg | three-decimal real number | Highest inside barometric pressure recorded over a 5-minute period
Low Bar inches Hg | three-decimal real number | Average inside barometric pressure recorded over a 5-minute period
Absolute Pressure inches Hg | three-decimal real number | Average inside absolute pressure recorded over a 5-minute period

Table 8. Specification of parameters stored in CSV files created from measurements of the WeatherLink Live
gateway.

The date of collected data appears in two locations: in the first column for weather data and ground truth
measurements, and in the filenames for microscale thermal images. The first column for weather data and
ground truth measurements includes both the date and time. In contrast, the filenames for microscale ther-
mal images contain only the date. A Python module called irim was developed to extract the date and time of
each microscale thermal image captured by the FLIR A50 camera. As described in Table 6, the date and time
of weather data, microscale thermal images, and ground truth measurements are expressed with a different
format and time zone. As for the time zone, it was preferred to keep the original format that the device used to
timestamp the collected data. This prevents errors related to misconfiguration. Python libraries used for data
analytics, such as Pandas, facilitate timestamp standardization.
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Fig. 4 Overview of the MORICHI dataset, including the outdoor conditions (a), static elements that can be
monitored from microscale thermal images (b), and dynamic elements that can be detected from microscale
thermal image (c).

Data Overview

Figure 4 illustrates the outdoor conditions from the weather data and the static/dynamic elements of the built
environment observed in the microscale thermal images. This overview indicates various analyses that can be
performed using the MORICHI dataset:

« Firstly, it demonstrates that outdoor thermal comfort can be monitored during an extreme heat event in a
hot-summer humid continental climate. Based on outdoor air temperature measurements, an extreme heat
event was recorded between August 26 and September 1, 2024. During this extreme heat event, air tempera-
ture, relative humidity, and wind speed were measured within a street canyon (i.e., weather stations 3 and 4)
and on top of a garden (i.e., weather stations 1 and 2). This means the MORICHI dataset can potentially be
used to study the ability of greenery to improve outdoor thermal comfort during an extreme heat event, a key
factor in building more heat-resilient urban spaces.

Secondly, it proves that contributors to and mitigators of urban overheating can be tracked during the extreme
heat event. Potential contributors include a road, a sidewalk, two building walls, and one rooftop chiller. Trees
and grass are the potential mitigators captured by microscale thermal images during the extreme heat event.
As highlighted by Martin et al.?%, one can assess the heat fluxes of contributors and mitigators using both their
surface temperatures from microscale thermal images and the outdoor conditions from weather stations.
Urban heat fluxes are relevant information for the scientific community to understand the causes of urban
overheating and potential strategies to minimize its magnitude, particularly during an extreme heat event.

o Thirdly, it shows that dynamic elements such as pedestrians and traffic can be detected from microscale ther-
mal images. These elements, mainly traffic, are sources of anthropogenic heat, which can further contribute
to urban overheating. However, this is not the most important aspect that can be studied using pedestrian
and traffic detection. It can be used to analyze how urban overheating during an extreme heat event impacts
human behavior. This analysis could result in valuable guidance to authorities on how to protect the popula-
tion from extreme heat in cities with a hot-summer humid continental climate.

These examples are three of the many possible analyses that can be performed using the MORICHI dataset.

Technical Validation

Image noise. By default, microscale thermal images are matrices of size M X N consisting of radiometric
values U il captured by the infrared thermal camera at time ¢, = t, + n - At. Noise can then affect their quality
both spatlally and temporally. The spatial influence of noise on ‘microscale thermal i images can be assessed using
the method developed by Donoho and Johnstone®. This method computes the standard deviation o over U,
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Fig. 5 Fraction of the noise contained in microscale thermal images collected both during the day and at night,
and both during and outside of an extreme heat event.

under the assumption that noise is normally distributed. To compare its significance at different moments during
data collection, o, was normalized with respect to the mean of radiometric values (U):

FIN = 100 x (oy,/0) 3)

where FIN is the magnitude of noise contained in a microscale thermal image expressed as a percentage of the
mean radiometric value (U). Its magnitude was calculated for microscale thermal images collected both during
the day and at night, and both during and outside of an extreme heat event.

Figure 5 shows the results from the spatial analysis of noise in microscale thermal images collected between
July 26 and September 20, 2024. The magnitude of the noise was consistently less than 0.1% of the mean radi-
ometric value, regardless of when the microscale thermal images were collected. This outcome dispels two
concerns regarding the spatial quality of microscale thermal images. One concern was the high ambient tem-
peratures during the extreme heat event, which sometimes reached 35 degrees Celsius. According to the speci-
fications of the FLIR A50 infrared thermal camera, an accuracy of £2 degrees Celsius is guaranteed within an
ambient temperature range of 15 to 35 degrees Celsius. The other concern, reported by Martin ef al.%%, was the
potential for this accuracy to degrade at night. While slight variations in noise magnitude are observed during
the extreme heat event and at night, these do not constitute major inaccuracies in radiometric values collected
by the infrared thermal camera.

Temporal stability. An Allan deviation analysis was performed to assess the temporal influence of noise and
short-term drift on both microscale thermal images and weather data. To accomplish this, three variables-air
temperature, relative humidity, and wind speed-were each extracted from the weather data as a separate time
series (Xremp[n], Xppumln], and Xyyg[n]). The temporal influence of noise and short-term drift on microscale ther-
mal images was calculated using the time series of radiometric values X, ,[n] = U, . [n], collected at the
ground truth position (igr, jer). To perform the Allan deviation analysis, Xr,,[1], X| Hum[nT,T Xyslnl, and Xp,4n]
were first decomposed into a trend T[n], a seasonal component S[n], and residuals €[#], such that
X[n] = T[n] + S[n] + e[n]. As the collection period was shorter than two months, the long-term drift was con-
sidered to have a negligible impact on the weather data and microscale thermal images. Therefore, the trend and
seasonal components, T[n] + S[n], can be assumed to contain only the natural or expected variations in the data,
such as air temperature, relative humidity, wind speed, and radiometric values. To determine the influence of
noise and short-term drift on both microscale thermal images and weather data, the Allan deviation o(7) was
then calculated from the residuals e[n] over various averaging times 7. The magnitude of o(7) was normalized by
the mean of each time series to compare the temporal stability between the weather data and the microscale ther-
mal images:

1N
FAD = o(7)& #x00f7; — > X|[n]
/ NV; 4)

where FAD is the fractional Allan deviation.
The temporal stability of weather data and microscale thermal images, as assessed by the Allan deviation
analysis, is shown in Fig. 6. Three main observations can be made:

« The stability of the weather data is consistent across all stations. A small difference exists between the wind
speed collected by weather station 1 and that collected by the other stations.
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Fig. 6 Fraction Allan deviation calculated on residuals of weather data and microscale thermal images at the
ground truth location. The gray region corresponds to the range of averaging time from 10 minutes to 12 hours,
which is expected to be more dominated by the noise than the short-term drift.

« Wind speed is the most unstable of the weather variables measured. Indeed, measuring wind speed at 2
meters is more challenging compared to measuring air temperature and relative humidity. More advanced
wind sensors, such as ultrasonic sensors, provide more stable measurements of low wind speeds than 3-cup
anemometers do. However, these kinds of sophisticated sensors can hardly be incorporated into an all-in-one
weather station.

o Microscale thermal images appear to have a temporal stability equivalent to that of air temperature data.
This result implies that a proper analysis of factors contributing to and mitigating urban overheating can be
performed using weather data and microscale thermal images; this capability is one of the main motivations
for the MORICHI dataset.

Opverall, both weather data and microscale thermal images seem to be temporally stable enough for analysis.

Calibration of the surface temperature. The purpose of calibrating the surface temperature assessed
from microscale thermal images (T¢ ) is to minimize the discrepancy with ground truth measurements (T<7).
The discrepancy was estimated using the Root Mean Square Error (RMSE) and the Mean Bias Error (MBE), that
is:

B N S
RMSE = NE(TS (n] — Tg" [n]) 5)

1 Xk GT
MBE = —% (T "[n] — Tg" [n])

N n=1 (6)
where t, = t, + n - At corresponds to timestamps at which the surface temperature was measured by the contact
surface sensor and assessed by microscale thermal images, and N the total number of timestamps.
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Fig. 7 Discrepancy between the surface temperature measured by the contact surface sensor (black) and this
assessed from thermal images captured by the infrared camera (red).

Figure 7 shows the discrepancy between TS" and T2'® after calibration. The sidewalks where the contact

sensor was placed are assumed to have an emissivity of 0.90, consistent with the value for concrete surfaces
defined by Mandanici et al.*’. Using Google Earth, the distance between the infrared thermal camera and the
contact sensor was determined to be 115 meters. The outdoor temperature and humidity recorded by Weather
Station 4 were used to calculate the air transmissivity between the infrared thermal camera and the contact sen-
sor. After manually adjusting parameters b, f, O, r,, and r,, it was possible to achieve a RMSE of 1.66 degrees
Celsius and a MBE of -0.42 degrees Celsius. This discrepancy was achieved under the following values:

b =1396.6, f = 1.0, O = — 1500.0, r, = 14911.1846, and r, = 0.0121 7)

Using these values for parameters b, f, O, r}, and r,, the discrepancy between the surface temperature from
microscale thermal images and the ground truth at other positions is then expected to be similar to or lower
than the RMSE of 1.7 degrees Celsius. As also observed by Martin ef al.?, the surface temperature derived from
microscale thermal images is typically underestimated compared to the ground truth, particularly at night.
Although the exact magnitude of the surface temperature may not be perfectly determined from microscale
thermal images, their daily variation appears to be accurately captured over the measurement period.

Usage Notes

A detailed description on how to use the MORICHI dataset is accessible at https://github.com/tudelft3d/
MORICHL. This public repository also contains a Python script, install.py, for installing the MORICHI dataset
as illustrated in Figure 2. After installing the MORICHI dataset on a local computer or remote server, users can
learn how to extract and process weather data and microscale thermal images with the provided Jupyter note-
books, such as Extract_weather_data_using_python.ipynb and Analyze_thermal_images_using_python.
ipynb.

Data availability

The MORICHI dataset is available on the 4TU.ResearchData (https://data.4tu.nl), where it can be found by
searching for “MORICHI". In this repository, the MORICHI dataset consists of a sequence of compressed files
containing weather data and microscale thermal images.

Code availability

A Python module, irim, has been developed as part of the sciencespy library to facilitate the extraction and
processing of microscale thermal images in the MORICHI dataset. The sciencespy Python library is publicly
available under the GNU GPL license. It can be installed using the PIP package installer as:
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