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Abstract
Urban heat has emerged as a significant environmental and public health concern in rapidly urbanizing
regions, driven by the combined effects of land-use transformation and global climate change. This
study investigates the long-term spatiotemporal dynamics of urban heat in Chicago, Illinois, over a 31-
year span (1992–2023) using multitemporal Landsat imagery. The approach involved developing and
integrating land surface temperature (LST), the vegetation index (NDVI), and the built-up area index
(NDBI) to assess the evolution of urban thermal patterns and identify key drivers of observed changes.
The findings reveal persistent spatial disparities in Chicago’s LST landscape, underscoring important
environmental justice issues and the need for targeted interventions. Temporally, mid-summer LST
values are consistently higher than late-summer values, with significant interannual variability during
extreme heat years. Despite increases in vegetation cover and reductions in built-up intensity, LST has
increased across Chicago, suggesting that rising ambient air temperatures are attributable to broader
climatic shifts, which may contribute to the escalation of urban heat. Consequently, effective UHI
mitigation strategies for Chicago may require coordinated, integrated, and multi-scalar approaches to
foster a thermally sustainable urban environment.

1. Introduction
Urban heat has become a major environmental and public health concern worldwide, particularly in
rapidly urbanizing cities where land-use changes and climate change interact to intensify thermal
conditions (IPCC, 2021; Li et al., 2019). The Urban Heat Island (UHI) effect, in which urban areas
experience significantly higher temperatures than surrounding rural regions, is primarily driven by the
expansion of impervious surfaces, reduced vegetation, and increased anthropogenic heat emissions
(Aghazadeh et al., 2025; Li et al., 2019; Morabito et al., 2021; Zhou et al., 2014). These transformations
increase heat absorption and storage while limiting natural cooling processes such as
evapotranspiration, resulting in elevated land surface temperatures (LST) and intensified urban heat
(Weng et al., 2009; Zhou et al., 2014; Ziter et al., 2019). In addition, urban design characteristics such as
dense building configurations and street canyon effects restrict airflow and amplify heat retention, while
meteorological and geographic factors, including wind patterns, cloud cover, and proximity to water
bodies, further influence the spatial variability and intensity of urban heat (Lokoshchenko & Alekseeva,
2023; Santamouris, 2015). Anthropogenic heat emissions from transportation, industrial activities, and
energy consumption further intensify urban thermal environments (Sailor, 2011; Shahmohamadi et al.,
2011).

The effects of intensified urban heat are substantial and multifaceted. Environmentally, elevated
temperatures disrupt thermal comfort, degrade air quality, and alter local microclimates (Grimmond &
Oke, 1999; IPCC, 2021; Pawlowski et al., 2026). They also increase emissions of greenhouse gases and
aerosols, establishing feedback mechanisms that further intensify climate change. From a public health
perspective, extreme heat events are associated with higher mortality, heat stress, related illnesses, and
heightened vulnerability among older adults and low-income populations (Anderson & Bell, 2010; Ebi et
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al., 2021; Pawlowski, 2025). Socioeconomically, urban heat contributes to higher energy consumption
and healthcare costs, strained infrastructure, and reduced worker productivity (Estrada et al., 2017; Im et
al., 2017; Perkins-Kirkpatrick & Gibson, 2017).

Recent studies emphasize that the urban heat island (UHI) effect also raises environmental justice
concerns, as marginalized communities often face disproportionately higher heat exposure and
associated hazards due to unequal access to green spaces and cooling infrastructure (Hoffman et al.,
2020; Tan et al., 2023). High-resolution urban temperature studies in Chicago further demonstrate that
these inequalities are spatially embedded, showing that ethnic minority and low-income communities
experience significantly higher land surface temperatures than predominantly White neighborhoods. This
pattern highlights the intersection of urban heat, gentrification, and environmental inequality (Alfraihat et
al., 2016; Sampson et al., 2013; Lee et al., 2024). Other studies have examined the relationship between
urban heat dynamics and land-surface characteristics in Chicago (Li et al., 2019; Weng et al., 2009; Zhou
et al., 2014). Despite the city’s expanding implementation of mitigation strategies such as urban
greening, reflective surfaces, and enhanced urban planning (Chun & Guldmann, 2018; Fadhil et al., 2023;
Tan et al., 2023), recent evidence indicates that the intensity of urban heat continues to increase steadily
(Chen et al., 2023; Zhou et al., 2017).

Chicago’s pivotal case for analyzing UHI dynamics stems from the 1995 Chicago Heat Wave, which
exposed significant environmental and social vulnerabilities across the city (Semenza et al., 1999;
Klinenberg, 2002; Wuebbles et al., 2021). Recent climate assessments indicate that the region has
warmed over the past century, with more frequent extreme heat events, and projections point to
continued warming and heightened heat risks (IPCC, 2021; Wuebbles et al., 2021; Janků et al., 2024).
With an estimated population of 2.72 million, Chicago is the third-largest city in the United States and the
largest in the Midwest (U.S. Census Bureau, 2023), underscoring the need for further inquiry. Nearly 17%
of Chicago’s urban region is covered by vegetation, including ground cover and tree canopy, while paved
surfaces account for 31% and buildings make up approximately 27% of the urban landscape (Friehat et
al., 2015; Smith et al., 2026; U.S. Environmental Protection Agency, 2002). Chicago’s continental climate,
with particularly hot summers, means that peak temperatures in July and August often exceed 35°C,
underscoring the need to examine urban heat in the city. Previous studies are often limited to short-term
analyses or specific time periods and provide inconclusive assessments of long-term spatiotemporal
trends and the combined influence of land-cover change and broader climatic variability over multiple
decades.

Therefore, this study analyzes long-term trends in land surface temperature (LST) in Chicago from 1992
to 2023 and evaluates how urban heat patterns have changed over time. Additionally, the study explores
the relationship between observed temperature fluctuations and broader climatic and environmental
conditions and identifies areas within the city that are persistently prone to heat accumulation. A multi-
temporal remote sensing and GIS-based analytical framework is employed to provide consistent,
spatially explicit observations of urban thermal conditions. By integrating vegetation, built-up, and
thermal indices with observed air temperature data, the study provides a comprehensive assessment of
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urban heat dynamics and their drivers. This approach has been used in several studies for land surface
temperature inversion and subsequent investigations of the urban heat island (e.g., Zhou et al., 2017;
Lokoshchenko & Alekseeva, 2023; Lee et al., 2024).

2. Materials and Methods

2.1. Research data source, Acquisition, and Pre-processing
For over four decades, the Landsat satellite series has provided the most extensive continuous record of
space-based observations of Earth's surface. Data from these satellites have been widely used for
mapping and monitoring land cover and for evaluating biophysical and geophysical surface properties
(e.g., Habila, 2018; Boakye, 2019; Mengisti et al., 2021). These data have also been applied to terrestrial
modeling, biogeochemical cycles, and land-use forecasting (Lewis et al., 2012; McKenzie, 2022;
McKenzie & Gala, 2023). For this study, data from the Landsat 5 Thematic Mapper (TM), Landsat 7
Enhanced Thematic Mapper Plus (ETM+), and Landsat 8 Operational Land Imager (OLI) combined with
the Thermal Infrared Sensor (TIRS) were acquired via the USGS Earth Explorer platform. These sensors
record data across visible, near-infrared, shortwave infrared, and thermal infrared spectral bands, with a
spatial resolution of 30 meters for multispectral data and 60–100 meters for thermal bands. The thermal
infrared bands are particularly important for estimating land surface temperature (LST), while the
multispectral bands facilitate the computation of vegetation indices (e.g., NDVI) and built-up indices
(e.g., NDBI). The historical Landsat archive is used to analyze long-term trends in land surface
temperature (LST) and its drivers in Chicago. Table 1 presents the specifications of the multitemporal
satellite data used in this study.
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Table 1
Specification of Multitemporal Landsat data

Date Acquisition
Time (Local)

Sensor Path/Row Spectral
Resolution

Cloud
Cover
(%)

Season

09-10-
1992

15:57:02–
15:57:29

Landsat 5
TM

023/031 7 bands 0 Late
Summer

07-01-
1995

15:40:20–
15:40:47

Landsat 5
TM

023/031 7 bands 1 Mid-
Summer

08-29-
2005

16:22:58–
16:23:25

Landsat 5
TM

023/031 7 bands 1 Late
Summer

07-15-
2006

16:27:55–
16:28:22

Landsat 5
TM

023/031 7 bands 0 Mid-
Summer

07-21-
2014

16:34:42–
16:35:14

Landsat 8
OLI/TIRS

023/031 11 bands 0.52 Mid-
Summer

09-23-
2014

16:34:55–
16:35:26

Landsat 8
OLI/TIRS

023/031 11 bands 0.04 Late
Summer

07-14-
2023

16:34:32–
16:35:04

Landsat 8
OLI/TIRS

023/031 11 bands 3.09 Mid-
Summer

08-31-
2023

16:34:49–
16:35:21

Landsat 8
OLI/TIRS

023/031 11 bands 0.16 Late
Summer

To analyze seasonal variability in the urban heat phenomenon, images were carefully selected for the
mid-summer and late-summer periods. Mid-summer imagery comprised data from 1995, 2006, 2014,
and 2023, whereas late-summer imagery included data from 1992, 2005, 2014, and 2023. For quality
assurance, only images with less than 5% cloud cover were used. All Landsat images underwent
preprocessing in ArcGIS Pro, including atmospheric correction, reprojection, and georectification. Hourly
air temperature data were obtained from the Midway Airport station via Weather Underground. Only
measurements taken within ± 2 hours of the Landsat overpass were considered and averaged over that
period. These ambient air temperature data were used to validate the relationship between land surface
temperature derived from Landsat imagery and atmospheric temperature records. Table 2 presents the
specifications of the ambient atmospheric temperature data used in this study.
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Table 2
Specification of ambient atmospheric temperature at the time of satellite overpass

Date Station Landsat Overpass
Time

Air Temperature Window
Used

Variable

09-10-
1992

Midway
Airport

15:57:02–15:57:29 2:00 pm – 6:00 pm Air Temp
(°C)

07-01-
1995

Midway
Airport

15:40:20–15:40:47 2:00 pm – 6:00 pm Air Temp
(°C)

08-29-
2005

Midway
Airport

16:22:58–16:23:25 2:00 pm – 6:00 pm Air Temp
(°C)

07-15-
2006

Midway
Airport

16:27:55–16:28:22 2:00 pm – 6:00 pm Air Temp
(°C)

07-21-
2014

Midway
Airport

16:34:42–16:35:14 2:00 pm – 6:00 pm Air Temp
(°C)

09-23-
2014

Midway
Airport

16:34:55–16:35:26 2:00 pm – 6:00 pm Air Temp
(°C)

07-14-
2023

Midway
Airport

16:34:32–16:35:04 2:00 pm – 6:00 pm Air Temp
(°C)

08-31-
2023

Midway
Airport

16:34:49–16:35:21 2:00 pm – 6:00 pm Air Temp
(°C)

2.2. Calculation Indices

2.2.1. Normalized Difference Vegetation Index
The Normalized Difference Vegetation Index (NDVI) is a metric used in remote sensing to assess
vegetation health and canopy cover across the landscape. This index utilizes the differential reflectance
properties of the near-infrared (NIR) and red spectral bands in satellite imagery as they interact with
vegetated land surfaces. Table 3 summarizes the spectral characteristics of the bands involved.

 
Table 3

Landsat spectral bands used for NDVI calculation
Landsat Sensor NIR Band Red Band Wavelength Range (nm)

Landsat 5 TM Band 4 Band 3 NIR: 760–900; Red: 630–690

Landsat 7 ETM+ Band 4 Band 3 NIR: 770–900; Red: 630–690

Landsat 8 OLI Band 5 Band 4 NIR: 850–880; Red: 630–680

NDVI is given by:

NDVI=  (Eq. 1)NIR−RED

NIR+RED
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where NIR and RED represent the reflectance values of the near-infrared and red bands, respectively.
NDVI ranges from − 1 to + 1. Negative NDVI values typically correspond to water, snow, or cloud cover.
Bare soil or rock surfaces yield values near 0. Positive NDVI values are associated with vegetation, with
higher values indicating denser, healthier vegetation cover.

2.2.2. Normalized Difference Built-up Index
The Normalized Difference Built-up Index (NDBI) is a remote sensing metric used to delineate urban
built-up regions, including all anthropogenic structures such as residential, industrial, and commercial
developments. This metric utilizes the reflectance properties of constructed surfaces in urban areas in
the shortwave infrared (SWIR) relative to the near-infrared (NIR). Table 4 summarizes the spectral
characteristics of these bands.

 
Table 4

Landsat spectral bands used for NDBI calculation
Landsat Sensor SWIR Band NIR Band Wavelength Range (µm)

Landsat 5 TM Band 5 Band 4 SWIR: 1.55–1.75; NIR: 0.76–0.90

Landsat 7 ETM+ Band 5 Band 4 SWIR: 1.55–1.75; NIR: 0.77–0.90

Landsat 8 OLI Band 6 Band 5 SWIR: 1.57–1.65; NIR: 0.85–0.88

NDBI is given by

NDBI =  (Eq. 2)

where SWIR and NIR denote reflectance in the shortwave infrared and near-infrared bands, respectively.
NDBI values range from − 1 to + 1. Positive NDBI values (> 0) are typically associated with urban built-up
areas, whereas negative values (< 0) are associated with non-built urban features such as vegetation,
water bodies, or bare soil.

2.3. Land Surface Temperature Inversion
Land Surface Temperature (LST) inversion is the methodology for deriving surface temperature from
satellite sensor radiance data. This process involves three principal stages: (i) the conversion of digital
numbers (DN) to spectral radiance, (ii) the transformation of radiance into brightness temperature, and
(iii) the correction for land surface emissivity to precisely estimate surface temperature.

The first step converts the DN values to spectral radiance using the radiometric rescaling factors
provided in the metadata file (MTL):

Lλ=ML×Qcal+AL

SWIR−NIR

SWIR+NIR
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where Lλ is the spectral radiance (W/(m²·sr·µm)), ML and AL are the band-specific multiplicative and
additive rescaling factors, and Qcal is the DN value.

Brightness temperature (BT) was then calculated using the thermal constants K1 and K2 (specific to

each Landsat sensor):

where BT is the at-satellite brightness temperature in °C.

Finally, LST was estimated by applying emissivity correction using the NDVI-based approach:

where λ is the wavelength of emitted radiance (11.5 µm for Landsat TIR), ρ = h × c/σ (with h as Planck’s
constant, c as the speed of light, and σ as the Boltzmann constant), and ε is the land surface emissivity
derived from NDVI thresholds. Table 5 summarizes the spectral characteristics of the thermal bands
used for LST retrieval.

 
Table 5

Landsat thermal bands used for LST retrieval
Landsat Sensor Thermal Band(s) Wavelength Range (µm)

Landsat 5 TM Band 6 10.40–12.50

Landsat 7 ETM+ Band 6 (6L, 6H) 10.40–12.50

Landsat 8 OLI/TIRS Band 10, Band 11 10.60–11.19; 11.50–12.51

2.3.1. LST Trend Analysis
Trend analysis of Land Surface Temperature (LST) was conducted using multitemporal remote sensing
imagery covering the period from 1992 to 2023. LST values were obtained for both mid-summer and
late-summer. To eliminate variability in LST caused by seasonal fluctuations, standardized LST values
were used for trend analysis. Comparable transformations were also applied to NDVI and NDBI values to
facilitate comparison of trends over 31 years (three decades) regarding urban greening and green
infrastructure development initiatives within the city. The standardization of LST values was performed
using a Z-score transformation, as outlined below.

BT = − 273 ⋅ 15
k2

ln( + 1)
k1

Lλ

LST =
BT

1 + ( ) lnϵ
λ xBT

ρ

Z =
X − μ

σ

Page 8/24



where X is the observed value, µ is the mean, and σ is the standard deviation.

An analysis of trends in Land Surface Temperature (LST), Normalized Difference Vegetation Index
(NDVI), and Normalized Difference Built-up Index (NDBI) was conducted using simple linear regression,
with the fitted regression line. This regression line quantifies the direction, magnitude, and significance
of temporal changes in LST, NDVI, and NDBI. The Beta coefficient (β₁), or slope, indicates whether the
trends of these variables are increasing or decreasing. A positive β₁ denotes an increasing trend over
time, whereas a negative β₁ indicates a decreasing trend. Larger absolute values of β₁ correspond to a
greater rate of change. The coefficient of determination (R²) reflects the strength of the trend and the
explanatory power of the variable 'time,' while p-values assess the reliability and statistical significance
of this trend. The model's optimal-fit line is typically represented as:

Y = β0 + β1X + ε
Where β0 is the standardized values of LST, NDVI, and NDBI in the reference starting year 1992; β₁
represents the rate of change (trend slope) of standard LST, NDVI, and NDBI values, while ε denotes the
error term.

2.4. Validating the Accuracy of LST Retrieval
The accuracy of the Land Surface Temperature (LST) inversion results was initially evaluated using
theoretically established relationships with NDVI and NDBI. According to the theory, LST values are
positively correlated with NDBI and negatively correlated with NDVI. A similar methodology has been
employed in previous studies (e.g., Alfraihat et al., 2016; Estoque et al., 2017; Zhou et al., 2014).
Consequently, the ArcGIS Pro random point generator was used to generate fifty points within the
municipal boundaries. The multi-point extraction algorithm was used to extract LST, NDVI, and NDBI
values at each randomly selected location. Lastly, scatter plots and Pearson correlation analysis were
conducted to validate the relationships among the extracted values of LST, NDVI, and NDBI, using
metrics such as the correlation coefficient (r) and the sign of the Beta coefficient (β₁), or slope.

Second, the accuracy of the Land Surface Temperature (LST) inversion result is evaluated using in situ
air temperature measurements. Research has demonstrated that satellite-derived land surface
temperature and near-surface air temperature are highly correlated (e.g., Ermida et al., 2020; Li et al.,
2013). Furthermore, LST and air temperature, often regarded as proxies for land-use and land-cover skin
temperature, are distinct parameters, with ambient air temperature typically cooler during the day and
warmer at night (Ermida et al., 2020). The validation of LST inversion accuracy was performed based on
these well-established, strong, and distinct relationships.

3. Results

3.1. Spatiotemporal Dynamics of Land Surface
Temperature in Chicago (1992–2023)

Page 9/24



Figure 1 presents the spatiotemporal distribution of land surface temperature (LST) in Chicago over the
study period (1992–2023), revealing consistent intra-urban temperature variability across years.
Accordingly, LST values are spatially dynamic, with the northwestern, northern, western, and
southwestern parts of the city exhibiting higher values than the far northern and far southern sides. The
LST values in the far southwestern, southern, and central parts of the city were somewhere in between.
These spatial dynamics are consistent over the years and throughout the summer, and this pattern is
examined.

Mid-summer LST values for Chicago range from a minimum of 20.43°C in 1995 to a maximum of
51.35°C in 2006. Meanwhile, the late-summer LST values ranged from a minimum of 16.68°C in 1992 to
a maximum of 47.82°C in 2005. In general, the average mid-summer LST values were 32.22 ± 3.87°C in
1995, 41.52 ± 4.24°C in 2006, 29.48 ± 2.37°C in 2014, and 38.47 ± 3.68°C in 2023, indicating year-to-year
variability. Similarly, the average late-summer LST values were 24.27 ± 2.49°C in 1992, 39.17 ± 3.72°C in
2005, 28.6 ± 2.55°C in 2014, and 32.98 ± 3.05°C in 2023, again highlighting annual fluctuations.

The average LST in mid-summer (mid-July to early August) is higher than in late summer (late August
and September), as expected. The average summer LST was 35.42 ± 3.54°C, compared with late-
summer values of 31.25 ± 2.95°C. LST showed greater variability in late summer, as indicated by the
standard deviation, than in mid-summer. The most variable LST values across years occurred in 2006
(SD = 4.24°C) and 2023 (SD = 3.68°C), which also correspond to the hottest surface temperature years.
Similarly, the most variable late-summer LST values across years were in 2005 (SD = 4.24°C) and 2023
(SD = 3.68°C), again coinciding with years of hotter late-summer surface temperatures.

3.2. The LST Trend analysis and controls
Figure 2 shows trends in LST, NDBI, and NDVI for Chicago over more than three decades, derived from
multitemporal Landsat imagery. It also shows trends in air temperature (°C) for Chicago, as recorded by
the Midway Airport station during the satellite's overpass. Accordingly, even if the year-to-year anomalies
of the LST values were observed in Fig. 1, there is a consistent trend in the direction of LST value
changes. The city’s LST showed an increasing trend over time at a rate of β = 0.03. However, this
increasing trend in LST values over time is not consistent with the city’s land-use and land-cover changes
(Fig. 2). According to Fig. 2, during the same period, the city’s NDBI (i.e., built-up areas) values showed a
decreasing trend, while the NDVI (i.e., urban greening) values showed an increasing trend over the three
decades. The NDBI values decreased at a rate of β = 0.015, while the NDVI values increased at a rate of
β = 0.03, perhaps reflecting the city’s urban greening efforts, which include transforming vacant lots,
implementing green alleys, and installing green roofs.

Given the directional trends toward decreasing built-up areas and increasing urban greening (UHI
mitigation strategies), LST values are expected to decrease. Instead, the observed increase in LST over
time, despite increases in NDVI and decreases in NDBI, suggests a dominant confounding factor, as
evidenced by air temperature values (Fig. 2). During the same period, Chicago’s air temperature
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increased at a rate (β = 0.04) comparable to that of NDVI (β = 0.04), suggesting a possible driver of the
directional LST increase despite the city’s mitigation efforts.

3.3. Verifying the Accuracy of LST Retrieval

3.3.1. The LST, NDVI, and NDBI Relationships with
Multitemporal Landsat Imagery
Figure 3 illustrates the relationships among LST, NDVI, and NDBI using multitemporal Landsat imagery
from mid- and late summer. The results show that NDVI and NDBI exhibit a strong negative correlation
(i.e., R2 = 0.65–0.86), indicating that as built-up areas increase in the city, greenness decreases. These
NDVI-NDBI relationships remained consistent across years (1995, 2006, 2014, 2023) at the time of
analysis. Similarly, the relationship between LST and NDVI was negative, suggesting that increases in the
city’s urban greening are associated with decreases in LST values. Although the LST-NDVI relationships
were weaker (R2 = 0.04–0.18), they remained consistent across years, regardless of the summer season.

Conversely, the relationship between LST and NDBI was positive, indicating that increases in citywide
built-up areas are associated with higher LST values. However, the LST-NDBI relationship was weaker
(R2 = 0.08–0.28). The direction of the relationship between LST and NDBI, as verified in this study, aligns
with established theoretical relationships. Similarly, the inverse relationships between LST and NDVI, and
between NDVI and NDBI, support the known theoretical relationships among these variables.
Nonetheless, the stronger association between LST and NDBI compared to LST and NDVI may serve as a
reminder that thoughtful urban design is a more effective solution to the UHI phenomenon than
mitigation strategies implemented later through urban greening.

3.3.2. Correlation Between Ambient Air Temperature and
Land Surface Temperature
Figure 4 shows the relationship between LST values from multitemporal Landsat images (1992–2023)
and ambient air temperature recorded at an in-situ station during satellite overpasses in mid- and late-
summer. The LST values consistently tracked the in situ atmospheric temperature during both periods. In
mid-summer, the citywide average LST was about 37°C in 1992 and increased to nearly 51°C by 2006.
The LST then decreased to 33°C in 2014 before rising again to around 43°C in 2023. Meanwhile, the
ambient air temperature ranged from roughly 23°C in 1992 to 34°C in 2006, dipped to 29°C in 2014, and
was about 31°C in 2023, closely following the LST trends. The dynamics of late summer were similar.
The citywide average late-summer LST started at 29°C in 1995, then increased to 48°C in 2005. It was
23°C in 2014 and 38°C in 2023. During the same period, the ambient air temperature was 19°C, 28°C,
23°C, and 24°C in 1995, 2005, 2014, and 2023, respectively, again closely following the LST trends.

During both summer periods, LST values were consistently higher than the ambient air temperature
across all observed years. On average, mid-summer LSTs were about 12°C higher than the ambient air
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temperature, while late-summer LSTs exceeded it by approximately 13°C. The higher LST readings
compared to air temperature support established theories of how the land surface and atmosphere
interact with incoming solar radiation. While the atmosphere is often transparent to shortwave solar
radiation, Earth's surface absorbs it. This absorbed radiation is converted into thermal (heat) radiation
and is emitted into the surrounding air through conduction and convection. Therefore, since the land
surface primarily influences air temperature, the pattern shown in Fig. 4 confirms this relationship,
substantiating the accuracy of the computed land surface temperature inversions.

4. Discussion

4.1. Urban Heat Patterns and Land-Cover Relationships in
Chicago
Over the past 30 years, land surface temperatures (LST) in Chicago have shown consistent
spatiotemporal variation. Spatially, LST varies across the city, with the northwestern, northern, western,
and southwestern sides experiencing higher temperatures than the far northern and far southern sides.
Temporally, mid-summer LST values are generally higher than late-summer temperatures, with
substantial year-to-year variability. The hottest and most variable surface temperature years occurred in
the mid-2000s and again in 2023, indicating episodic periods of intensified urban heat. Previous studies
have demonstrated that urban heat patterns typically exhibit strong spatiotemporal variation influenced
by land-cover composition, urban morphology, and surface characteristics (Li et al., 2019; Zhao et al.,
2014). Densely built environments with limited vegetation often experience higher surface temperatures,
whereas areas with greater vegetation cover or open spaces tend to remain relatively cooler (Peng et al.,
2012; Tan et al., 2023; Zhou et al., 2014). Similar spatial patterns of urban heat have also been reported
in several metropolitan regions, where variations in urban structure and land cover significantly influence
surface temperature distribution. In Chicago specifically, previous research has documented extreme
heat events and their impacts on urban populations, including the severe 1995 heat wave, which
highlighted the city’s vulnerability to extreme temperatures (IPCC, 2021; Klinenberg, 2002). While many
previous studies focused on short-term observations or specific extreme events, this study provides a
long-term perspective by analyzing more than three decades of multitemporal Landsat observations
from 1992 to 2023. This extended temporal analysis allows for a clearer understanding of both long-
term trends and episodic variations in Chicago’s urban thermal environment.

Over the past three decades (1992–2023), multitemporal Landsat observations show that Chicago’s land
surface temperature (LST) has steadily increased, despite year-to-year variability. During the same
period, the built-up area index (NDBI) declined while the urban vegetation index (NDVI) increased,
reflecting urban greening initiatives such as green roofs, green alleys, and the conversion of vacant lots.
The continued rise in LST, despite these mitigation efforts, appears largely driven by rising air
temperatures, suggesting that broader climatic warming may be overriding local land-cover
improvements, consistent with recent findings that global warming amplifies urban heat beyond local
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mitigation capacity (IPCC, 2021; Perkins-Kirkpatrick & Lewis, 2020). Previous studies have consistently
shown that vegetation plays a critical role in regulating urban surface temperatures. Vegetated surfaces
typically reduce surface temperatures through shading and evapotranspiration, while impervious built-up
surfaces tend to absorb and retain heat, contributing to higher urban temperatures (Perkins-Kirkpatrick &
Lewis, 2020; Santamouris, 2015; Zhao et al., 2014). Several remote sensing studies have also reported
negative relationships between vegetation indices and land surface temperature, highlighting the cooling
effects of urban greenery (Li et al., 2019; Li et al., 2024; Zhou et al., 2014). In response to these findings,
many cities have implemented urban greening initiatives to mitigate the urban heat island effect (Bowler
et al., 2010; Santamouris, 2015). Chicago has similarly promoted green infrastructure strategies,
including green roofs and urban greening programs, to improve urban environmental conditions and
reduce surface temperatures (Tan et al., 2023). The results of this study provide an important extension
to previous research by demonstrating that increasing vegetation alone may not fully offset rising
surface temperatures, despite evidence that urban vegetation significantly improves microclimatic
conditions (Chun & Guldmann, 2018; Fadhil et al., 2023; Tan et al., 2023). This highlights the complex
interaction between local land-cover changes and larger-scale climate processes, as recent studies
show that climate change-driven warming can offset the localized cooling benefits of urban greening
(Tan et al., 2023; Zhao et al., 2014).

Multitemporal Landsat analysis shows a strong negative relationship between vegetation (NDVI) and
built-up areas (NDBI), indicating that increased urban development reduces urban greenness. Land
Surface Temperature (LST) was also negatively related to NDVI and positively related to NDBI,
confirming that greener areas tend to cool while built-up surfaces contribute to higher urban heat. This
finding aligns with recent studies showing that increasing impervious surfaces and urban expansion
significantly intensify urban heat island effects (Yee & Kaplan, 2022). Across 1992–2023, ambient air
temperature closely tracked LST, indicating that land-surface heating is a potential source of
atmospheric heating, consistent with studies linking surface heating to atmospheric temperature
dynamics (Tan et al., 2023; Li et al., 2019; Voogt & Oke, 2003). Satellite-derived indices show that NDVI
typically exhibits a negative correlation with LST, reflecting the cooling effect of vegetation through
shading and evapotranspiration (Bowler et al., 2010; Zhou et al., 2015). An ecological evaluation of the
urban heat island in Chicago, conducted by Alfraihat et al. (2016), demonstrated that relationships
among LST, NDVI, and NDBI can be used to assess the ecological condition of urban thermal
environments. Using the Urban Thermal Field Variance Index (UTFVI), their study found that
approximately 25% of Chicago experienced ecologically unfavorable UHI conditions despite the cooling
influence of urban parks and Lake Michigan. These findings emphasize the importance of vegetation
and ecological balance in regulating urban thermal environments. While previous studies primarily
focused on ecological evaluation of urban heat island conditions, the present study extends this
understanding by examining long-term relationships among vegetation, built-up areas, land surface
temperature, and atmospheric temperature over more than three decades (1992–2023).

4.2. Implications for Climate-Resilient Urban Planning
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The findings of this study have important implications for developing climate-resilient cities. The long-
term increase in land surface temperature observed in Chicago underscores the growing challenge of
urban heat in the context of global climate change. Although urban greening initiatives have increased
vegetation cover in several parts of the city, the continued rise in surface temperatures suggests that
local mitigation strategies alone may not be sufficient to offset broader climate warming. The observed
relationships among vegetation (NDVI), built-up areas (NDBI), and land surface temperature underscore
the critical role of urban land-cover management in regulating urban thermal environments. Areas with
higher vegetation density consistently showed lower surface temperatures, whereas built-up areas
exhibited higher thermal intensity. These findings suggest that expanding the urban tree canopy,
protecting green spaces, and integrating nature-based solutions, such as green roofs, urban parks, and
urban green corridors, could play a significant role in reducing urban heat exposure. More broadly, the
results highlight the importance of integrating climate-sensitive urban planning strategies into long-term
development policies. By identifying spatial patterns and long-term trends in urban heat, this research
provides valuable information for urban planners and policymakers seeking to design more climate-
resilient and thermally sustainable cities.

4.3. Limitations and Future Research
Despite its contributions, this study has several limitations. First, the analysis relies primarily on satellite-
derived land surface temperature, which reflects surface thermal conditions rather than the near-surface
air temperature experienced by urban residents. Although daily average air temperature data from the
Midway Airport station via Weather Underground were included for comparison, these data are limited to
a single station and may not fully capture spatial variability in urban air temperature across the city.
Second, the study uses Landsat imagery at fixed time intervals, which may not fully capture variability on
shorter time scales. Third, other factors, such as building density, urban morphology, and socioeconomic
conditions, were not explicitly incorporated into the analysis. Therefore, future research should address
these limitations by integrating higher-resolution remote sensing data, continuous meteorological
observations, and detailed urban morphology datasets. Incorporating building density and
socioeconomic variables would provide a more comprehensive understanding of urban heat dynamics.
Such approaches would improve the ability to identify vulnerable areas and support more effective urban
planning and climate adaptation strategies.

5. Conclusion
This study presents a comprehensive, multi-decadal assessment of urban heat dynamics in Chicago
from 1992 to 2023. It employs multitemporal satellite-derived indices, including land surface
temperature (LST), vegetation (NDVI), and built-up areas (NDBI), to evaluate trends and drivers of the
Urban Heat Island (UHI) phenomenon. The findings demonstrate an increase in LST over the period. Mid-
summer LSTs exceed those in late summer, with notable interannual variability, especially during peak
heat years such as 2005, 2006, and 2023. The spatial distribution underscores the inherently uneven
nature of urban heat in Chicago, highlighting crucial environmental justice considerations and
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emphasizing the need for targeted interventions, as populations in high-heat zones may face
disproportionate exposure to heat-related risks.

Furthermore, the findings demonstrate that Chicago’s Land Surface Temperature (LST) shows a
consistent upward trend throughout the study period, despite decreases in built-up areas and increases
in vegetation. This trend is likely influenced by rising ambient air temperatures, which appear to outweigh
the effects of mitigation efforts such as urban tree planting, green roofs, and the redevelopment of
impervious surfaces. The ongoing increase in LST supports the argument that urban heat is not solely a
consequence of land-cover changes but also arises from its impact on regional and global climate
dynamics. Consequently, in addition to urban greening initiatives, efforts to mitigate the Urban Heat
Island (UHI) effect in Chicago should adopt a more comprehensive strategy. This strategy should
incorporate land-use planning to increase surface albedo; enhance climate adaptation and resilience by
deploying evenly distributed green infrastructure; adopt architectural designs that mitigate urban canyon
effects and promote airflow; and implement energy management practices to reduce anthropogenic
heat emissions.

Despite its contributions, this study is limited by its reliance on satellite-derived Land Surface
Temperature (LST) and a limited set of in situ air temperature measurements, as well as by the omission
of detailed socioeconomic and urban morphological variables. Future research should integrate high-
resolution remote sensing data, expanded meteorological observations, and socio-environmental
indicators to foster a more comprehensive understanding of urban heat dynamics and to support the
development of more effective, climate-resilient urban planning strategies.
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Figure 1

Spatial distribution of LST in Chicago (1992-2023): Mid-summer a) 1995, b) 2006, c) 2014, and d) 2023;
Late-summer e) 1992, f) 2005, g) 2014, and h) 2023
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Figure 2

Trend analysis of LST, NDVI, and NDBI values of Chicago
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Figure 3

The LST, NDVI, and NDBI Relationships with the mid-and late-summer multitemporal Landsat imagery
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Figure 4

The dynamic mid-and late-summer coupling of the LST values retrieved from the multitemporal Landsat
imageries and ambient atmospheric air temperature using the in-situ station
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