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A B S T R A C T

Knowledge of anisotropy-induced spatial and temporal variations of land surface temperature (LST) is crucial for 
enhancing the quality of remote sensing products, refining land surface process modeling, and optimizing climate 
models. However, the limited availability of simultaneous multi-angle LST observations from space has hindered 
the exploration of this topic. NASA’s latest ECOSTRESS sensor deployed on the International Space Station (ISS) 
generates multi-angle LST measurements at a 70-m spatial resolution for different times of day/night, providing a 
new avenue for investigating urban thermal anisotropy. In this study, we presented an initial examination of the 
performance of ECOSTRESS LST observations in unraveling the fine-grained urban thermal anisotropy, by taking 
the City of Phoenix, Arizona, United States, as the study area. We proposed a method to generate a quasi- 
simultaneous multi-angle ECOSTRESS LST dataset over the course of the diurnal cycle with the assistance of 
air temperature data from weather stations and hourly LST observations from a geostationary satellite, GOES-R. 
We then examined the thermal anisotropic patterns and their diurnal and seasonal variations across different 
Local Climate Zones (LCZs) at a spatial resolution of 200 m. Based on quasi-simultaneous multi-angle ECO
STRESS observations, Vinnikov and Vinnikov-RL models were employed to generate LCZ-scale anisotropy pro
files of the study area to quantify and correct the LST directional effect. The results revealed that ECOSTRESS 
observations manifest unique angular patterns, featuring substantial variations in sensor viewing azimuth angles 
(VAA) and limited changes in sensor viewing zenith angles (VZA) within a 30◦ range. The angular effect led to 
notable variations in the observed LST, with potential deviations at the city scale of up to 10 K during winter and 
around 5 K during summer, relative to the nadir LST. Furthermore, the LST anisotropy exhibited distinct diurnal 
and seasonal patterns across LCZs, characterized by prominent variations in the intensity and width of hot/cold 
spots. LCZ 6, 9, and D typically displayed higher hotspot intensity and width than other LCZs at varying times of 
day in both summer and winter. In addition, the Vinnikov-RL model had good performance in simulating diurnal 
LST anisotropy over LCZs. This study reveals the potential of multi-angle ECOSTRESS LST observations in 
exploring urban thermal anisotropy, and contributes to better utilization of ECOSTRESS LST products. The 
integration of ECOSTRESS LST data with other satellite derived LST data have important implications for 
studying urban climate and improving long-term surface climate record, contributing to global climate studies.

1. Introduction

Land surface temperature (LST) serves as a key parameter in char
acterizing the hydrothermal processes on the Earth’s surface (Manoli 
et al., 2020; Schwaab et al., 2021; Su et al., 2023). Existing satellite 

thermal remote sensing systems offer an effective approach to obtaining 
LST measurements with different spatiotemporal resolutions from local 
to global scales (Li et al., 2023; Weng, 2009). These multi-decadal re
cords find widespread applications in various studies including climate 
change simulation, evapotranspiration estimation, vegetation drought 
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monitoring, and urban heat stress assessment, significantly contributing 
to the advancement of knowledge in the relevant domains (Hulley et al., 
2019; Jiao et al., 2021; Wooster et al., 2021; Xia et al., 2022). With the 
continuous acquisition of LST observations from space, synergistic uti
lization of multi-satellite data becomes particularly crucial in collec
tively addressing the future challenges of global warming and seeking 
viable solutions.

The main challenges to the multi-satellite LST integration include 
diurnal cycle (i.e., the variations of observation times), cloud contami
nation and angular anisotropy (Fu et al., 2019; Vinnikov et al., 2012; 
Wang et al., 2022a). Angular anisotropy refers to the reliance of satellite 
LST observations on sensor view angles including azimuth and zenith 
angles (Voogt, 2008). It has been examined over diverse surfaces 
encompassing cropland, forest, bare soil, and urban areas (Guillevic 
et al., 2013; Hu et al., 2023; Wang et al., 2023). Previous studies have 
reported that temperature disparities resulting from angular anisotropy 
can reach 14 K on a winter day and 9 K on a summer day over densely 
urbanized areas (Lagouarde and Irvine, 2008; Voogt and Oke, 1998). On 
natural surfaces with continuously homogeneous canopy, directional 
temperature variability is relatively small, typically below 2 K 
(Rasmussen et al., 2011). Satellite-derived LST observations are limited 
to representing the thermal status of specific facets of the target (Stewart 
et al., 2021). Accordingly, variations in sensor viewing geometry can 
introduce directional biases in LST measurements, particularly in highly 
heterogeneous urban environments with intricate 3D structures and 
materials (Du et al., 2023). Therefore, knowledge on LST anisotropy is 
required not only for ensuring the accurate measurement and compa
rability of multi-source LST products but also for bolstering confidence 
in their practical applications.

Five types of models have been developed for characterizing and 
simulating thermal radiation directionality (TRD), namely, parametric 
models (or semi-physical kernel-driven models), 3D models, hybrid 
models, geometric optical modes and radiative transfer models (Bian 
et al., 2018; Cao et al., 2019; Lagouarde and Irvine, 2008). These 
models, combined with multi-angle LST datasets obtained from labo
ratory experiments, in-situ measurements, airborne observations and 
space-borne observations, have greatly enhanced our comprehension of 
the anisotropic impacts on LST interpretation (Jiang et al., 2022; Qin 
et al., 2023; Wang et al., 2021). Nonetheless, fine spatiotemporal 
characteristics of urban thermal anisotropy at the scale of satellite ob
servations remain unclear. Physical models usually require many pa
rameters for inputs, such as landscape structural information and 
component temperature, making them better suited for experimental/ 
modeling data sets than for satellite data (Duffour et al., 2015; Guo et al., 
2019). The kernel-driven models, however, are designed to estimate and 
correct the remotely sensed LST directionality (Jiang et al., 2021; Vin
nikov et al., 2012). With only three or four unknown parameters, the 
kernel models generally strike a favorable tradeoff between physical 
representation, accuracy and practicality (Ermida et al., 2017). For the 
visible and near-infrared spectra, the kernel-driven models have been 
widely employed in combined use of geostationary and polar-orbiting 
satellites derived reflectance/albedo products (Lagouarde and Irvine, 
2008; Roujean, 2000). In recent years, several studies have assessed the 
performance of different kernel-driven models, offering new evidence 
for their practical potential in harmonizing LST products derived from 
different sensors (Cao et al., 2021; Ermida et al., 2018). However, it is 
worth noting that existing kernel-driven models rely on multi-angle LST 
observations acquired simultaneously to solve the unknowns. Obtaining 
synchronous multi-angle observations from ground and airborne mea
surements is straightforward, but it poses greater challenges to satellite 
observations (Bian et al., 2021; Hu et al., 2016). Limited availability of 
simultaneous or quasi-simultaneous multi-angle LST datasets has hin
dered further exploration of fine spatiotemporal variations in urban 
thermal anisotropy at the satellite observing scale through kernel-driven 
modeling approaches.

The recently launched ECOSTRESS sensor by NASA’s Jet Propulsion 

Laboratory (JPL) is opening a new path for the exploration of fine-scale 
spatial and temporal patterns in urban LST anisotropy. Installed on the 
International Space Station (ISS) in July 2018, ECOSTRESS swiftly 
initiated the acquisition of thermal infrared (TIR) data with the native 
spatial resolution of 38 m by 69 m (Hulley et al., 2019). The ISS main
tains a precessing orbit, enabling ECOSTRESS to possess diurnal sam
pling capability globally (between ~52 degrees North and ~ 52 degrees 
South). Additionally, it provides more frequent revisits, with intervals of 
three to five days depending on latitude and time of year. Each ECO
STRESS image scene covers a swath width of about 400 km and is 
captured in approximately 52 s at various times throughout the diurnal 
cycle (Chang et al., 2023). ECOSTRESS is equipped with five TIR bands 
for more accurate LST retrievals over urban areas (Hulley et al., 2021). 
Besides, analysis of the first-level geolocation product reveals pro
nounced variability in sensor viewing azimuth angles (VAA) for ECO
STRESS LST observations, spanning from 0 to 360 degrees, while the 
sensor viewing zenith angles (VZA) remains within a range of 30 de
grees. Many studies based on satellite observations, unmanned aerial 
vehicle (UAV) measurements, and simulation data have demonstrated 
that LST can exhibit significant variations with changes in sensor VAA, 
particularly during daytime with intense incoming solar radiation (Hu 
and Wendel, 2019; Hu et al., 2023; Jiang et al., 2022; Lagouarde et al., 
2010; Wang et al., 2021). For instance, a recent UAV-based study con
ducted over a residential area (classified as open midrise buildings, 
LCZ5) revealed that at 13:10 local time, changes in sensor VAA could 
result in LST differences of up to 6.6 ◦C at a constant sensor VZA of 15 
degrees and up to 8.2 ◦C at a constant sensor VZA of 30 degrees (Jiang 
et al., 2022). Scale effects and variations in sun-sensor geometry modify 
the proportions of illuminated and shaded surface components, thus 
substantially impacting LST anisotropy. However, due to the inherent 
observation geometry of traditional satellites, most existing spaceborne 
studies focus primarily on LST anisotropy variations caused by changes 
in sensor VZA. In this context, the distinctive observation characteristics 
of ECOSTRESS present a valuable opportunity to advance our compre
hensive understanding of LST anisotropy.

Currently, the main data sources for satellite-scale LST anisotropy 
studies are the single sensor source capable of generating multi-angular 
observations, such as MODIS and ASTER series, and the multiple 
remotely sensed sources with varying view geometries, such as coupling 
polar-orbiting and/or geostationary (i.e., GOES and MSG series) satel
lites (Coll et al., 2019; Ermida et al., 2018; Guillevic et al., 2013; Wang 
et al., 2022b). Spatially, LST products derived from these polar-orbiting/ 
geostationary satellites have a 1-km resolution or coarser, which cannot 
adequately capture the spatial heterogeneity of urban thermal envi
ronments. As a result, existing satellite-based studies focus primarily on 
LST anisotropic analysis at 1-km grid or a city in entirety. Airborne 
measurements provide a means for accurate and fine-grained estimation 
of LST anisotropy (Cao et al., 2019). However, high cost involved in the 
experiments restricts these explorations to a few locations and a brief 
temporal window (Jiang et al., 2022). In comparison, the publicly 
available 70-m ECOSTRESS LST product with a large swath width pro
vides sufficient spatial details at different times of day and night (Chang 
et al., 2021). Hence, the integration of ECOSTRESS’s multi-angle LST 
measurements and parametric models holds great promise to examine 
the thermal anisotropy over urban areas.

Taking the City of Phoenix, Arizona, United States, as the study area, 
this paper employed ECOSTRESS LST observations acquired from May 
2019 to March 2023 and two kernel-driven models to assess the urban 
thermal anisotropy and its diurnal and seasonal variations at the city 
scale and the local scale, i.e., across Local Climate Zones (LCZs). Specific 
objectives of this study are: 1) to develop a method for generating a 
quasi-simultaneous multi-angle ECOSTRESS LST dataset; 2) to charac
terize the city-scale and LCZ-scale LST anisotropy at different times of 
day in summer and winter; and 3) to validate the performance of 
different kernel-driven models by using clear-sky Landsat LST images. 
To our knowledge, this study is the first exploration of urban LST 

Y. Chang et al.                                                                                                                                                                                                                                  Remote Sensing of Environment 322 (2025) 114705 

2 



anisotropy at 200-m fine spatial resolution based on satellite 
observations.

2. Study area and data

2.1. Study area

Phoenix, Arizona, is at the central hub of a vast metropolitan area 
situated in the northern periphery of the Sonoran Desert. With a popu
lation of approximately 1.6 million and covering an expansive territory 
of about 1340 km2, it holds the distinction of being the fifth-largest city 
in the U.S.A. Our study focuses exclusively on the region within the 
municipal boundaries of the Phoenix City, centered at 33.4

◦

N, 111.9
◦

W 
(Fig. 1a). Nestled within a valley, Phoenix boasts an average elevation of 
340 m and experiences predominantly gentle winds (Connors et al., 
2012). Known as one of the hottest cities in the nation, it has a sub
tropical desert climate characterized by scorching, long, clear summers 
and mild winters. July stands out as the pinnacle of sweltering tem
peratures, with daily air temperature (AT) regularly surpassing 40 ◦C, 
while daily mean AT in winter hovers around an average of 13 ◦C. The 
annual precipitation remains relatively low, with an average of slightly 
over 200 mm. Phoenix has diverse land covers and uses, encompassing 
residential, commercial, industrial, grass, open soil and agriculture 

areas. As an initial exploration of the performance of ECOSTRESS LST 
observations in unraveling the fine-grained urban thermal anisotropy, 
this study selected Phoenix as the study area, primarily considering the 
availability of multi-angle ECOSTRESS sampling. In Phoenix, there are 
large ECOSTRESS LST samples over urban areas to generate diurnal and 
seasonal anisotropy profiles for different Local Climate Zones (LCZs) in 
comparison to other popular cities in thermal anisotropy research, such 
as Toulouse and Marseille (Fig. S1 and S2). Furthermore, such a selec
tion holds the potential for continued in-depth investigation of urban 
thermal anisotropy as Phoenix has been a focal point for many other 
studies on LST and SUHI (Brandi et al., 2024; Logan et al., 2020). Fig. 1
provides detailed information on the specific geographic domain of the 
study area, the spatial distribution of meteorological stations, LCZ 
mapping, and the diurnal cycling patterns of summer and winter AT and 
LST at five selected meteorological stations. All times used in this study 
are local time (UTC - 7).

2.2. ECOSTRESS LST data

The multi-angle LST data are sourced from the ECOSTRESS level-2 
product, namely ECO2LSTE, available for download on NASA’s 
LPDAAC website (https://lpdaac.usgs.gov/). The LST data has a spatial 
resolution of 70 m and is acquired at various times throughout the day 

Fig. 1. The study area – Phoenix, Arizona, in the U.S.A. (a) The location of Phoenix City. (b) The LCZ classifications at 100 m spatial resolution. The seasonal mean 
air temperature (AT) and land surface temperature (LST) at the five meteorological stations in summer (c) and winter (d). S1-S5 denote the identification numbers of 
the meteorological stations utilized in this study.
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on different dates (Hulley et al., 2021). ECO2LSTE product includes 
simultaneously retrieved spectral emissivity and LST, generated using 
the physical-based Temperature Emissivity Separation (TES) algorithm. 
The TES approach employs the RTTOV radiative transfer model, in 
conjunction with dynamic atmospheric profiles derived from the NASA 
Global Modeling and Assimilation Office GEOS5-FP reanalysis product, 
to accurately correct the observed radiances for atmospheric effects 
(Hook et al., 2020). The quality and accuracy of the ECOSTRESS LST 
data have been extensively validated by the ECOSTRESS science team 
and exhibited good consistency with ground LST records across diverse 
global validation sites (r2 = 0.99, RMSE = 1.07, and MAE = 0.4 K) 
(Hulley et al., 2021). For this study, we gathered all available ECO
STRESS LST scenes spanning from May 2019 to March 2023 covering the 
Phoenix City region. These multi-angle data were further categorized 
into two groups: the summer group, comprising data from May to 
September, and the winter group, comprising data from November to 
March. April and October were regarded as the transition months be
tween winter and summer. This study extended the duration of summer 
and winter in Phoenix based on its climatic characteristics, aiming to 
obtain more available ECOSTRESS samples. This partitioning can be 
supported by previous literature and official climate records (htt 
ps://azclimate.asu.edu/climate/climate-of-phoenix-summary/). Anal
ysis of monthly climate data spanning from 1991 to 2020 revealed that 
the mean temperature during May to September typically ranged from 
25 ◦C to 35 ◦C, while the average temperature during November to 
March was generally in the 10 ◦C to 20 ◦C range (Fig. S3).

2.3. Ancillary data

This study employed data from ECOSTRESSS level-1 Geolocation 
(ECO1BGEO) and level-2 Cloud Mask (ECO2CLD) products to determine 
the solar/sensor azimuth and zenith angles corresponding to each 
ECOSTRESS LST pixel and to identify the presence of cloud coverage. 
These datasets were also obtained from NASA’s LPDDAC.

Hourly LST data were derived from the Advanced Baseline Imager 
(ABI) sensor on board the new-generation geostationary satellite – 
GOES-16, which belongs to the GOES-R series of satellites and serves as 
the eastern satellite. The publicly available GOES-R LST product has a 
temporal resolution of 1 h and a spatial resolution of 2 km and has 
undergone evaluation using observations from other satellite platforms 
and in-situ stations (Yu and Yu, 2020). In this study, we obtained GOES- 
R LST for four years from May 2019 to March 2023 from the National 
Oceanic and Atmospheric Administration (NOAA, https://www.avl. 
class.noaa.gov/). These data were then combined with AT measure
ments to assist in generating the quasi-simultaneous multi-angle ECO
STRESS LST dataset.

Hourly AT data were obtained from the National Centers for Envi
ronmental Information in NOAA (https://www.ncei.noaa.gov/). We 
identified all meteorological stations within the study area and its sur
rounding region, as depicted in Fig. 1a. Ultimately, five stations 
consistently provided high-quality AT records at hourly intervals from 
May 2019 to March 2023. The data from these five selected stations was 
utilized for subsequent relevant analyses.

The LCZ map of Phoenix was downloaded from LCZ generator pro
vided by the World Urban Dataset and Access Portal Tools (WUDAPT, 
https://www.wudapt.org/). The LCZ map corresponds to July 2020 and 
has a 100-m spatial resolution with an OAbu (overall accuracy of the 
built and natural LCZs) value of 0.96. Additionally, it is available in 
GeoTIFF format and consists of three layers: LCZ, LCZ-filter, and class 
probability (Demuzere et al., 2021). We used the LCZ-filter layer to 
characterize the spatial heterogeneity of the urban environment in the 
study area (Fig. 1b). In this study, we further employed tree canopy 
cover and elevation to refine and filter more representative LCZ classi
fications. We used tree canopy cover for the year 2021 by the U.S. Forest 
Service and elevation data product by NASA’s Shuttle Radar Topog
raphy Mission (STRM) team, accessible for download at https://data.fs. 

usda.gov/ and https://earthexplorer.usgs.gov/. Both datasets have a 
spatial resolution of about 30 m.

Landsat LST data was acquired from the USGS Landsat 8–9 
Collection-2 Surface Temperature product (https://earthexplorer.usgs. 
gov). Observed from the nadir, Landsat 8/9 thermal data has a tempo
ral revisit interval of 16 days and a 100-m native spatial resolution. To 
ensure consistency, we selected clear-sky imagery with acquisition dates 
and diurnal time points similar to the ECOSTRESS scenes in summer, 
with a maximum difference of three days. Finally, three Landsat images 
(path/row: 37/37), acquired on June 3, June 11, and August 6, 2022, 
were collected in this study to validate the model performance.

3. Methodology

Figure 2 presents the procedure for exploring urban thermal 
anisotropy with multi-angle ECOSTRESS LST observations. The pro
cedure entails four main steps: 1) generating a quasi-simultaneous 
multi-angle ECOSTRESS LST dataset, 2) mapping LCZ at a spatial reso
lution of 200 m, 3) Simulating city-scale and LCZ-scale LST anisotropic 
patterns at different times, and 4) performing validation. The specific 
details of the steps are described in the subsequent sections.

3.1. Generating a quasi-simultaneous multi-angle ECOSTRESS LST 
dataset

We developed a method to generate a quasi-simultaneous multi- 
angle ECOSTRESS LST dataset with the assistance of hourly AT and 
GOES-R LST. As previously mentioned, although the collected ECO
STRESS LST are multi-angle data, they are typically acquired at varying 
times of day and on different days, which renders them unsuitable for 
direct anisotropy assessment. Hu et al. (2016) proposed a method to 
obtain a quasi-simultaneous MODIS LST dataset by subtracting the ef
fects of atmospheric and weather variations. This method opens an 
efficient avenue to evaluate satellite-derived LST angular effect at large 
spatial scales and over long time periods (i.e., multi-year seasonal 
average). Recently, Wang et al. (2022b) simplified this method by 
further determining the impact of atmospheric effect. Consequently, 
they modified the method to solely account for weather variability, 
enabling the acquisition of the quasi-simultaneous MODIS LST dataset. 
Based on that simplified method, the LST anisotropy of 25 global cities 
was evaluated at the city scale, where anisotropy was defined to merge 
the impact of angular emissivity and angular atmospheric attenuation. 
The ECOSTRESS LST product incorporates real-time atmospheric pro
files to achieve accurate atmospheric correction, leading to less bias 
compared to the MODIS LST product and negligible influence on LST 
variations. Therefore, the focus of this study is to eliminate the impact of 
weather variations and diurnal cycling on diverse ECOSTRESS thermal 
scenes, so as to obtain an LST dataset that is only relevant to observa
tional angles (Schematic is given in Fig. S4 in Appendix).

For all ECOSTRESS scenes captured between May 2019 and March 
2023, we initially performed data preprocessing using the correspond
ing cloud mask and quality control files to acquire a cloud-free ECO
STRESS LST dataset. We then divided the cloud-free ECOSTRESS LST 
dataset into two parts (i.e., summer and winter) based on the acquisition 
dates of the data. During this process, imagery with less than 50 % valid 
pixel count in the study area was discarded. For each part, we further 
classified ECOSTRESS LST images with similar observation hours into 
groups. Specifically, we partitioned a diurnal cycle into 24 integer hours, 
ranging from 0 to 23, based on the acquisition times of the hourly GOES- 
R LST data. Then, the ECOSTRESS LST data obtained within a half-hour 
window before and after each hour were consolidated into the same 
group. Ultimately, we garnered 24 ECOSTRESS LST sets for both sum
mer and winter, respectively. Afterward, these data were processed by 
the following steps to generate quasi-synchronized multi-angle LST 
observations for varying hours, with the assumption of stable weather 
conditions within an hour in the study area.

Y. Chang et al.                                                                                                                                                                                                                                  Remote Sensing of Environment 322 (2025) 114705 

4 

https://azclimate.asu.edu/climate/climate-of-phoenix-summary/
https://azclimate.asu.edu/climate/climate-of-phoenix-summary/
https://www.avl.class.noaa.gov/
https://www.avl.class.noaa.gov/
https://www.ncei.noaa.gov/
https://www.wudapt.org/
https://data.fs.usda.gov/
https://data.fs.usda.gov/
https://earthexplorer.usgs.gov/
https://earthexplorer.usgs.gov
https://earthexplorer.usgs.gov


For each clear-sky ECOSTRESS LST scene (acquisition time t1), we 
ascertained the hour t of its corresponding group (where t – 0.5 < t1 ≤ t 
+ 0.5). Then, we subtracted the weather-related signal, LSTwea(t), and 
the bias caused by diurnal LST variation, ΔLSTDiurnal(t1), from this image, 
as shown in Eq. 1. 

ELSTQuasi(t) = ELST(t1) − ΔLSTDiurnal(t1) − LSTwea(t) (1) 

where ELSTQuasi(t) denotes a generated quasi-simultaneous multi- 
angle ECOSTRESS LST image for hour t, and ELST(t1) is the original 
clear-sky ECOSTRESS LST acquired at time t1.

First, we calculated LSTwea(t) using AT measurements obtained from 
meteorological stations and high temporal resolution LST observations 
derived from GOES-R, as detailed in Eqs. 2–8. Angle-independent AT 
was employed to determine the impacts of weather variability on AT and 
LST variations. Temporal variation of AT is commonly recognized as 
accounting for only a portion of the overall variation in LST. Thus, the 
coefficient a was introduced to adjust the influence of weather-induced 
anomaly from AT on LST (Hu et al., 2016; Wang et al., 2022b). 

Tair(x, y, t) = Tair(x, y, t)+Tair,wea(x, y, t) (2) 

LSTwea(x, y, t) = a(x, y)×Tair,wea(x, y, t) (3) 

where (x,y) denotes a given location of a GOES-R LST pixel or meteo
rological station, Tair(x,y,t) and Tair(x, y, t) are the observed and seasonal 
average AT at hour t (i.e., each hour in the 24-h diurnal cycle), respec
tively, Tair,wea(x,y,t) and LSTwea(x,y,t) signify the weather-related AT and 
LST variations, respectively, and a(x,y) is the adjustment coefficient.

Then, the coefficient a(x,y) for each station is determined by fitting 
long-term clear-sky GOES-R LST and AT records at different seasonal (i. 
e., summer and winter) and temporal (i.e., hour t in the 24-h diurnal 
cycle) points using the Eq. 4. We calculated different a values for the 
summer and winter diurnal cycles over 24 h, and the results are pre
sented in Table S1 in Appendix. 

LST(x, y, t) = a(x, y)×Tair(x, y, t)+b(x, y) (4) 

The subsequent task is to estimate the spatial distribution of the 
impact of weather variability on LST variations. Since the weather- 
related signal in this study represents temperature deviations from the 
seasonal average as described in Eq. 2, we decomposed the GOES-R LST 
using Eq. 5, where ε(x,y,t) can be regarded as the random error of 
observation (Vinnikov et al., 2008). 

GLST(x, y, t) = GLST(x, y, t)+ LSTwea(x, y, t)+ ε(x, y, t) (5) 

where GLST(x,y,t) and GLST(x, y, t) represent the observed and seasonal 
average GOES-R LST, respectively.

In the study area, there are five meteorological stations providing 
continuous, high-quality AT measurements at hourly intervals, as shown 
in Fig. 1. We can obtain the value of ε(x,y,t) for each station location 
using Eq. 6. For the same satellite radiometer, the random error of 
observation is more dependent on time, varying with diurnal cycles or 
wet/dry atmospheric conditions, while the spatial dependence is weak 
and can be ignored for nearby pixels (Vinnikov et al., 2011). Thus, we 
assume a constant random error of observation for each individual 
GOES-R LST image over the study area. Subsequently, the ε(t) term was 
introduced to adjust the individual GOES-R LST image and obtain the 
spatial distribution of the impact of weather variability on LST. In this 
study, ε(t) was estimated as the average of ε(x,y,t) obtained from the five 
meteorological stations across the study area, as shown in Eq. 7. 

ε(x, y, t) = GLST(x, y, t) − GLST(x, y, t) − LSTwea(x, y, t)

= GLST(x, y, t) − GLST(x, y, t) − a(x, y) × (Tair(x, y, t) − Tair(x, y, t) )
(6) 

ε(t) =
∑5

n=1
ε(xn, yn, t) (7) 

Following that, the spatial distribution of the impact of weather 
variability on LST, denoted as LSTwea(t), can be estimated using Eq. 8
when a clear-sky GOES-R LST sample (GLST(t)) is available at the cor
responding time. To sum up, the impact of weather changes on LST 

Fig. 2. Flowchart of the analytical procedures conducted in this study.
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variations was determined by the angle-independent AT, and further 
estimation of their spatial distribution at 2 km resolution was accom
plished with the assistance of fixed-angle hourly observations from 
GOES-R. 

LSTwea(t) = GLST(t) − GLST(t) − ε(t) (8) 

This method was further validated using AT measurements from the 
meteorological stations. Specifically, we utilized data from four of the 
five available meteorological stations as inputs to the method, while 
reserving the observations from the remaining station for independent 
validation. AT and LST measurements at 12:00 (local time) with strong 
incoming solar radiation in summer and winter during the study period 
were employed to assess the correlation between the observed LSTwea(t) 
at the validation station and the estimated LSTwea(t) derived from the 
proposed method, thereby demonstrating the performance of the pro
posed method. Furthermore, we also included the commonly used 
approach of simply defining the weather-related LST changes as LST(t1) 
- LST(t2) (the disparity between observed and reference LSTs) for com
parison. The validation results presented in Fig. 3 demonstrate that the 
proposed method could effectively estimate the spatial distribution of 
the impact of weather variability on LST variations.

The remaining task was to reduce bias arising from diurnal variation 
in LST. Eqs. 9 and 10 were employed for each LST group to estimate the 
uncertainty at the GOES-R pixel scale caused by diurnal LST variation. 

ΔLSTDiurnal(t1) = (t1-t)× (GLST(t)-GLST(t-1) ), t1 ≤ t (9) 

ΔLSTDiurnal(t1) = (t1-t)× (GLST(t + 1)-GLST(t) ), t1 > t (10) 

where ΔLSTDiurnal(x,y,t1) denotes the bias from the diurnal LST variation.
Finally, we subtracted the corresponding weather-related signal, 

LSTwea(t), and bias caused by diurnal LST variation, ΔLSTDiurnal(x,y,t1), 
from each clear-sky ECOSTRESS image in different LST groups, thereby 
obtaining a quasi-simultaneous multi-angle ECOSTRESS LST dataset. In 
this methodology, the weather-related LST variations were quantified as 
deviations from the seasonal mean values. Therefore, the dataset ob
tained by adjusting the ECOSTRESS LST observations based on this 
approach can be regarded as quasi-simultaneous multi-angle LST rep
resenting the seasonal average. Subsequently, three adjusted ECO
STRESS images for both summer and winter were employed to directly 
examine the angular effects on regional LST. These images were ac
quired during comparable diurnal periods, exhibiting similar solar 

Fig. 3. Validation of the LSTwea estimated by the proposed method vs. the commonly used method, against reference LSTwea in summer (a, b) and winter (c, d). S1-S5 
represent the meteorological stations used for independent validation (locations shown in Fig. 1).
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zenith angle (SZA) and VZA differences, yet demonstrating notable 
disparities in solar azimuth angle (SAA) and VAA differences. We 
calculated the regional average and pixel-wise LST differences among 
these images.

3.2. Mapping local climate zones

This study partitioned Phoenix City into different LCZ classifications 
to gain new insight into the LCZ-scale LST anisotropy. LCZ scheme 
provides a standardized methodology for investigating the spatial het
erogeneity of the urban thermal environment by associating specific 
climate-related physical parameters within predefined ranges to each 
LCZ (Huang et al., 2023). Generally, LCZ of the same type is presumed to 
exhibit similar thermal characteristics within a local context (Stewart 
and Oke, 2012). Given the spatial resolution of ECOSTRESS LST at 
around 68 m, we resampled the LCZ map to 200 m, creating a grid 
consisting of 3 × 3 LST pixels and 2 × 2 original LCZ pixels. Meanwhile, 
the 200 m grid would be designated with the corresponding LCZ type 
only if all 4 pixels within it belong to the same LCZ type. After that, LCZ 
delineation of the study area was refined by applying additional filters 
based on tree canopy cover and elevation-derived slope data. First, we 
computed the average tree canopy cover and slope, along with their 
corresponding standard deviations (SD), for each LCZ type. Second, we 
retained the LCZs within each LCZ type that satisfied the criterion of 
having tree canopy cover and slope values that fell within the range of 
mean ± SD. Ultimately, we generated the 200-m spatial resolution LCZ 
map for the study area, comprising LCZ 3, 6, 9, 10, C, and D with pixel 
counts of 11,934, 2463, 1325, 1483, 10,594, and 1601, respectively. The 
definitions and conceptual diagram of different LCZ classifications are 
presented in Table 1 and Fig. S5 (see Appendix). Using six ECOSTRESS 
images, the LCZ classifications were evaluated by comparing the mean 
LST and SD across different LCZs.

3.3. Simulating city-scale and LCZ-scale LST anisotropic patterns at 
different times

This study employed the Vinnikov model and Vinnikov-RL model to 
assess LST anisotropic patterns and their diurnal dynamics during 
summer and winter at both city and LCZ scales based on the generated 
quasi-simultaneous multi-angle ECOSTRESS LST dataset. The selection 
of the Vinnikov and Vinnikov-RL models was motivated by their high 
simulation accuracy and widespread usage in anisotropic research based 
on satellite LST data (Cao et al., 2021; Ran et al., 2022). Furthermore, 
they can respectively represent independent three-parameter kernel- 
driven models and coupled four-parameter kernel-driven models, 
enabling us to evaluate their individual performance when applied to 
ECOSTRESS LST data. The quasi-simultaneous multi-angle 70-m ECO
STRESS LST dataset that we generated comprised data for each hour of 
the 24-h period for both winter and summer.

The Vinnikov model was originally designed by Vinnikov et al. in 
2012 to harmonize LST products derived from GOES series satellites. It 
was also used to facilitate the integration of LST datasets derived from 
SEVIRI and MODIS (Ermida et al., 2017). This model comprises three 
kernels in a linear combination: isotropic kernel, emissivity kernel, and 
solar kernel, which are mathematically expressed as follows: 

T(θs, θv,Δφ)
TN

= 1+A×KEmissivity(θv)+D×KSolar(θs, θv,Δφ) (11) 

KEmissivity(θv) = 1 − cosθv (12) 

KSolar(θs, θv,Δφ) = sinθvcosθssinθscos(θv − θs)cosΔφ (13) 

where A, D, and TN (LST observed at nadir) are the three unknown pa
rameters, T(θs,θv,Δφ) denotes the LST observations, θs and θv represent 
SZA and VZA, respectively, and Δφ is the difference between SAA and 
VAA.

Since TN at each diurnal hour was quite uncommon to be observed, 
Eq. 11 was then reformulated as Eq. 14 to better accommodate the 
features of the generated multi-angle ECOSTRESS LST dataset: 

TE1

TE2
=

1 + A × KEmissivity(E1) + D × Ksolar(E1)
1 + A × KEmissivity(E2) + D × Ksolar(E2)

(14) 

where E1 and E2 refer to quasi-simultaneous multi-angle ECOSTRESS 
LST observations in the same group (e.g., hour t), sharing the same TN.

The Vinnikov-RL model, introduced by Ermida et al. (2018), is a 
combination of the Vinnikov model and the RL model (i.e., a nonlinear 
model with three unknown parameters focused on simulating the hot
spot effect) (Duffour et al., 2016). In this model, the solar kernel in the 
Vinnikov model is replaced by the hotspot kernel from the RL model. 
The expression is provided below: 

T(θs, θv,Δφ) = TN +(A×TN)×KEmissivity(θv)+ΔTHS ×KRL(θs, θv,Δφ, k)
(15) 

KEmissivity(θv) = 1 − cosθv (16) 

KRL(θs, θv,Δφ, k) =
e− kf − e− kfN

1 − e− kfN
(17) 

f =
̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
tan2θs + tan2θv − 2tanθstanθvcosΔφ

√
(18) 

fN = tanθs (19) 

where TN, A, ΔTHS, and k are the four unknown parameters to be esti
mated. ΔTHS denotes the temperature difference observed at the hotspot 
(THS), where the sun is situated near the sensor, and the nadir (TN), k is a 
scaling factor used to describe the hotspot width.

In this study, we introduced a new parameter R defined as (THS - TN)/ 
TN to facilitate comparison of the results obtained from Vinnikov and 
Vinnikov-RL models. Physically, it quantifies the relative temperature 
variation between the hotspot and the nadir in relation to the nadir 
temperature and varies with changes in solar geometry. Then, Eq. 20 can 
be derived. 

T(θs, θv,Δφ)
TN

= 1+A×KEmissivity(θv)+R×KRL(θs, θv,Δφ, k) (20) 

Likewise, Eq. 20 is rewritten as Eq. 21 to align with the generated 
ECOSTRESS LST dataset. 

TE1

TE2
=

1 + A × KEmissivity(E1) + R × KRL(E1, k)
1 + A × KEmissivity(E2) + R × KRL(E2, k)

(21) 

According to the mathematical formulations of the two models (i.e., 
Eqs. 11 and 20), LST anisotropy was defined as T(θs,θv,Δφ)/TN in this 
study. We presented the angular distribution patterns of the quasi- 
simultaneous EOSTRESS LST dataset over the course of the diurnal 

Table 1 
Detailed information of Local Climate Zone (LCZ) classifications in this study.

LCZ 
class

Built type Pixel 
count

Definition

LCZ 3
Compact 
low-rise

11,934 Dense mix of low-rise buildings.

LCZ 6 Open low- 
rise

2463 Open arrangement of low-rise buildings.

LCZ 9
Sparsely 
built 1325

Sparse arrangement of small or medium- 
size buildings in a natural setting.

LCZ 
10

Heavy 
industry 1483

Low-rise and midrise industrial structures. 
Few or no trees.

LCZ C Bush, scrub 10,594 Open arrangement of bushes, shrubs, and 
short, woody trees.

LCZ D Low plants 1601 Featureless landscape of grass or 
herbaceous plants/crops.

Reference: Stewart and Oke, 2012
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cycle for both summer and winter. Surface targets were used as refer
ences to define the azimuth and zenith angles, with valid ranges of [0

◦

, 
360

◦

] and [0
◦

, 90
◦

], respectively. Then, urban mean and SD of VZA, VAA, 
SZA, and SAA for each LST imagery were calculated. Following that, we 
employed urban mean multi-angle LST to solve the Vinnikov model and 
simulated the anisotropy characteristics at the city scale. To mitigate the 
influence of clouds, only LST images with an effective pixel count 
exceeding 70 % along with their corresponding angles were selected as 
inputs. Under the assumption that both A and D values remained non- 
temporally dynamic, A is initially computed based on nighttime obser
vations, followed by the calibration of D using daytime observations 
(Ermida et al., 2017; Vinnikov et al., 2012). The specific procedure was 
as follows: (1) For nighttime observations in summer and winter, data 
from local time 22:00 to 04:00 and 21:00 to 05:00, respectively, were 
utilized to minimize the influence of residual solar radiation. Daytime 
observations were conducted from 07:00 to 18:00 and 08:00 to 17:00, 
respectively. (2) Pairwise data (referred to as E1 and E2) were fed into 
Eq. 15, and the A value was derived through linear regression based on 
all nighttime data. Notably, E1 and E2 must belong to the same hour 
group as defined before, ensuring that they share the same TN value. (3) 
After determining the value of A, parameter D was calculated using a 
similar approach based on all daytime observations. Subsequently, 
based on the calibrated Vinnikov model, we performed angular 
correction on the seasonal mean GOES-R LST to obtain diurnal cycles of 
summer and winter TN in the study area. Finally, diurnal variations of 
maximum thermal difference resulting from LST anisotropy at the city 
scale (Maxdiff) were computed as TN×(Max(T(θs,θv,Δφ)/TN) - 1).

Benefiting from the high-resolution ECOSTRESS observations, this 
study further investigated the diurnal variations of thermal anisotropy 
signals in various LCZs during both summer and winter using the Vin
nikov and Vinnikov-RL modeling approaches. To match the spatial 
resolution of LCZs, we first resampled each group of ECOSTRESS LST 
and its corresponding VAA, VZA, SAA, and SZA from approximately 70 
m to 200 m. Subsequently, for the Vinnikov model, we calculated the 
values of parameters A and D for each LCZ pixel using Eq. 14 and the 
aforementioned procedure. Following the calibration, we computed 
seasonal averages and medians of A and D values for each LCZ category, 
which were then employed to simulate thermal anisotropy in different 
LCZs under a specific solar geometry. Furthermore, the instances of 
12:00 during summer and winter, with solar geometry of (SZA: 17

◦

, SAA: 
151

◦

) and (SZA: 50
◦

, SAA: 171
◦

), respectively, were employed to 
exemplify the impacts of sensor viewing angles on LST observations. For 
the Vinnikov-RL model, we obtained the A value of each LCZ pixel using 
Eq. 21 based on the same procedure because the hotspot kernel was also 
assumed to be null at nighttime. Unlike parameter D, it is expected that 
both R and k would vary at different times during the day. Hence, we 
performed independent fitting of the parameters R and k for each LCZ 
pixel by employing separate groups of quasi-simultaneous multi-angle 
ECOSTRESS LST data, yielding corresponding parameter values for 
different hours within the diurnal cycle in different seasons. To address 
the issue of potential parameter instability during the fitting of the 
hotspot kernel, we have imposed constraints on the fitted parameter 
values based on the physical significance of R. The valid range of R 
values was set to [0.00285, 0.178571]. Ultimately, five summer hours 
and three winter hours, which had a large proportion of valid fitted 
parameters (i.e., pairs of R and k), were utilized to exhibit the diurnal 
variation of LST anisotropy at the LCZ scale.

3.4. Validation

This study validated the simulation results from the two models 
using clear-sky Landsat images. We extracted the average LST values of 
different LCZs from three pairs of ECOSTRESS and Landsat scenes ac
quired on adjacent dates and at similar diurnal times. Then, LST values 
for each LCZ obtained from ECOSTRESS imagery were adjusted to the 
nadir observation direction using the calibrated Vinnikov model and 

Vinnikov-RL model, respectively. To ensure comparability of the results 
among images, we substituted the absolute LST with the surface urban 
heat island (SUHI) of each LCZ, which was calculated as the difference 
between its LST value and the mean LST value of the LCZ D acquired in 
the same imagery. After that, we computed the Pearson correlation 
coefficients between Landsat-derived SUHI values and uncalibrated and 
calibrated ECOSTRESS SUHI values for different LCZs. In general, results 
obtained from the same observation direction demonstrate a stronger 
correlation, indicating higher comparability.

4. Results

4.1. Quasi-simultaneous multi-angle ECOSTRESS LST and enhanced LCZ 
map for thermal anisotropy assessment

With the assistance of GOES-R LST and in-situ AT data, we generated 
24 sets of multi-angle ECOSTRESS LST data for both summer and winter, 
with one set per hour within the 24-h diurnal cycle. This dataset pro
vides useful information on the LST anisotropy induced by differences in 
sun-surface-sensor geometries, particularly the variation of LST anisot
ropy with respect to the sensor viewing azimuth angle (Fig. 4). Fig. 4a, b 
and c show the spatial distribution of LST in the study area at 12:00 
during the summer, with variations in observation angles. E1, E2, and E3 
had similar differences in SZA and VZA (i.e., DZA) while exhibiting 
distinct patterns of SAA and VAA (i.e., DAA). Obvious thermal disparities 
were observed among them, with E1 and E2 displaying a noticeably 
larger high-temperature area than E3. E1 and E2 possessed closely 
comparable average regional LST of 328.8 K and 328.1 K, respectively, 
which were significantly higher than E3’s LST of 325.9 K observed from 
the opposite direction. The pixel-level analysis in Fig. 4d provided more 
detailed evidence for these anisotropy-caused LST differences. Fig. 3e, f 
and g illustrate the variations in LST at 11:00 during the winter under 
varying observation angles. E4, E5, and E6 had average LST of 297.5 K, 
296.7 K, and 296.3 K, respectively, implying a temperature decrease 
with increasing deviation of the satellite VAA from the SAA. Similarly, 
more hotspots were observed when the sensor was positioned on the 
same side as the sun. Additionally, LST variations observed among these 
images indicated partial evidence of seasonal fluctuations in thermal 
anisotropy characteristics (Fig. 4d and h).

We partitioned the study area into different LCZs with a spatial 
resolution of 200 m while applying slope and tree canopy cover as filters 
to enhance their representativeness (Fig. 5a). It can be seen that domi
nant LCZ classifications in the study area were LCZ 3 and C, distributed 
in the central and northern portions of the region, respectively. Mean
while, we examined the LCZ map with multiple thermal images (i.e., E1, 
E2, E3, E4, E5, and E6 in Fig. 4). As expected, LCZs exhibited different 
thermal patterns, and these discrepancies were consistently portrayed 
across varying images (Fig. 5b and c). For example, during midday in 
summer, LCZ C generally tended to have the highest LST, whereas LCZ D 
displayed the lowest values, with an average LST difference of about 4 K 
(Fig. 5b). Furthermore, there are smaller LST variations within the same 
LCZ, as evidenced by LST standard deviations predominantly ranging 
from 1 K to 2 K in summer and ranging from 0 K to 1 K in winter.

4.2. City-scale and LCZ-scale LST anisotropy simulated by the Vinnikov 
model

Figure 6 illustrates the angular distribution of the quasi- 
simultaneous multi-angle ECOSTRESS LST dataset. In total, there were 
164 samples during the summer, comprising 84 daytime samples and 80 
nighttime samples, while the winter season yielded a relatively smaller 
sample size of 132, with 64 images taken during the daytime and 68 
during the nighttime. In summer, the hours of 00:00, 12:00, and 23:00 
exhibited the highest frequency of multi-angle observations, each 
accumulating 10 samples. Conversely, the time slots of 02:00 and 03:00 
had the lowest occurrence, with only 3 samples each. In winter, the 
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hours of 16:00 and 18:00 recorded the highest number of samples, with 
9 samples each. The time slot of 08:00 had the fewest samples, with only 
2. The VZA was constrained within a narrow range of 30

◦

, whereas the 
VAA spanned a wide range from 0

◦

to 360
◦

. This differed obviously from 
the angular patterns of the commonly used MODIS products, which 
featured VZA ranging from 0

◦

to 65
◦

and fixed VAA in two directions. 
Meanwhile, LST observations acquired on different dates corresponded 
to unique solar geometries. The SZA displayed significant variations, 
ranging from 0

◦

to 90
◦

, primarily influenced by the observation dates 
and time of day, while the SAA generally underwent regular changes 
from sunrise to sunset.

Figure 7 depicts the seasonal and diurnal variations of LST anisot
ropy at the city scale simulated by the Vinnikov model. In this study, the 
simulated hemispherical anisotropy features were constrained within a 
30-degree VZA range, taking into account the sampling characteristics of 
ECOSTRESS. Meanwhile, the full 90-degree zenith angle range results at 
the city scale are presented in Fig. S6 in Appendix. The unknown pa
rameters A and D, which depend on surface cover structure, were 
determined by fitting the model to the multi-angle urban mean LST data. 

In summer, the fitted value for A was 0.001 and for D was 0.036, 
whereas during winter, the value for A was 0.018 and for D was 0.038. 
Fig. 7a, b, c and d illustrate the spatial distribution of anisotropy at 
varying times of day in summer. During the daytime, the anisotropy 
exhibited a prominent hot spot effect, characterized by higher values 
when the sensor was located close to the sun and lower values when it 
was positioned opposite to the sun. For example, at 12:00 with SZA of 
17

◦

and SAA of 151
◦

, the maximum thermal anisotropy (T/TN) could 
reach 1.007, while the minimum was 0.994. Furthermore, different time 
periods within the diurnal cycle had distinct anisotropic patterns, 
manifested as varying ranges and intensities of hot and cold spots. At 
nighttime, as solar radiation diminished, the distribution of anisotropy 
became more uniform and its values decreased. Fig. 7f, g, h and i 
demonstrate the spatial distribution of winter anisotropy, which differed 
from that in summer. Furthermore, we obtained the maximum LST 
differences (Maxdiff) induced by angular effects throughout the diurnal 
cycle, as shown in Fig. 7e and j. The Maxdiff demonstrated clear diurnal 
and seasonal variations. In summer, it exhibited an increase after sun
rise, followed by a decrease at noon, another increase in the afternoon, 

Fig. 4. Spatial distribution of the generated quasi-simultaneous multi-angle ECOSTRESS LST in the study area. The original ECOSTRESS imagery was obtained at: (a) 
E1: 11:32, 05 August 2022; (b) E2: 11:55, 06 August 2020; (c) E3: 11:32, 08 June 2020; (e) E4: 11:06, 08 February 2020; (f) E5: 10:39, 29 February 2020; (g) E6: 
11:27, 06 February 2021. All times are local time (UTC-7). The pixel-wise LST difference among these images in summer (d) and winter (h). DZA refers to the 
difference in zenith angles between the sun and the sensor. DAA denotes the difference in azimuth angles between the sun and the sensor.
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and a relatively constant low value during the nighttime. In winter, it 
increased after sunrise, reached its peak and remained stable around 
midday, reduced in the afternoon, and remained constant at night. 
Moreover, the Maxdiff was generally higher in winter than in summer, 
with maximum value reaching approximately 10 K in winter and 5 K in 
summer.

Figure 8 presents the statistics of the calibrated values of parameters 
A and D for different LCZs based on the results from 9546, 1969, 1059, 
1185, 8474, and 1281 LCZ pixels, respectively. We performed model 

parameter fitting for all LCZ pixels and then constructed boxplots for 
each LCZ using the values within the 10th and 90th percentiles to reduce 
noise. It can be found that these LCZs demonstrated similar variations in 
A values between different seasons. In summer, the mean A values for 
LCZ 3, 6, 9, 10, C, and D were − 0.001, 0.004, 0.005, − 0.008, − 0.001, 
and 0.021, while in winter, these values were 0.002, 0.004, 0.005, 
− 0.006, 0.004, and 0.004, respectively. Compared to A values, the 
seasonal variation of parameter D values, which reflected the solar 
geometric effects, was more pronounced, with higher values in winter 

Fig. 5. LCZ delineation (a) and the thermal discrepancy in these LCZs (b and c).

Fig. 6. Angular features of clear-sky ECOSTRESS LST data in Phoenix, Arizona, in summer (a) and winter (b). Time span: summer, May through September during 
2019 to 2022; winter, November to March during 2019 to 2023.
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across different LCZs. This could be partially explained by the obvious 
increase in LST contrasts among different facets due to the heating effect 
of solar radiation in colder environmental conditions during winter, 
resulting in greater anisotropy. This finding was consistent with that at 
the city scale. Additionally, the discrepancy in D values among LCZs was 
also notable, with summer averages of 0.032, 0.037, 0.036, 0.031, 
0.027, and 0.029, and winter averages of 0.048, 0.038, 0.037, 0.048, 
0.035, and 0.048, respectively.

Figure 9 shows the spatial distribution of LST anisotropy (T/TN) 
across LCZs simulated by the Vinnikov model. The simulations were 
conducted at 12:00 in both summer and winter, with solar geometry of 
(SZA: 17

◦

, SAA: 151
◦

) and (SZA: 50
◦

, SAA: 171
◦

), respectively. In sum
mer, LCZ 6, 9, and D demonstrated more pronounced and larger hot
spots. In winter, LCZ 3, 10, and D displayed larger hotspots, and their 

cold spot areas were also larger than other LCZs. The anisotropy 
magnitude of LCZs was notably higher in winter than in summer. 
Moreover, we quantified the maximum and minimum values of simu
lated anisotropy for each LCZ to provide a more direct understanding of 
the angular effects. In summer, the anisotropic values for LCZ 3 to D 
were as follows: (1.004, 0.996), (1.006, 0.996), (1.006, 0.996), (1.003, 
0.995), (1.004, 0.996), and (1.007, 0.999), while in winter, they were 
(1.011, 0.990), (1.009, 0.992), (1.009, 0.992), (1.010, 0.988), (1.009, 
0.992), and (1.012, 0.990), respectively.

4.3. Diurnality of LST anisotropic patterns in different LCZs by the 
Vinnikov-RL model

We furthered our understanding of the directional anisotropy signals 

Fig. 7. The simulated city-scale LST anisotropic patterns at different times of day in summer (a, b, c, and d) and winter (f, g, h, and i) based on the Vinnikov model. 
The diurnal variations of the maximum LST differences that can be caused by angular disparities in summer (e) and winter (j).
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exhibited by different LCZs through the diurnal cycle using the 
Vinnikov-RL model. Due to the limited availability of multi-angle 
ECOSTRESS data, we could only obtain LCZ-scale LST anisotropy for a 
few specific hours during the day. The value of parameter A in the model 
for each LCZ was determined by nighttime observations, and its nu
merical value aligned with that of the Vinnikov model, as both models 
assume the absence of the solar kernel or hotspot kernel during daylight 
hours. Fig. 10 shows the statistical analysis of the remaining two pa
rameters, R and k, in the Vinnikov-RL model, calibrated at 07:00, 10:00, 
12:00, 14:00, and 15:00 during summer daytime. Specifically, R (i.e., 
(THS-TN)/TN) controls the intensity of the hotspot effect, while k adjusts 
the shape of the hotspot. A larger R value generally indicates a greater 
temperature difference between the solar incidence angle and the nadir 
angle, representing a stronger magnitude of LST anisotropy. Meanwhile, 
a larger k value signifies a narrower width of the hotspot. The R values of 
different LCZs demonstrated an overall higher trend around midday (i. 
e., 10:00 and 12:00) while displaying lower values in the morning and 
afternoon. In general, higher solar radiation was more likely to 
contribute to a stronger hotspot effect. Meanwhile, the k values man
ifested a similar pattern, with larger values at noon and smaller values in 
the morning and afternoon. To minimize the influence of outliers, we 
subsequently employed the median values of the R and k parameters to 
establish the model for simulating LST anisotropy for each LCZ.

The simulation results of diurnal variations in the LST anisotropy for 
different LCZs in the study area are depicted in Fig. 11 and Fig. S7 in the 
Appendix. It was evident that the Vinnikov-RL model outperformed the 
Vinnikov model in capturing the hotspot effect. The thermal anisotropy 
of LCZs exhibited distinct diurnal dynamics, with the hotspot effect 
being more pronounced and concentrated at noon. At varying times of 
day, LCZ 6, 9, and D usually displayed higher hotspot intensity and 
width than other LCZs. Furthermore, the thermal anisotropy signal of 
LCZ D, characterized by a landscape dominated by low plants, differed 
significantly from other built structures. The increased presence of trees 
in urban landscapes may alter the configuration of shadows in diverse 
directions, thereby contributing to a more complex anisotropy. We also 
summarized the maximum and minimum values of the LST anisotropy 
for LCZs at different times in the day and night, as presented in Table S2 
in the Appendix.

Figure 12 demonstrates the statistics of the parameters R and k for 
different LCZs in winter, calibrated at 10:00, 13:00, and 14:00. The 
higher R values occurred at 14:00, followed by 13:00 and 10:00, 

indicating a stronger amplitude of hotspot effect at 14:00. The simula
tion results for each LCZ were shown in Fig. 13 and Fig. S8 in the Ap
pendix. Overall, in winter, the cold spot effect was relatively more 
pronounced at various daytime moments. The hotspot effect was not 
significant at 10:00 but became prominent at 14:00. Moreover, LST 
anisotropy during the nighttime could be considered negligible. In 
comparison to 14:00 in summer, the hotspot domain and intensity were 
more notable at 14:00 in winter, but this contrast was reversed at 10:00. 
The seasonal variations in solar radiation intensity and direction, 
influenced by the position of the sun relative to the earth, led to dis
parities in heating efficiency among various landscape configurations, 
thereby making the attribution of LST anisotropy patterns in different 
LCZs more complex across seasons. Table S3 in the Appendix provided 
the maximum and minimum values of the simulated LST anisotropy for 
LCZs in winter.

4.4. Validation

The correlation of Landsat-derived SUHI with ECOSTRESS-derived 
SUHI, the Vinnikov-calibrated ECOSTRESS SUHI, and the Vinnikov-RL 
calibrated ECOSTRESS SUHI yielded 0.588 (p < 0.05), 0.669 (p <
0.01), and 0.851 (p < 0.01), respectively, as shown in Fig. 14. It was 
evident that obvious disparities existed between the ECOSTRESS ob
servations acquired from different off-nadir angles and the Landsat ob
servations at the nadir, although some discrepancies could be attributed 
to factors such as weather variations and systematic errors. The weak 
correlation implied limited comparability between them, which hin
dered the synergistic use of the two high-resolution remote sensing 
products. In contrast, the calibrated ECOSTRESS observations exhibited 
a strong correlation with the Landsat observations, highlighting the 
necessity and effectiveness of LST anisotropy correction. Furthermore, 
the results showed that the Vinnikov-RL model had better performance 
in quantifying the LST anisotropy than the Vinnikov model.

5. Discussion

Record-breaking high temperatures have led to increasingly severe 
health crises and economic losses, particularly in urban areas with dense 
populations. Fine-scale three-dimensional surface temperature 
modeling in cities is essential for significantly improving urban heat 
exposure and health assessments, and analyses of building energy 

Fig. 8. Boxplots of the Parameter A and D for different LCZs in summer (a) and winter (b).

Y. Chang et al.                                                                                                                                                                                                                                  Remote Sensing of Environment 322 (2025) 114705 

12 



consumption and heat emissions (Stewart et al., 2021). With the ad
vancements in Space-Air-Ground integrated monitoring technologies, a 
pressing challenge in urban thermal remote sensing is the utilization of 
diverse LST datasets, particularly low-cost and spatially and temporally 
continuous satellite-derived observations, to estimate detailed three- 
dimensional surface temperatures (Li et al., 2023). This study is the 
initial step in addressing this challenge by analyzing LST anisotropy 
using high spatial and temporal resolution ECOSTRESS observations, 
establishing a foundation for the forthcoming synergistic utilization of 
aerial and satellite data. LST anisotropy research also holds great sig
nificance for enhancing the quality of remote sensing data products, a 
deeper understanding of spatiotemporal variations in surface energy 
fluxes, land surface process and climate models. This study investigated 
the characteristics of urban thermal anisotropy and its diurnal/seasonal 
variations for different LCZs with multi-angle ECOSTRESS LST data from 
space. To our knowledge, it is the first exploration of urban LST 

directional effects at 200-m fine spatial resolution based on space-borne 
observations. The results can contribute to understanding and applica
tion of satellite-derived multi-angle thermal data in complex urban en
vironments and also have implications for improving the spatiotemporal 
comparability of multi-source LST products and achieving their 
harmonization.

5.1. Benefits of ECOSTRESS observations in exploring directional 
variability of urban LST

This research offers a valuable reference for characterizing the urban 
thermal anisotropy at fine spatial and temporal scales using ECOSTRESS 
LST product. The diverse building morphology and arrangements 
complicated the directional thermal anisotropy in the urban domain, 
necessitating more relevant efforts to optimize urban remote sensing 
measurement (Hu and Wendel, 2019). This study showcases and 

Fig. 9. The simulated LST anisotropic patterns of different LCZs at 12:00 in summer (a) and winter (b) based on the Vinnikov model.
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highlights the potential of new ECOSTRESS observations in exploring 
the directional variability of urban LST. The results demonstrated that 
ECOSTRESS, with its high-frequency and finer-resolution measure
ments, enables a more detailed characterization of the heterogeneity in 
urban LST anisotropy at large spatial scales. Compared to prevailing 
studies on anisotropy based on 1 km or coarser satellite observations, the 
introduction of multi-angle ECOSTRESS LST dataset is capable of 
capturing a wider range of urban surface types, thereby benefiting the 
assessment and development of practical parametric models that can be 
implemented at various satellite scales (Qin et al., 2023; Wang et al., 
2023). In recent years, unmanned aerial vehicle (UAV) observations 
have been increasingly utilized for studies on thermal anisotropy over 
different underlying surfaces. However, UAV-based experiments are 
constrained to small-scale investigations at sub-meter resolutions (Bian 
et al., 2021; Jiang et al., 2022). ECOSTRESS observations can server as a 
valuable complement to current anisotropic studies, as with 70 m spatial 
resolution it can bridge the gap between existing satellite and UAV 
measurements (Cao et al., 2019; Yang et al., 2020). Furthermore, the 
integration of ECOSTRESS data with UAV-based experiments holds 
promise for separating land surface component temperatures to enhance 
urban climate research.

Accordingly, we proposed an effective approach for generating a 
quasi-simultaneous multi-angle ECOSTRESS LST dataset by eliminating 
the impacts of weather-related and diurnal LST variations. In this 
method, angle-independent air temperature was used to estimate the 
impacts of weather variability on the variations in AT and LST, which is 
a widely employed approach in current studies (Hu et al., 2016; Wang 
et al., 2022b). To meet the objective of this study, we refined the 

methodology by utilizing hourly GOES-R LST observations to distribute 
weather-related temperature anomalies, as captured by in-situ air tem
perature, onto 2-km grids over the study area. Specifically, an adjust
ment term ε(t) was introduced to account for the random error of GOES- 
R observation and to mitigate the disparities between estimated values 
and the reference values. In comparison to the methodology proposed by 
Hu et al. (2016) and Wang et al. (2022b), this updated approach further 
accounted for the spatial variability of temperature anomalies caused by 
day-to-day weather changes, which is more advantageous for refining 
LST with more spatial details. Despite the progress made, it remains 
challenging to fully eliminate the impact of weather variability on LST 
variations in the foreseeable future (Fu and Weng, 2016). Meanwhile, 
the results from in-situ validation have also indicated the effectiveness 
and feasibility of the proposed method, as evidenced by the strong 
correlation between the estimated values and the reference values. In 
addition, as the first effort to utilize multi-angle ECOSTRESS observa
tions for investigating urban thermal anisotropies by LCZs, this study 
employed a space-for-time substitution approach to derive representa
tive anisotropic profiles for different LCZs. Following a rigorous LCZ 
optimization process (Fig. S9), the analysis was restricted to retaining 
only the LCZ classes with a sufficiently large number of pixels (Ermida 
et al., 2017). To reduce the inherent LST retrieval and observational 
noise, the anisotropic profiles for LCZs generated in this study were 
derived through spatial aggregation. A total of 11,934 LCZ 3 pixels, 
2463 LCZ 6 pixels, 1325 LCZ 9 pixels, 1483 LCZ 10 pixels, 10,594 LCZ C 
pixels, and 1601 LCZ D pixels were utilized to ensure a robust statistical 
representation of the anisotropic characteristics.

Fig. 10. Boxplots of the Parameter R and k for different LCZs at varying times over the 24-h diurnal cycle in summer: (a) 07:00, (b) 10:00, (c) 12:00, (d) 14:00, and 
(e) 15:00.
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5.2. New insights into fine-scale urban thermal anisotropies within local 
climate zones

The findings yielded fresh insights into the spatial and temporal 
variations of anisotropy in satellite-based LST observations. By 
analyzing four years of data, we elucidated the angular patterns of the 
ECOSTRESS product, characterized by more pronounced variations in 
VAA compared to the VZA. Contrasting with prior studies based on 
observations from geostationary and polar-orbiting satellites, the find
ings of this study depended on a broader range of azimuth angle sam
ples, thereby enhancing the understanding of how variations in VAA 

affected urban LST measurements (Ermida et al., 2017; Wang et al., 
2022b). The direct evaluation of the adjusted multi-angle ECOSTRESS 
LST revealed that VAA variations can lead to large disparities in LST 
measurements. During summer midday, these differences could result in 
an average regional LST error of about 3.0 K, whereas in winter, the 
impact was smaller, approximately 1.2 K. Similar influences have been 
observed in previous studies utilizing UAV measurements, but have not 
been captured in most satellite-based research (Jiang et al., 2022; 
Lagouarde et al., 2012). We found that the city-scale Maxdiff in Phoenix 
exhibited distinct diurnal and seasonal patterns, with daytime values 
exceeding nighttime values, winter values exceeding summer values, 

Fig. 11. Polar diagrams of the simulated LST anisotropic patterns for different LCZs at varying times of day in summer based on the Vinnikov-RL model: (a) LCZ 3, 
(b) LCZ 9, and (c) LCZ C.
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and nighttime values remaining relatively consistent. These findings are 
comparable to previous studies based on experimental data or satellite 
observations (Lagouarde et al., 2010; Wang et al., 2022b). The seasonal 
difference in Maxdiff, with winter values exceeding summer values, 
arises from the combined effects of urban surface characteristics and 
sun-surface-sensor geometries (Ermida et al., 2017). The larger night
time differences in seasonal Maxdiff can be attributed to the significant 
variations in urban surface features (e.g., vegetation cover) between 
summer and winter. More importantly, we generated LCZ-scale anisot
ropy profiles with a 200-m spatial resolution, which was a delightful 
advancement towards the practical application of urban thermal 
anisotropy research. Currently, the detailed assessment of urban heat 
stress increasingly relies on the integration of high-resolution multi- 
source remote sensing data (e.g., airborne data, ECOSTRESS, Landsat, 
and foreseen TRISHNA) to inform urban planning strategies targeting 
future global warming (Lyu et al., 2023; Xia et al., 2022). Meanwhile, 
LCZ serves as an effective approach for deconstructing urban hetero
geneity and is generally a fundamental unit in existing urban climate 
studies (Huang et al., 2023; Stewart and Oke, 2012). The anisotropic 
profiles for LCZs can contribute to the harmonization of multi-source 
LST data and the development of urban 3-D LST datasets, enabling 
more accurate explorations of building energy demands and the heat 
risks in cities (Stewart et al., 2021; Yang et al., 2023). For example, Yang 
et al.’s (2020) study focused on estimating the complete surface tem
perature from nadir-viewing Landsat and ASTER observations by a semi- 
empirical model. Although the methodologies differ, these two studies 
share the same goal of optimizing the use of space-borne LST observa
tions for various scientific inquiries. In conjunction with the semi- 
empirical model proposed by Yang et al. (2020), further research can 
explore the diurnal variations of complete surface temperature and 
urban surface energy exchange in diverse urban structures by attempt
ing the nadir correction of ECOSTRESS observations using the LCZ-scale 
anisotropic profiles generated in this study. Furthermore, the validation 
results based on Landsat data can also support this point. The results 
suggested that after angular correction, the thermal information pro
vided by Landsat and ECOSTRESS demonstrated enhanced compara
bility, allowing for their joint utilization.

In addition, the findings unveiled diurnal and seasonal variations in 
the anisotropic characteristics exhibited by various LCZs. The thermal 
contrast between surface components is the primary driver of LST 
anisotropy (Voogt and Oke, 2003). During summer, LCZ 6, 9, and D 
generally exhibited higher anisotropy compared to other LCZ types (i.e., 
LCZ 3, 10, and C), characterized by more pronounced hotspot intensity 
and width. This can be partly attributed to the relatively higher het
erogeneity in surface structures, where the mixture of buildings and 
vegetation exacerbates temperature differences among components 

under varying environmental conditions (Bian et al., 2021; Hu and 
Wendel, 2019). The daytime anisotropy of different LCZs was typically 
more obvious in the winter than in summer, especially for LCZ 3 and LCZ 
10. These regions had higher proportion of impervious surfaces and 
walls compared to other classes, and the warming effect of solar radia
tion on these surfaces was more evident in the winter, leading to larger 
component temperature differences and, consequently, greater anisot
ropy (Krayenhoff and Voogt, 2016; Morrison et al., 2023). The notable 
disparities in hot/cold spot intensity and range among various building 
structures also encourage more extensive investigation of thermal 
anisotropy across diverse underlying surfaces to enhance the interpre
tation and application of LST data (Qin et al., 2023). The anisotropic 
features of LCZ 1 and 4, characterized by high-rise buildings, were not 
analyzed in this study due to the rigorous optimization process applied 
to LCZs. Our near future research endeavors will also pay attention to 
high-rise buildings, for which there may be two distinct approaches to 
generate the corresponding thermal anisotropic profiles: 1) the syner
gistic utilization of multi-source remote sensing data, including MODIS, 
Landsat, ASTER, and ECOSTRESS, and 2) the integration of UAV ex
periments with ECOSTRESS observation. Furthermore, we will explore 
variations in LCZ-scale LST anisotropy patterns and their driving 
mechanism in cities under varying climatic zones and with diverse 
terrain and land cover conditions. We have applied the methodology 
proposed in this study to Salt Lake County, Utah, where the predominant 
LCZ types are LCZ 6, LCZ 9, LCZ A, LCZ C, and LCZ F, and the relevant 
results are presented in Fig. S10 – Fig. S17 and Table S4 in appendix. 
This exploration supports the great potential of our methodology for 
application in regions with a considerable number of available ECO
STRESS LST observations.

5.3. Implications for the operational use of parametric models in LST 
angular normalization

This study has implications for the operational use of the three- 
parameter Vinnikov and four-parameter Vinnikov-RL models in the 
angular normalization of satellite LST products. Due to the lack of multi- 
angle satellite observations, previous evaluations of kernel-driven 
models at a fine scale mostly relied on computer-simulated multi- 
angle LST data for simplified urban landscapes (Jiang et al., 2021). 
Evidently, these simplifications limited their capability in representing 
the complexity of real-world urban texture (e.g., building 3-D structure, 
material, and roughness) and the corresponding impacts on surface 
temperature (Wang et al., 2022a). The Vinnikov-RL model, proposed by 
Ermida et al. in 2018, is a new model that combines the Vinnikov and RL 
models. Specifically, it replaces the solar kernel of the Vinnikov model 
with the RL hotspot model. Such a combination serves the purpose of 

Fig. 12. Boxplots of the Parameter R and k for different LCZs at 10:00 (a), 13:00 (b), and 14:00 (c) in winter.

Y. Chang et al.                                                                                                                                                                                                                                  Remote Sensing of Environment 322 (2025) 114705 

16 



Fig. 13. Polar diagrams of the simulated LST anisotropic patterns for different LCZs at varying diurnal times in winter based on the Vinnikov-RL model.

Fig. 14. Correlations of Landsat based SUHI to original ECOSTRESS SUHI (a), Vinnikov model corrected ECOSTRESS SUHI (b), and Vinnikov-RL model corrected 
ECOSTRESS SUHI (c).
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integrating the strengths of both models or overcoming the respective 
limitations of each. However, as stated by the authors, the Vinnikov-RL 
model should not be simply regarded as an improved version of the 
Vinnikov or RL model, but rather as a modified variant of it. Their 
validation results merely suggest that the Vinnikov-RL model can reli
ably correct the directionality of LST with high quality, particularly 
showing improvements in performance for low tree densities and during 
nighttime. Consequently, Cao et al. (2021) and Jiang et al. (2021)
conducted further tests using computer simulation datasets and MODIS 
datasets to evaluate different models’ performance in different sce
narios. However, it is evident that the comparisons have only been 
conducted under a few specific scenarios, with limited representation of 
urban surfaces and observational times. This study assessed the perfor
mance of two models in correcting angular effects in urban areas using 
nadir observations from Landsat. The results suggested that both models 
could effectively correct multi-angle observations from ECOSTRESS, 
achieving a satisfactory level of consistency with the nadir observations. 
Notably, the Vinnikov-RL model outperformed the Vinnikov model, 
which is attributed to its explicit consideration of the hotspot effect.

This study presented the initial attempt to statistically quantify the 
coefficients of two representative kernel-driven models for 200-m LCZs 
within a large spatial extent. Such exploration should be a necessary step 
before the operational use of kernel-driven models in satellite LST 
products, while also advocating for more research on the anisotropy of 
actual underlying surfaces at the satellite observational scales (Cao 
et al., 2019). The findings revealed obvious variations in the parameters 
derived from the Vinnikov model among different LCZs but good con
sistency within the same LCZ. This partly underscored the robust per
formance of the linear Vinnikov model in fitting these irregularly 
distributed ECOSTRESS observations (Ermida et al., 2017). The 
nonlinear Vinnikov-RL model appeared to impose a higher demand for 
the configuration of observation angles when calibrating model pa
rameters (Ran et al., 2022). Therefore, despite obtaining multi-angle 
observations at different times of the day, we could only achieve satis
factory fitting results for a limited number of time points. Moreover, the 
distribution of fitted parameters across different LCZs was not as smooth 
as that of the Vinnikov model. On the other hand, the visualized simu
lation results also supported the point that the Vinnikov-RL model, by 
virtue of its intrinsic design, outperformed the Vinnikov model in 
effectively capturing hotspot effects, while allowing for the adjustment 
of its parameters ΔTHS and k within the diurnal cycle (Cao et al., 2021; 
Ermida et al., 2018). Overall, while the validation results also indicated 
the better correlation performance of the Vinnikov-RL model compared 
to the Vinnikov model, the Vinnikov model remains a viable and 
convincing option in many situations.

5.4. Limitations

Some limitations and uncertainties in the analyses deserve to be 
noted. First, the multi-angle ECOSTRESS LST observations were ac
quired on different days with varying weather and atmospheric condi
tions. In this study, aided by GOES-R LST and in-situ air temperature 
data, we generated a quasi-simultaneous multi-angle ECOSTRESS LST 
dataset by minimizing the impacts of weather-related and diurnal LST 
variations. However, given the high spatiotemporal heterogeneity of 
LST, this approach may not entirely dissolve uncertainties. Second, 
limitations exist when simulating LST anisotropy using ECOSTRESS 
observations. Due to the constraints of sensor VZA, the simulated LCZ- 
scale results only reflect LST anisotropy situations within a VZA of 
30◦. Owing to the limited ECOSTRESS samples, the findings can only 
provide statistical profiles of LCZ-scale LST anisotropy aggregated over 
time. Besides, only three pairs of Landsat/ECOSTRESS images were 
available for model performance assessment. Given the dependence of 
kernel models on sampling angles, further research will prioritize the 
integration of UAV-based observations to enable more context-specific 
validation, thereby improving the calibration of urban LST anisotropy 

at finer spatiotemporal scales. The future availability of a longer ECO
STRESS record will also alleviate these limitations. Third, this study only 
shows LST anisotropic patterns of six LCZ types and the performance of 
two representative kernel-driven models. Benefiting from the global 
high-frequency sampling capability of ECOSTRESS, we will extend our 
research to other regions with diverse underlying surfaces, where there 
are more available ECOSTRESS observations and additional high- 
resolution multi-angle remotely sensed LST data.

6. Conclusions

Given the ongoing acquisition of thermal observations from space, 
understanding LST anisotropy becomes crucial not only for ensuring the 
accurate interpretation of LST observations and comparability of multi- 
source LST products but also for enhancing confidence in their practical 
applications. This study utilized multi-angle LST observations from 
ECOSTRESS to investigate the seasonal and diurnal variations of urban 
thermal anisotropy at both the city and 200-m LCZ scales in Phoenix 
City, Arizona. Our findings revealed that ECOSTRESS observations 
manifested unique angular patterns, featuring substantial variations in 
VAA and limited changes in VZA within a 30◦ range. An effective 
method was developed to generate the quasi-simultaneous multi-angle 
ECOSTRESS LST dataset for each hour of the day (i.e., a 24-h period) in 
summer and winter. Based on this dataset, Vinnikov and Vinnikov-RL 
models were employed to assess the angular effect on LST measure
ments. The results demonstrated that angular effect led to notable var
iations in the observed LST, with potential deviations at the city scale of 
up to 10 K during winter and around 5 K during summer relative to the 
nadir LST. Furthermore, our findings suggested that LST anisotropy 
exhibited distinct diurnal and seasonal patterns across LCZs, charac
terized by prominent variations in intensity and width of hot/cold spots. 
In both summer and winter, LCZ 6, 9, and D usually displayed higher 
hotspot intensity and width than other LCZs at varying times of day. 
During nighttime, the directional signal of LST was not prominent and 
could be ignored. The generated LCZ-scale anisotropy profiles can sup
port the angular correction of multi-source LST observations. Addi
tionally, the validation results showed that the Vinnikov-RL model had 
good performance in accurately simulating diurnal LST anisotropy over 
LCZs. Our study highlights the potential of multi-angle ECOSTRESS LST 
observations for exploring urban thermal anisotropy. Future research 
will prioritize the integration of ECOSTRESS observations with other 
remotely sensed LST measurements (e.g., airborne, Landsat, MODIS, and 
foreseen TRISHNA data) to generate comprehensive urban thermal 
anisotropy profiles globally at different spatial and temporal scales. 
Besides, efforts will be made to harmonize multi-source LST data to 
improve urban climate research.
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