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Abstract: The Landsat land surface temperature (LST) product is widely used to understand the
impact of urbanization on surface temperature changes. However, directly comparing multi-temporal
Landsat LST is challenging, as the observed LST might be strongly affected by climatic factors. This
study validated the utility of the pseudo-invariant feature-based linear regression model (PIF-LRM)
in normalizing multi-temporal Landsat LST to highlight the urbanization impact on temperature
changes, based on five Landsat LST images during 2000–2018 in Changsha, China. Results showed
that LST of PIFs between the reference and the target images was highly correlated, indicating high
applicability of the PIF-LRM to relatively normalize LST. The PIF-LRM effectively removed the
temporal variation of LST caused by climate factors and highlighted the impacts of urbanization
caused land use and land cover changes. The PIF-LRM normalized LST showed stronger correlations
with the time series of normalized difference of vegetation index (NDVI) than the observed LST
and the LST normalized by the commonly used mean method (subtracting LST by the average,
respectively for each image). The PIF-LRM uncovered the spatially heterogeneous responses of LST
to urban expansion. For example, LST decreased in the urban center (the already developed regions)
and increased in the urbanizing regions. PIF-LRM is highly recommended to normalize multi-
temporal Landsat LST to understand the impact of urbanization on surface temperature changes
from a temporal point of view.

Keywords: spatiotemporal change; pseudo-invariant feature; relative normalization; urban
expansion; urban heat island

1. Introduction

Rapid urbanization changes land surface characteristics tremendously and causes
significant increases in urban temperatures compared to the rural surroundings, which
is also known as the urban heat island (UHI) effect. The UHI has significant ecological
and environmental impacts such as disturbed terrestrial carbon dynamics [1,2], increased
cooling energy consumption [3,4], and elevated risk of heat-related illness [5,6]. Nowadays
the UHI is no longer a unique issue for large cities but is becoming a pressing environmental
concern for medium- and even small-sized cities as well. It is not surprising that the number
of UHI studies has increased exponentially over the last forty years [7].

Previous studies have identified urban expansion as one of the major drivers of surface
temperature increases. Most of these studies have pointed out that (1) urban areas covered
with buildings, roads, and other manmade features are warmer than the surrounding
rural areas with natural land cover types; (2) hot areas are getting hotter, and areas with
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high temperatures tend to expand spatially [8–11]. Most studies attribute these patterns
to an extensive replacement of natural areas by impervious urban land cover. Yet how
urban climate responds to the land cover changes that occurred at different stages of urban
expansion has been largely overlooked. For example, the beginning phase of urbanization
usually comes with a great decline of vegetated areas. Following the decline, there might
be a recovery phase of vegetation as urban expansion unfolds [12,13]. As urban expansion
and urban greening temporally interact with each other, the amount of vegetation may
increase or decrease at different stages of urbanization. A thorough understanding of the
coupled impacts of urban expansion and urban greening on the urban temperature is of
great importance for better urban planning and management.

The Landsat land surface temperature (LST) product is among the most widely used
datasets to study urban surface temperature changes. Because of its high spatial resolution,
global spatial coverage, and more than 40 years of data archiving, the Landsat LST product
has been frequently used to investigate the spatiotemporal variation of the urban climate in
response to urban expansion [9,14–19]. However, unlike the Moderate-resolution Imaging
Spectroradiometer (MODIS) LST data with daily observations, Landsat scans the Earth
around twice per month, resulting in limited datasets, especially for regions with frequent
rain and cloudy days. For some years, there is even no image that is usable to study the
LST patterns. Moreover, it is challenging to investigate the urbanization impact on surface
temperatures using the Landsat LST data, because the observed changes in the LST often
contain multiple signals, including the effects of land use and land cover (LULC) change
(e.g., urban expansion), climate variations (e.g., seasonal variation, daily variation), and
some other effects. Taking a weather station in Changsha, China, as an example, Figure 1
shows a time series of the daily maximum air temperature (grey circles in Figure 1a) and
daily MODIS LST (grey circles in Figure 1b) observed for the weather station for the period
from 2000 to 2020. From the figure, both the air temperature and the MODIS LST display
strong intra-annual variations, but very minimal inter-annual variations, as the fitted
regression line for both graphs is almost flat (grey line in Figure 1a,b). To compare their
data values with Landsat LST, we selected five days within the time series when Landsat
LST images were available. We then obtained air temperature recordings and MODIS LST
collected at the same day around the same time. The red dots in Figure 1b represent the five
Landsat LST observations, and the blue dots in Figure 1a,b represent the air temperature
and MODIS LST, respectively. Both air temperature and the two LSTs for the selected
days show a completely different temporal trend than that with the daily temperature.
The Landsat LST data points show a strong annual LST increase of more than 20 K. It is
doubtful that the more than 20 K temperature increase is caused by the LULC change in
the city alone. Therefore, there is a significant amount of uncertainty if we were to use the
Landsat LST of the selected days directly to investigate the urbanization effects. In this
example, the impacts of urbanization in Changsha would be significantly overestimated by
using the raw Landsat LST in several selected days without any adjustment.

Relative normalization methods have been adopted to correct the “unexpected” sig-
nals in the LST images. The two most commonly used normalization methods are the
centralization method (subtracting the pixel values by the average of the study area, called
MEAN hereafter) [18,20,21] and the minimum–maximum normalization method [9,22].
Similar to the histogram matching method, the MEAN method subtracts the average of
each LST image from its original values. The minimum–maximum normalization method
normalizes each LST image to a range of 0 to 1. Despite these methods being the most
commonly adopted, they have limitations, as they normalize LST solely based on the
spatial variation of LST in each individual image and fail to consider the impacts from
temporal LST changes over time.
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Figure 1. Time series of daily maximum air temperature (a) and MODIS Terra daytime LST (b)
for a weather station in Changsha, China, from 2000 to 2020. The grey lines are the fitted linear
regression lines; the blue points are air temperature and MODIS LST for the days when Landsat LSTs
are available; the red points are Landsat LST of the selected days.

The pseudo-invariant feature (PIF)-based linear regression method, hereafter referred
to as the PIF-LRM, is a temporally relative normalization method that addresses the limita-
tions of the spatially relative normalization method as mentioned above. The PIF-LRM
assumes the observed radiometric changes in different dates are caused by a range of
factors including LULC change, atmospheric factors (i.e., annual variation, seasonal varia-
tion, daily variation, and diurnal variation), and other random effects. The atmospheric
effects are homogeneous across the study area and can be modeled using a linear regres-
sion model [23–25]. The PIF-LRM has been successfully applied to temporally normalize
vegetation index (e.g., normalized difference of vegetation index (NDVI)) [26], nighttime
light images [27], and LST images [28]. For instance, Rajasekar and Weng [28] applied the
PIF-LRM to normalize multi-temporal LST images for a better understanding of the spa-
tiotemporal UHI pattern in Indianapolis, USA. Rahman, Hay, Couloigner, Hemachandran
and Bailin [21] demonstrated that the PIF-LRM is effective in normalizing high-resolution
thermal infrared airborne images of different flight lines for mosaicking. However, few
studies have utilized the PIF-LRM normalized LST to study the impact of urbanization on
urban surface temperatures.

Taking Changsha, a rapidly urbanizing city in China as a case study, we aimed to
evaluate the performance of the PIF-LRM method in temporally normalizing LST. Taking
five Landsat LST images from 2000 to 2018, we compared the effectiveness of the PIF-
LRM and the widely used MEAN method in characterizing the LST changes in Changsha.
The comparative study was conducted at three scales: study area, zones with different
urbanization stages, and representative function zones. Findings of this study can help
better understand the spatiotemporal evolution of urban temperature as a result of the
LULC change, and provide guidelines for sustainable city development and management
under rapid urban expansion.
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2. Study Area and Dataset
2.1. Study Area

Changsha (112.59 E, 28.12 N), the capital city of Hunan province, is located in southeast
China (Figure 2). It has a subtropical monsoon climate with an annual temperature of
17.2 ◦C and annual precipitation of 1361.6 mm. Changsha has long and hot summers with
~85 days warmer than 30 ◦C and ~30 days warmer than 35 ◦C in a year. There are three
major rivers (i.e., Xiangjiang river, Liuyang river, and Laodao river) flowing through the
city. Changsha is home to 7.92 million people and generated a gross domestic product of
1053.55 billion CNY in 2017. Changsha has experienced rapid urban expansion with the
urbanization rate (percent urban population) increasing from 20.5% in 1978 to 77.6% in
2017 and the urban built-up area expanding from 53 km2 in 1978 to 435 km2 in 2017 [29].
Accompanying the rapid urbanization is the intensified surface UHI, which increased from
3.1 ◦C in 1994 to 4.5 ◦C in 2015 based on the remote sensing monitoring [30]. The policy of
urban greening has been designed and implemented to mitigate the UHI. Our study area
is the most developed region in the city (i.e., the area within the third ring road) with an
area of ~680 km2 (Figure 2). Water was excluded in our analysis.
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Figure 2. Study area: location of Hunan province in China (a), location of the study area in Changsha
City and Hunan province (b), and Landsat image of the study area in 2018 (c).

2.2. Dataset

Landsat Collection 2 Level-2 Science Product from USGS (i.e., surface reflectance
and surface temperature) was used for the LST. According to the Landsat Collection 2
Level 2 Science Product Guide, the LST was generated using the Landsat single channel
surface temperature algorithm (Version 1.3.0). Three Landsat 5 Thematic Mapper (TM)
images, namely from 2000 (13 September), 2004 (24 September), and 2009 (21 August); and
two Landsat 8 Operational Land Imager (OLI) images, namely from 2013 (31 July) and
2018 (29 July), were acquired from the U.S. Geological Survey (USGS). These data were
selected based on the principles of (1) cloud-free, (2) taken in hot months (in summer or
early fall), and (3) close time interval (about 4–5 years). We used images of path 123 and
row 40, which covers almost the entire study area except for a small fraction in the south
(Figure 2). Figure 3 displays the selected Landsat images, and Supplementary Table S1
shows properties of these images.
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3. Methods

Our methods include three steps (i.e., mapping urban expansion, normalizing LST,
and validation). Figure 4 shows the flowchart of the methodology.
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Figure 4. Workflow of the study.

3.1. Mapping Urban Expansion

To identify areas with different urbanization stages, we mapped urban expansion
in the selected five years based on the Landsat images. First, we classified the Landsat
image into three land cover classes (i.e., developed impervious land, vegetation, and water)
based on the threshold method [31]. Water was firstly mapped by the modified normalized
difference water index (MNDWI) [32], then vegetation was mapped by NDVI, and the
remaining land cover was classified as developed impervious land because there is little
bare land during the growing season. From the developed impervious land class, we
removed the rural settlements such as the small patches far away from the city based on
the high-resolution images from Google Earth. Finally, we reclassified the undeveloped
lands that are surrounded by the identified developed land in the previous step as urban.
For example, the urban parks and lakes in the highly developed area were treated as
urban because they are important components of the urban ecosystem. The urban extent is
analogous to previous studies focusing on the city-level UHI [33–36]. The accuracies of the
mapped urban areas in the five years were 97%, 94%, 96%, 98%, and 93% for 2000, 2004,
2009, 2013, and 2018, respectively. The derived urban boundaries in each year are displayed
in Figure 3, and Supplementary Figure S1 shows the urban area in different years.

3.2. Normalizing LST Using PIF-LRM

The PIF-LRM method takes the assumption that surface temperatures stay constant
when no LULC change takes place. The differences, if they exist, should result from climate
or systematic effects but not from LULC change [21,26,28]. We modeled the climate effect
by performing the linear regression model between the PIFs of the target and the reference
images. We identified the PIFs based on the NDVI and normalized difference building
index (NDBI) of the reference and target images. We first calculated the absolute difference
of the metrics between the target and reference images (2009 in this study). Then we
selected pixels that fell within the 10th quantile of the absolute difference for both the
NDVI and NDBI. Finally, we obtained the intersection of these two sets of pixels and
treated them as PIFs. This ensured that the selected PIFs had few NDVI and NDBI changes
between the reference and target images.

With the identified PIFs, we built linear regression models shown in Equation (1).

LSTPIF(r) = a + b × LSTPIF(t) + εr (1)
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where LSTPIF(r) and LSTPIF(t) are the LST of the PIFs in the reference and target images,
respectively, a and b are regression coefficients, and εr is the residual. We selected 2009 as
the reference year because it was in the middle of the study period. All other years were
corrected in reference to the 2009 image. Once the regression coefficients were estimated,
the fitted regression model was then applied to the whole target image (Equation (2)).

LSTn = a + b × LSTt (2)

where LSTn is the temporally normalized LST, and LSTt is the observed or raw LST in the
target year.

3.3. Validation

We tested the effectiveness of the PIF-LRM method by studying the temporal LST
changes at three scales—study area, zones of different urbanization stages, and representa-
tive functional units. Then, we examined the temporal patterns of the PIF-LRM normalized
LST in comparison with the observed LST and MEAN normalized LST. Finally, we eval-
uated the consistency and statistical relationship of the PIF-LRM normalized LST with
the NDVI.

4. Results
4.1. Urban Expansion

Based on our mapping results, Changsha experienced rapid urban expansion with
its urban areas increases of 218% from 124 km2 in 2000 to 396 km2 in 2018 (Figure 5a).
There was a greater rate of urban expansion from 2000 to 2009, and the rate declined after
2009. The urban expansion followed a pancake-shaped spatial form, especially east of the
Xiangjiang River (Figure 5b). Comparatively, the urban areas west of the Xiangjiang River
were fragmented due to the Yuelu Mountains.
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Figure 5. Urban area increase from 2000 to 2018 (a), and spatial distribution of urban expansion (b).
(UB 2000: urban area before 2000; UB 2004: area urbanized between 2000 and 2004; UB 2009: area
urbanized between 2004 and 2009; UB 2013: area urbanized between 2009 and 2013; UB 2018: area
urbanized between 2013 and 2018; NUB: non-urban (natural) land in 2018).

4.2. Statistical Relationship of the LST between the Reference and Target PIFs

Following our PIF selection scheme, the total number of selected PIFs was 12,753
(2000), 13,699 (2004), 12,766 (2013), and 13,543 (2018). All PIFs were evenly distributed in
the study area (Figure 6).

Figure 7 shows the scatterplots for LST between the reference and target PIFs. All
relationships were significantly positive with an R2 higher than 0.75. There was a high
degree of consistency in the LST of the selected PIFs between the reference and target
images, indicating that the assumption of the PIF-LRM is fully satisfied and that the
PIF-LRM can be applied to normalize Landsat LST.
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4.3. Validating the PIF-LRM at the Study Area Level

Figure 8 shows the PIF-LRM normalized LST images (middle) along with the ob-
served LST (left) and the MEAN normalized LST (right). We can see that compared to the
normalized LST images (middle and right), the observed LST (left) showed much greater
LST changes during the time period. The observed LST was remarkably lower than the
normalized LSTs in 2000 and 2004 and was significantly higher than the other two in 2013
and 2018. There was a more than 20 K temperature increase in the observed average LST
for the study period. Multiple factors could have contributed to this large LST increase, but
it is highly unlikely that the temperature increase was caused by urban expansion alone.
The PIF-LRM and MEAN methods showed similar results with a consistently increasing
LST over the years.
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To further compare the LSTs, we plotted the averaged observed LST, PIF-LRM normal-
ized LST, and MEAN normalized LST for the years selected. We then plotted the averaged
NDVI on the same graph (Figure 9). Again, we observed a great increase in the observed
LST, going from 301.97 in 2000 to 325.22 in 2018. The regional averaged LST by the PIF-LRM
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increased about 2 K, and the LST by the MEAN method stayed stable during the study
period (Figure 9). A correlation analysis was conducted to further quantify the statistical
relationship between the LSTs and the NDVI, which serves as a proxy of the LULC change
in the study area. There was a strong negative relationship between the NDVI and the
PIF-LRM normalized LST (r = −0.94, p < 0.05), followed by the observed LST (r = −0.68,
p > 0.05) and the MEAN normalized LST (r = 0.57, p > 0.05). Compared with the other two
LSTs, the very strong relationship between the PIF-LRM normalized LST and the NDVI
indicates that the variations in the PIF-LRM normalized LST were closely associated with
the LULC change in the region. It should therefore be used in place of the raw LST to study
urbanization impacts on the urban surface temperature.
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4.4. Validating PIF-LRM at the Zonal Level with Different Urbanization Stages

To analyze the temporal changes by urbanization stage, we created the line charts
for urban areas before 2000 (UB2000), areas urbanized between 2000 and 2004 (UB2004),
areas urbanized between 2004 and 2009 (UB2009), areas urbanized between 2009 and
2013 (UB2013), areas urbanized between 2013 and 2018 (UB2018), and non-urban areas
in 2018, respectively (Figure 10). Four metrics were plotted, including observed LST, PIF-
LRM normalized LST, MEAN normalized LST, and NDVI. Based on the observed LST, all
urbanization zones showed a consistently growing pattern with a total LST increase of
more than 20 K. The greatest growth rate was observed during 2004 and 2009. Note that the
observed LST increase was remarkable even for the already urbanized zone (UB2000) and
non-urban areas (NUB), and the magnitude was comparable to other urbanization zones.
With the normalization, the value of LST decreased significantly. Further, the rate of LST
change for a particular urbanization zone (e.g., UB2009) was greatest for the urbanization
period (e.g., 2004–2009). This indicates that there was indeed an LST increase in areas
where urbanization takes place. The NDVI showed patterns consistent with the normalized
LST, with the most notable declines occurring during the specific urbanization period.
There was a strong negative relationship between the NDVI and PIF-LRM normalized
LST for most urbanization zones, and the correlation was above 0.9 for UB2004, UB2013,
and UB2018. The relationship was much weaker with the MEAN normalized LST, and all
correlations were not significant except for UB2013. Note as well that for several zones,
there was a certain degree of LST decline after the urbanization period (e.g., UB2009,
UB2013). This might be attributed to an increase in urban greenspace after expansion,
which was indicated by an NDVI increase for the same time period.
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4.5. Validating PIF-LRM at the Local Level

For a better understanding of how the land conversion processes relate to the LST
and NDVI changes, we picked three satellite scenes that respectively represented three
land conversion scenarios (Figure 11). Figure 11a displays a place where natural lands
were converted to industrial lands. Figure 11b shows the averaged observed LST, PIF-LRM
normalized LST, MEAN normalized LST, and NDVI for the same place. There was a
tremendous NDVI decrease during 2000–2004, when the most drastic land conversion
occurred. The PIF-LRM normalized LST increased fast during this period and slowed
down afterward (blue line in Figure 11b). The MEAN normalized LST, however, increased
fast at first and continued to increase with nearly the same rate, even after the land cover
change (red line in Figure 11b). It seems that the PIF-LRM normalization better captured
the response of LST to LULC change than the MEAN normalized LST. Moreover, the
relationship between NDVI and the PIF-LRM normalized LST was stronger than that
between NDVI and the MEAN normalized LST and the observed LST.

The second example showed a place where farmland was converted to high-rise
residential area with high vegetation coverage after 2008 (Figure 11c). The NDVI showed
a “V”-shaped pattern with a decline between 2000 and 2009 and a continuous growth
after 2009. Both the PIF-LRM and MEAN normalized LST showed a temporal pattern
inverse of NDVI (i.e., increase first and then decrease). The PIF-LRM normalized LST
had a stronger correlation with the NDVI than the MEAN normalized LST (Figure 11d).
The third example shows a scenario where the industrial land was converted to a high-
rise residential area (Figure 11e). The NDVI increased over the entire 18 years, and the
normalized LSTs declined continuously (Figure 11f). The observed LST, however, showed
a consistently growing pattern, which is unreasonable. We also observed a very strong
positive relationship between the NDVI and observed LST, which might be due to climatic
and other factors that were not effectively corrected before the analysis.
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Figure 11. Land conversion (a,c,e) and the corresponding LST and NDVI change (b,d,f) for three
example function units. Black line: observed LST; blue line: PIF-LRM normalized LST; red line:
MEAN normalized LST; green line: NDVI. The purple dashed line indicates LST in 2009. * indicates
P < 0.05.

5. Discussion

Using directly observed LST to study the impact of urbanization on temperature
change has been challenging. According to the observed LST, there was an average of more
than a 20 K LST increase over a 700 km2 region in Changsha from 2000 to 2018, which
is highly unrealistic and questionable. Further, even the urban center developed before
2000 and the undeveloped land in 2018 witnessed a more than 20 K LST increase based
on the observed LST. The direct use of the observed LST has been widely challenged in
many previous studies, warranting the need for an effective technique to help address this
issue [14,22,37].

We tested the performance of the PIF-LRM method in normalizing the LST at three
levels. First, in contrast to the observed LST, the PIF-LRM effectively eliminated the
systematic temporal shift of the LST that is not caused by urban expansion. There was a
~2 K LST increase for the study area during the study period compared to a more than
20 K LST increase according to the observed LST. Second, the temporal change of the
normalized LST showed high consistency with the land cover change. For example, the
urban center that developed before 2000 showed a decrease in the normalized LST after
2004 (Figure 10). This is possibly due to an increase in green vegetation, as indicated by an
NDVI increase. Similar findings were reported in the trend analysis of the MODIS product,
namely that when vegetation is recovering, the surface temperature in the urban center
is decreasing [38–40]. Third, the time series of the normalized LST showed significant
negative relationships with the NDVI, whereas the observed LST showed insignificant and
even positive relationships with the NDVI.

Our results show that the PIF-LRM method is superior to the widely used MEAN
method in normalizing Landsat LST. The MEAN method suggested that there was zero
LST change in the study area over the 18 years, and the PIF-LRM method showed an
LST increase of about 2 K (Figure 9). The latter estimation was corroborated by the LST
increase (2.36 K) during 2001–2020 estimated by daily MODIS LST (unpublished data).
In the analysis of the LST changes at the zonal level, there was a 2.76 K decrease in the
MEAN normalized LST in the undeveloped zone (NUB) from 2000 to 2009 (Figure 10).
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This decrease is likely not due to the LULC change but merely caused by a drawback of the
MEAN method. Recall that the MEAN method subtracts the average of each LST image
from its original LST value. Assuming that there is no temperature change for areas with
no land conversions, the original LST values for the NUB region barely changed. However,
the average observed LST in 2009 was higher than that in 2000 (Figure 9). This causes the
MEAN normalized LST in 2009 to be smaller than that in 2000, which is a result of the
normalization process and does not reflect the actual LST. Finally, the time series of the
PIF-LRM normalized LST showed much stronger negative relationships with the NDVI
than that of the MEAN normalized LST.

6. Conclusions

This study validated the effectiveness of the PIF-LRM in temporally normalizing
Landsat LST to understand the impact of urbanization on urban temperature from a
temporal point of view. Based on five Landsat LST images during 2000–2018, we showed
that the temporal variations in the observed multi-temporal Landsat LST images contain
information that is not solely caused by LULC change and therefore cannot be directly
utilized to evaluate the urbanization-induced LST changes. Relative normalization methods
are effective to remove the systematic shift of the LST among multi-temporal images. The
PIF-LRM method provides a more accurate representation of the actual LST than the
commonly used MEAN method. It better captures the spatially heterogeneous responses
of the LST to urban expansion and should be widely adopted in future studies where
multi-temporal LST images are utilized for a variety of purposes.
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