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Abstract— A number of studies have examined the relationship
between land use and/or vegetation indices (principally NDVI)
with Land Surface Temperature (LST). However, few studies have
examined this relationship across multiple years in order to derive
a climatology of LST for urban areas and their surrounds. Fewer
still have examined the relationship between aspects of urban land
cover and LST throughout the course of multiple years. Both longterm averages and spatially relevant information are needed to
inform planning decisions. In this study, the potential for high
resolution land cover to offer insight into LST patterns is
examined and the role of this information in guiding mitigation
and adaptation strategies is examined. A step-wise multiple linear
regression model was developed which identifies the role of
individual land cover fractions on controlling LST climatology for
Dublin (Ireland) across a typical climatological year (TCY).
Keywords—land surface temperature; MODIS; land cover
fractions; urban climate; WUDAPT

I. INTRODUCTION
Satellite derived thermal images have been used by many to
delineate urban areas from their non-urban surroundings [1].
Moreover, a number of studies have explored the impact of
urbanization on land surface temperature (LST) and the surface
urban heat island (SUHI) [2-4]. The urban thermal signal may
be viewed as a response to changes in the surface energy budget
due to land cover modification [5]. Hence, understanding the
relationship between LST and land cover is critical in order to
manage the SUHI. Moreover, understanding the role of
neighborhood design on modulating LST will be essential in the
development of adaptation strategies which seek to reduce
thermal loading for building energy use [6, 7].
Although satellite sensors have now been collecting thermal
data continuously for long periods of time (decade or more), few
studies have exploited this wealth of information. Exceptions
include: the global 13-year (2000-2013) Annual Cycle
Parameters (ACP) which provides a climatology of daytime
(DT) and nighttime (NT) LST based on MODIS data [8]
available at ~1 km2 resolution, and; the 18-year (1981-1998)
diurnal LST dataset [9] based on AVHRR data available at 16
km2 resolution for all snow-free land surfaces.

In this study, we derive a 13-year climatology (2002-2014
inclusive) of LST for Dublin (Ireland) city and surrounds based
on MODIS data, and examine the role of land cover on
determining LST magnitude across a climatological year. We
employ a high resolution land cover dataset that was designed to
facilitate the calculation of various surface fractions for userdefined grid sizes. Both land cover and LST data used in this
study were obtained through remote sensing, but derived
through different methods, therefore we refer to this generally as
a blended approach for examining LST climatology for Dublin.
Some studies have explicitly correlated urban land use with LST
(rather than land cover – see Fig. 1 for the distinction), a near
universal finding is that LST magnitude is inversely proportional
to vegetation density or (conversely) proportional to built-up
density (e.g. [10]). However, this has limited scope for
informing planning decisions. Practicing planners are
increasingly concerned with the precise type of greening (for
instance, trees or open green spaces) that are required to regulate
the thermal environment of cities. Moreover, the limited
temporal scope of some studies further restricts the level of
guidance that can be provided to practitioners. Our primary aim
here is to examine the role of land cover on LST climatology as
a necessary first step towards providing practical guidance for
the planning community.

Fig. 1 Conceptual distinction between Land Use (bottom) and Land Cover
(top) drawn by this work. Land Cover refers to precise values of buildings,
pavements, roads, vegetation, trees (etc.) coverage and how these impact on
LST.

II. DATA AND METHODS
In the following sections, we outline the land cover data
(Section A. below) the LST data (Section B. below) and the
statistical methods (Section C. below) used to explore the
impact of land cover on the LST climatology. The study area is
Dublin (53°N, 6°W), which is the capital of the Republic of
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Ireland. The city is located on the east coast of Ireland and
contains a population of about 1.2 million persons – Fig. 2. The
study area considered occupies mostly low-lying topography (<
200m a.s.l). The climate is characterized as temperate maritime
climate (Köppen type Cfb). Given its latitude, there are
significant seasonal differences in solar angle and hence day
length and solar intensity.

Fig. 2 Overview of study area – left locates Dublin within the Republic of
Ireland right illustrates Urban Atlas for Dublin, the bounding box shows the
extent of MODIS pixels considered.

A. Land cover
The land cover data used here were derived for the greater
Dublin region as part of the World Urban Database and Access
Portal Tools (WUDAPT) project [11, 12], which estimates the
spatial variation in fractions of surface cover (e.g. impervious,
built, grass, tree, etc.) needed by most urban climate models. A
systematic random sample method generated a grid of points (at
a 30 m interval) across the study area and the underlying cover
under each point was visually categorized into one of 11 surface
types (Table 1). This process was facilitated by a Geo-Wiki [13]
that uses Google Earth (Quickbird) imagery as a spatial frame.
The resulting land cover data set contains 440,459 sampled
points (of which 411,405 are within the defined study area) each
classified into one of 11 surfaces types.
The 1 km2 grid used by the MODIS data (Section B. below)
was superimposed over the classified grid points employed to
estimate the fractional coverage of each surface type across the
study area. On average, each grid contains approximately 1,111
points used to calculate land cover but some grids contained
more or less points. As a result, the potential error associated
with each fractional cover varies across the landscape; the
standard error for a given landcover type is a function of the
number of sample points in that cell and the estimated fractional
cover. As a guide, where a grid contains ≥ 50% of total possible
number of points (i.e. 556 classified points), the resulting land
cover was flagged as Quality Assured (QA) as the standard error
is less than 2%; other grids were flagged as Not Quality Assured
(NQA) for subsequent analysis.
Table 1 – Overview of different land cover types and their extents across the
study area.

Land cover type (number - % of points in study area)
1. Barren (9048 – 2.2%)
2. Cropland (0 – 0%)
3. Grassland (128371 – 31.2%)
4. Shrubs (32710 – 8%)
5. Snow and/or Ice (0 – 0%)
11. Unclassified (4139 - 1%)

6. Tree (46196 – 11.2%)
7. Urban Building (63116 – 15.3%)
8. Urban Pavements (88024 – 21.4%)
9. Urban Road (35232 – 8.6%)
10. Water (4569 – 1.1%)

B. LST climatology
Our primary aim was to examine the role of land cover on
modulating the magnitude of LST across a typical climatological
year (TCY) rather than restricting our analysis to individual
events / times. For this, we utilized the MODIS/Terra LST/E 5Minute L2 Swath 1 km data set (MOD11_L2) to generate a
climatology of LST across the study Area. MOD11_L2 is
produced daily at 5-minute increments, covering both daytime
and nighttime acquisitions. MOD11_L2 version-5 (V5) level-2
data were used, which provide LST estimates derived using the
generalized split-window algorithm.
The V5 product was used since these data are validated to
Stage-2 with well-defined uncertainties over a range of
representative conditions and also for logistical reasons (i.e. V5
data have considerable smaller file sizes compared with earlier
versions). Both daytime and nighttime data were used
(separately) to generate the 13-year LST climatology for Dublin
for the period 2002-2014 (inclusive). The estimation of LST
from this product has been generally found to fall within 1 K
compared to ground validation [8]. While acquisition times for
Dublin vary, generally LST values are obtained at 1100hrs and
2200hrs local time. In total, 4747 scenes (9494 layers) in HDF
format (equating to ~15GB of data) were obtained for processing
on a quad-core 1.6GhZ personal computer. Data were obtained
through the USGS/NASA Land Processes Distributed Active
Archive Centre. Data processing was carried out using a
straightforward python script executed through ArcGIS (10.1)
which carried out the following steps:
•
•
•
•
•
•

Extract day(night)time sub datasets and convert to GeoTiff
Reproject data (e.g. WGS-84)
Clip data to defined study area
Convert DN to K to °C
Average daily scenes across month
Average monthly scenes across years

Finally, to generate a TCY, we simply averaged each
individual month across the entire period considered i.e. average
January 2002-2014 = “TCY January” and so forth). In addition
to the TCY, we generated seasonal LST maps for the
conventional seasonal periods (DJF, MAM, JJA, SON) and
finally an annual LST map based on all available data. Since we
average LST across a high number of days / months / years we
are assuming the differences in LST due to acquisition times,
cloud-free acquisitions and anisotropic effects are negligible in
the derived TCY. To ensure our approach yielded a reasonable
climatology of LST for Dublin, we compared our TCY against
the ACP product of [8]. While the averaging period varies
between ACP and TCY, both utilize the same base datasets
(MOD11_L2), which enabled the comparison between both
datasets. We are able to compare the TCY against ACP since we
generated our own climatology for the study area, further, this
allows us to elucidate differences in the averaging approaches
between both products.
C. Statistcal methods
LST is a response to the surface energy budget, hence,
differences in LST are attributable to different underlying
surface characteristics. To quantify the effect of different land

cover types on LST magnitude in each month of our TCY, we
used step-wise multiple regression analysis. This identifies the
optimal subset of different land cover types based on their
combined ability to explain variability in monthly LST. The fit
of the regression model is measured using Mallows’ CP:
2

area of Dublin from the surrounding non-urban hinterland – this
is also evident in the TCY seasonal magnitude of LST,
particularly in summer - Fig. 3(c).
B

C

D

(1)

where SSEp is the sum of squares of the residual error for the
model with p parameters (in this case, land cover types = p), and
MSEm is the mean square of the error for the model with all m
predictors. If the model fits the data well, then the expected value
of Mallows' Cp ≈ p.
Eq. (1) was used to identify the optimal number and types of
land cover used to explain statistical variation in LST over the
study area. Based on this we derived a multiple linear regression
model for each month of the TCY:
⋯

A

(2)

in this case, Y is predicted LST, β0 is the intercept, β1 is the
coefficient for the fractional extent of land cover type X1, β2 is
the coefficient for the fractional extent of land cover type X2 and
so forth for n land cover types and εi is the integrated error with
a mean of ~0°C due to error cancellation. The intercept varies
from month to month and is strongly related to seasonal changes
in solar angle and intensity. The magnitude of the coefficient (βn)
can be interpreted as the relationship between the land cover
class and LST magnitude i.e. where βn > 0, increasing the extent
of the land cover type will increase LST and conversely where
βn < 0, increasing the extent of the land cover type will decrease
LST.

Fig. 3 Seasonal TCY-LST for (A) DJF (B) MAM (C) JJA and (D) SON

B. Land cover impacts on LST: Step-wise regression model
The optimal subset of land cover types identified for
explaining statistical variation in LST across the study area
varied slightly across different months, but generally the model
which included the land cover types “Buildings” and “Trees”
were found to have consistently low CP. Based on this we
constructed a multiple linear regression model utilizing these
land cover types for each month of the TCY – Table 2.

III. RESULTS
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A. TCY LST and comparision with ACP
Fig. 3 illustrates the seasonal TCY daytime LST values for
Dublin. LST follows a typical annual progression from January
– December, peaking in July (22.8 °C) as would be expected at
this latitude. A comparison between TCY and ACP annual LST
values are presented in Fig. 4. In general, TCY LST tended to be
warmer than ACP; taken across the entire study area, the mean
annual LST was 13.89°C and 13.12°C for TCY and ACP
respectively (MAE 0.68°C, MSE 0.21°C), however the
difference was not statistically significant. There was no
apparent spatial clustering of differences, rather TCY pixels
were systematically warmer than ACP. These differences may
arise due to the different averaging periods (TCY = 2002-2014,
ACP = 2000-2013) or due to the inclusion of DOY in the ACP
estimates which reduces winter LST estimates for the region.
Nevertheless, both TCY and ACP clearly demarcate the urban
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In the sections that follow, we first present the TCY LST for
Dublin, and its comparison with the ACP product, thereafter we
present the results of the statistical analysis between LST and
land cover. For brevity, we focus only on the daytime LST here,
since this has been identified as being most relevant for
planning applications e.g. building energy use during occupied
hours, human thermal comfort and so forth.

Fig. 4 Pixel-wise ΔLST (i.e. mean annual TCY-ACP given in °C), X-axis is
pixel identifier, values have been sorted from lowest to highest values. Inset
left is the cumulative frequency distributions where the x-axis is mean annual
LST in °C TCY (grey) LST appears systematically warmer than ACP (black)
below the 95% percentile Inset right is the scatter between TCY and ACP.

Of course, the resulting model has limitations and R2 falls
within a range of 0.4-0.5, although this value is consistent over

the TCY. Moreover, the SE is > 1°C in some months. Model
performance was calculated using only QA LST Pixels,
including NQA pixels serves to increase R2 with the same subset
of models to 0.5-0.6 with no impact on SE (not shown).

be used to derive an optimal coverage amount for both land
cover types for a specified thermal load reduction targets.
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Table 2 – MLR model which is based on QA pixels, their % buidlings and %
trees and monthly TCY-LST. β1 is the coeffienent for % buidlings cover and β2
is % trees.
Adj. R2

SE±

Jan

0.46

0.3

3.35

2.03

Feb

0.42

0.6

5.87

Mar

0.45

0.8

Apr

0.47

May
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Month

Adj. R2

SE±

Jul

0.48

0.45
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8.19

-1.36

1.0

11.38

0.5

1.2

0.48

1.6
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β1
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1.4
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1.1

11.85
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Fig. 5 LST differences between 2 pixels: the solid grey line shows TCY-LST
for a pixel comprised of 47.3% buildings and 3% trees, the dashed line show
the estimated LST based on the multiple linear regression model with the same
% coverage. The solid green line shows TCY-LST for a pixel which is
comprised of 1% buildings and 25% trees, the dashed line is the modelled LST
using the same % coverage. Y-axis is given in °C.
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IV. DISCUSSION AND CONCLUSION
While our approach strictly speaking captures the empirical
relationship between variables, the resulting MLR model (with
respect to the β coefficients) is physically realistic. For example,
note the changes in the sign of the β2 coefficient (Trees) over the
course of the growing year. In Dublin city, the tree population is
predominantly deciduous, so that the growing season is seasonal
and increasing the extent of tree cover reduces LST only during
the leaf-on season. Similarly, the extent of building cover (β1)
increases LST year-round, as would be expected. The model
demonstrates that with detailed fractional values of these 2 land
cover types, up to 50% of variation in LST climatology for
Dublin city can be explained. The impact of tree cover on LST
during the winter months should be interpreted with caution
given this is an empirical model. The fractional cover of tree
cover within the pixels does not vary during the year in deriving
the MLR model, therefore it is possible that during the leaf-off
season underlying land cover types (e.g. pavements, roads) are
influencing the statistical relationship during these months, since
trees are present but are not photosynthetically active. It is
unlikely that tree coverage results in warmer LST during winter
in Dublin - rather the cooling effect is simply absent during these
months.
The resulting model allows for modifying the fractional
values of tree and building cover to examine the effect on
monthly LST, this is demonstrated in Fig 5. where the effect of
increasing tree cover in the design of an urban area can be seen
to reduce LST, particularly during the summer months. This
allows planners to estimate the benefits of adopting a green
roofing strategy in terms of reducing thermal loading. For
instance, based on the resulting MLR model, increasing tree
cover from 10% to 40% within an area comprised of 33%
buildings is estimated to reduce mean annual LST by ~1.5°C.
The derivation of such information can be very useful as
guidance for planning applications, for instance, in
neighborhood design and cost benefit-analysis. Various
combinations of tree cover and building cover abundance can be
modified quickly within the resulting MLR model in order to
estimate mean monthly and annual LST magnitudes. This can
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