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Abstract: Nowadays, global warming has become more interested for scientist, because
the global surface temperature has been increased since last century. The urban heat island
(UHI) refers to the event of higher atmospheric and surface temperatures occurring in
cities than in the surrounding rural areas due to urbanization. This phenomena can affect
societies by increasing summertime, air pollution, air conditioning costs, heat related
illness, greenhouse gas emissions and water quality. In this paper Tehran city used as case
study area. Due to rapid urbanization progress that has resulted in significant UHI effect in
this area. In this study, new launched Landsat series (Landsat 8) was used for monitoring
UHI and retrieving the brightness temperatures and land use/cover types. In order to
monitor the relationship between UHI and land cover indices, this paper tried to employ a
quantitative approach for exploring the relationship land surface temperature (LST) and
common land cover indices (i.e. NDVI, EVI, SAVI, NDWI, NDBal, NDBI, MNDWI, BI,
Ul, IBI and EBBI). In this regards, the objectives of this research are to develop a kernel
base analysis model for urban thermal environment by employing Support Vector
Regression (SVR) algorithm.
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1. Introduction

The surface temperature is key factor for studying of urban climatology. It modifies the air temperature
of the lowest layers of the urban atmosphere and also helps to determine the internal weathers of
buildings and affects the energy balances that affect the comfortable city life [1]. The urban heat island
(UHI) refers to the event of higher atmospheric and surface temperatures occurring in cities than in the
surrounding rural areas due to urbanization, particularly at night [2]. The annual average air
temperature of urban area with almost one million people can be one to three degree warmer than its
surroundings. This phenomena can affect societies by increasing summertime, air pollution, air
conditioning costs, heat related illness, greenhouse gas emissions and water quality. More than fifty
percent of people are living in cities [3], in this regard, urbanization has become a key factor for global
warming. Tehran, a capital city of Iran is case study of this research. Additionally, Tehran is one of
megacities of the world. A megacity is usually defined as a metropolitan area with a total population in
excess of ten million people [4]. Due to rapid urbanization progress that has resulted in significant UHI
effect in this area. Furthermore, Tehran houses to almost twenty percent of Iranian people. Normally,
UHIs have been monitored by in situ observations taken from thermometer networks. Recently, by
incorporating thermal remote sensing technology, remote observation of UHIs has become available
using satellite imageries and has facilitated monitoring of UHI. Satellite thermal imageries, especially
high resolution imagery, has the advantage of providing a repeatable dense grid of temperature data
over a whole city and even distinctive temperatures for individual buildings.

Previous investigations of land surface temperatures (LST) and thermal remote sensing of urban areas
have been conducted primarily by using AVHRR or MODIS imageries [5,6]. Currently, researchers all
around the world use high resolution satellite imagery for investigating about thermal anomalies in
urban area [7-9]. In this study, new launched Landsat series (Landsat 8) was used for monitoring UHI
and retrieving the brightness temperatures and land use/cover types. The Landsat 8 carries two kind of
sensors [10]: The Operational Land Imager (OLI) sensor has former Landsat bands, with three new
bands: a deep blue band for coastal/aerosol studies (band 1), a shortwave infrared band for cirrus
detection (band 9), and a Quality Assessment band. The Thermal Infrared Sensor (TIRS) sensor
provides two high resolution (near to 30 meters) thermal bands (band 10, 11). These sensors both use
corrected signal-to-noise (SNR) radiometric quantized over a 12-bit. Corrected SNR performance
cause better determination of land cover type. Moreover, Landsat 8 images incorporate two valuable
thermal bands in 10.9 um and 12.0 um. These two thermal bands improve estimation of UHI by
incorporating split-window methods and has also increased opportunities for studying the UHI and
urban-modified climates more generally.

The UHIs can be affected by three main factors [7]: 1) the effects of energy transformation in urban
area; 2) reduced evapotranspiration; and (3) anthropogenic energy production. Also, according [11],
there are three types of UHIs: 1) Canopy Layer Heat Island (CLHI); 2) Boundary Layer Heat Island
(BLHI); and 3) Surface Heat Island (SHI). The difference between these types of UHI are described by
[9]. The main characterizing of CLHI and is that BLHI represent as warming the urban atmosphere and
SHI represent as warming the urban surface. Also, the main difference between CLHI and SHI is place



where temperature is appeared and detected. Usually, CLHI is detected by fixed air temperature
measurement (in situ data) in the canopy layer, while remotely sensed thermal imageries observe the
spatial patterns of upwelling thermal radiance to estimate the LST [1] of the SHI.

Recently, quantitative models for urban thermal environment and related factors have been studied, for
example, the relation between UHI and land cover structure and established corresponding regression
equation [2,8]. Similar works have been done and models of the relation between the surface
temperature and various vegetation indices have been established [12,13]. In order to monitor the
relationship between UHI and land cover indices, this paper tried to employ a quantitative approach for
exploring the relationship SHI and common land cover indices and select suitable indices, including
the Normalized Difference Vegetation Index (NDVI) [14], Enhanced Vegetation Index (EVI) [14],
Soil Adjusted Vegetation Index (SAVI) [15], Normalized Difference Water Index (NDWI) [16],
Normalized Difference Bareness Index (NDBal) [13,17], Normalized Difference Build-up Index
(NDBI) [18], Modified Normalized Difference Water Index (MNDWI) [19], Bare Soil Index (BI)
[17,18], Urban Index (UI) [20], Index-based Built-Up Index (IBI) [21] and Enhanced Built-Up and
Bareness Index (EBBI) [22]. Behind these indices, the tasselled cap transformation (TCT) that
calculated for Landsat 8 imagery is used for compressing spectral data into a few bands associated
with physical scene characteristics with minimal information loss [23]. The three TCT information,
Brightness, Greenness and Wetness computed and incorporated for predication of UHI effect. In this
regards, the objectives of this research are to develop a non-linear and kernel base analysis model for
urban thermal environment by employing Support Vector Regression (SVR) method [24].

2. Proposed Method

In this study Landsat 8 imagery was used as input data for estimation SHI map and also various
urban and vegetation indices. The Figure 1. illustrated the flowchart of proposed methods.
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Figure 1. Flowchart of proposed methods.

As it clear form Figure 1., after importing Landsat 8 imagers, atmospheric and radiometric
correction is done. The next step starts with producing urban and vegetation indices with brightness
temperature (BT) of thermal bands in 10.9 um and 12.0 um (band 10, 11) [25]. In addition in this step



by incorporating Landsat 8 LST algorithm that introduced in [26], we calculate LST data for our
datasets by using split-window (SW) algorithm (Eq 1.).

LST = ¢y + Tp10 + €1(Tp10 = Tp11) + €1 (Tp10 — Tp11)? + (€3 + caw) (1 — &) + (c5 + cgw)be (1)

where T,,, and T,,, are the at sensor BTs (in kelvins), € is the mean emissivity, € = 0.5(¢g,19 + €511), 4¢
is the emissivity difference, 4e = (&,10 — €511), @ IS the total atmospheric water vapor content (in g -
cm ?) that we set to w = 3 as mention in [26], and ¢, to cg are the SW coefficients that computed in
[26]. For estimating ¢,,, and &,,, in this study, we incorporate simultaneously MODIS product [27] for
same area. In the next section procedure of computing urban and vegetation indices are introduced.

2.1. Urban and Vegetation Indices

The main and most important urban and vegetation indices are used in this study. These indices can be
divided to two type: 1) urban indices and 2) vegetation indices.

2.1.1. Urban Indices

The widespread and common urban indices are shown in the Table 1. The most of these indices
extract urbanization parameters related to spectral difference of visible, near infrared and short wave
infrared bands of Landsat 8 Imagery. All indices from Table 1. calculated based on incorporating
digital number (DN) of Landsat 8 bands.

Table 1. Extracted urban indices form Landsat 8 imagery.

No. Name of urban index Formulation

. . SWIR1 —TIRS1
1 Normalized Difference Bareness Index (NDBal) NDBal = ————
SWIR1+ TIRS1

SWIR1 — NIR
2 Normalized Difference Build-up Index (NDBI =
P ( ) NDBI SWIR1 + NIR

_ (SWIR1+ RED) — (NIR + BLUE)

BI =
(SWIR1+ RED) + (NIR + BLUE)
_ SWIR2— NIR

I= SWIR2 + NIR
2XSWIR1 NIR GREEN )

3 Bare Soil Index (BI)

4 Urban Index (Ul)

: _ SWIR1+NIR NIR+RED GREEN+SWIR1
5  Index-based Built-Up Index (I1BI) IBI = = 57irt NTR CREEN

SWIR1+NIR + (NIR+RED GREEN+SWIR1)

SWIR1 — NIR

6  Enhanced Built-Up and Bareness Index (EBBI) EBBI =
10vSWIR1 + TIRS1

2.1.2. Vegetation Indices

As before, in the Table 2. computable vegetation indices extracted from spectral bands like, visible,
near infrared and short wave infrared bands of Landsat 8 Imagery are illustrated. All these indices
calculated based on incorporating radiance (Rad) or reflectance (Ref) of related Landsat 8 bands by
using procedure introduced in [25].



Table 2. Extracted vegetation indices form Landsat 8 imagery.

No. Name of urban index Formulation
NIR — RED
1 Normalized Difference Vegetation Index (NDVI R —
g ( ) NDVI NIR + RED
EVI =G NIR — RED
2 Enhanced Vegetation Index (EVI) U XNIR+ C; X RED — C, x BLUE + L
L=1,C,=6;C,=75G=25
_ NIR — RED
3 Soil Adjusted Vegetation Index (SAVI) SAVI = NIR + RED + L x(L+1)
0<L<1=L=05
. . NIR — SWIR1
4 Normalized Difference Water Index (NDWI i —
dified lized Diff ( d ) o NEREEN 1R
Modified Normalized Difference Water Index -
5 MNDWI] = ———————
(MNDWI) w GREEN + NIR
6  Tasselled Cap Transformation (TCT) Brightness
7  Tasselled Cap Transformation (TCT) Greenness
8  Tasselled Cap Transformation (TCT) Wetness

2.2 Support Vector Regression

The SVR is a new supervised learning method which emerged in late 1970s [24]. SVR allows
computing a powerful nonparametric approximation of the relationship between urban/vegetation
indices and SHI change. This technique is also used in most remote sensing applications like LST and
SST retrieval [28], biophysical parameter estimation and other leaf area index estimation from
multispectral satellite images [29].

Consider a set of training points, {(x;,2,), ..., (x;,z;)}, where x; € R™ is a feature vector and
z; € Rl is the target output. Under given parameters C > 0 and € > 0 the standard form of support

vector regression [24,30] is
l

wrlglsitlré*%aﬂw +C izl(fl- + &)
subjectto w™p(x;)) + b —z; < e+ ¢ 2
zi—wTp(x)—b<e+§
§,60=20i=1,..,1
By introducing Lagrange multipliers and exploiting the optimality constraints, the decision function
has the following explicit form:

l
zi—l(ai Fa)K(x,x)+b, 0<a<C0<a<C 3)

where [ is the number of support vectors (SVs) and the kernel function
m
KGox) =) ¢ (4)
]:

and «; are Lagrange multipliers.



3. Experimental Result

In this study two Landsat 8 images that acquired from Tehran city area was used as datasets.
Information about these images are represented in Table 3. Dataset #1 is belong to summer time that
air temperature in these times is near to1 40°C, and another one is belong to winter time.

Table 3. Landsat 8 images for studying SHI

Dataset Acquisition date Area
#1 15-JUN-14 Tehran City
#2 08-DEC-14 Tehran City

As mention in previous section by incorporating Landsat 8 LST retrieval algorithm (Eg. 1) and
contemporary MODIS product for estimating emissivity of two thermal bands (i.e. e, and &y44), SHI
is estimated. In addition, urban, vegetation and TCT (Brightness, Greenness and Wetness) indices from
DN/Ref Landsat 8 images were calculated. Calculated indices and information using dataset #1 is
shown in Figure 2.
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Figure 2. Urban, vegetation and TCT indices for dataset #1.

Same computation is done for dataset #2 and calculated urban, vegetation and TCT (Brightness,
Greenness and Wetness) indices are illustrated in Figure 3.
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Figure 3. Urban, vegetation and TCT indices for dataset #2.

Next step is performed by SVR technique to relate extracted urban, vegetation and TCT indices to
SHI data (Eq. 5).

SHI = f(NDVI,EVI,SAVI, NDWI, MNDWI, Brightness
(%)
,Greenness, Wetness, NDBal, NDBI,BI,Ul, IBI, EBBI)

In this regards, as mention in previous section we adopted SVR technique. In SVR, the parameter C
computes the tradeoff between the flatness and the degree to which deviations larger than & are
tolerated in the optimization formulation. In this manner, if C is too large, then the objective is to
minimize the empirical risk without regard to flatness part in the optimization formulation. The bigger
the € is, the fewer support vectors will be included. Therefore, more ‘flat’ estimation is consequence of
bigger € values. In fact, both C and ¢ values affect the flatness (model complexity). In this paper, C
value is computed by (Eg. 6) base on [31].

C = max(Training data) — min(Training data) (6)

Also, a Gaussian radial basis function (RBF) kernel (Eg. 4) is used; this function is widely used in
remote sensing algorithm. Prior to the estimating regression stage, simple scaling/normalizing must be
done on the training data. The main advantage of scaling is to avoid attributes in greater numeric
ranges dominating those in smaller numeric ranges. Another advantage is to reduce numerical



complexity during the computation. The next step is the training procedure, during which some critical
SVR parameters € and in the RBF kernel y, must be specified. A simple tool to check a grid of
parameters is provided by cross-validation (CV) error (i.e. mean square error (MSE)) with 5-fold.
Range of grid search method for estimating ¢ parameter is [0,5] and for y RBF parameter is [27,27].
Then, 720 (30% of data) random point was selected as training data and 1680 (70% of data) random
point is selected as testing data extracted from dataset #1 and #2. In this manner, Table 4. and 5. are
illustrated the optimum SVR parameters estimation for dataset #1 and #2 respectively. It is obvious
from Table 4. that the optimum SVR parameters for dataset #1 are e = 0, y = 2 and C=22.40. Again,
from Table 5. the optimum SVR parameters for dataset #2 are e = 0, y = 1 and C=15.14.

Table 4. Optimum SVR parameters estimation for dataset #1 with

C=22.4013.
e=0 1 2 3 4 5
y=277 8.9248 8.9647 9.044 9.2615 9.4912 9.8826
276 8.1931 8.302 8.4365 8.8251 9.0959 9.6601
275 7.2267 7.3276 7.672 8.1622 8.5831 9.2708
274 5.8522 5.9942 6.6195 7.2668 7.9778 8.76
273 3.9949 4.4532 5.2895 6.2399 7.2854 8.105
272 2.372 2.9398 3.9742 5.2427 6.397 7.4099
271 1.5473 2.1104 3.174 4.4679 5.7297 6.8946
20 1.4013 1.801 2.8437 4.0502 5.4578 6.598
2t 1.3833 1.6836 2.552 3.7709 5.1794 6.5787
22 1.5092 1.6205 2.4686 3.7119 5.2035 6.759
23 1.7264 1.8258 2.6858 3.9737 5.3606 7.1223
24 1.9631 2.2332 3.2883 4.468 5.9297 7.6059
25 2.4885 2.9571 4.2283 5.5619 6.9744 8.2201
26 3.554 4.1001 5.4872 6.8119 8.1602 9.2165
27 5.1897 5.94 7.131 8.2575 9.3713 10.3855

Table 5. Optimum SVR parameters estimation for dataset #2 with
C=15.1443.

e=0 1 2 3 4 5

= 3.5728 3.6203 3.7465 3.9453 4.2763 4.9328
276 3.2757 3.3461 3.5428 3.8146 4.1926 4.8525
275 2.8064 2.9516 3.2566 3.6565 4.0248 4.6816
274 2.1372 2.3853 2.873 3.4025 3.8541 4.633

3
22
2 1

[\
|
~

1.3728 1.7408 2.3534 3.1273 3.6953 4.4949
0.8369 1.214 1.9527 2.8148 3.6012 4.3988
0.6188 0.9288 1.6741 2.5687 3.51 4.3752

20 0.552 0.7768 1.495 2.4868 3.3917 4.4282
21 0.5736 0.7643 1.4816 2.4259 3.3971 4.624
22 0.6387 0.8361 1.5391 2.4159 3.5788 4.9251
28 0.7551 0.9701 1.7051 2.7299 3.7836 5.0233
24 0.9101 1.1954 2.0664 3.0564 4.0309 5.0652
25 1.2115 1.5772 2.4113 3.3655 41731 5.2

26 1.6435 2.0494 2.8103 3.6314 4.4022 5.3901

27 2.2376 2.6204 3.2666 3.9472 4.6724 5.6117




By incorporating the best estimated parameters (e, y and C) with minimum validation error (MSE),
the performance of the selected final SVR model is computed for dataset #1 (Table .6) and dataset #2
(Table. 7) respectively.

Table 6. The performance of final SVR model for dataset #1.

MSE NRMS R?
Training 0.7507 0.2424 0.9442
Test 1.1155 0.3053 0.9100

As it clear from both Table 6. and Table 7. that, there are high degree of consistency between
incorporated information for each dataset and SHI. For example, correlation coefficient between
training and test data are R?= 0.9442 and R?=0.9100 for dataset #1. Also, correlation coefficient
between training and test data are R*= 0.9113 and R®=0.9051 for dataset #2.

Table 7. The performance of final SVR model for dataset #2.

MSE NRMS R?
Training 0.4307 0.3035 0.9113
Test 0.4546 0.3113 0.9051

4. Conclusions

All range of Landsat 8 spectral bands have been used for estimating SHI of Tehran city, especially
thermal bands. In this study, urban indices including NDBal, NDBI, Bl, Ul, IBI and EBBI have been
calculated using recent urban parameters and factors. In addition, for better investigating vegetation
factors, more common vegetation and water indices including NDVI, EVI, SAVI, NDWI and MNDWI
behind TCT information including Brightness, Greenness and Wetness have been used. By utilizing
these information and indices modeling and monitoring of SHI are more feasible. Also as part of this
study, the powerful regression model, the SVR is used to monitor SHI variation in two different time
(dataset #1 and #2) from summer to winter. Incorporating this procedure reveled that there is high
degree of consistency between affected information and LST images (MSE=0.75 for dataset #1 and
MSE=0.43 for dataset #2). This study must be completed by incorporating supervised feature selection
method to select suitable features and indices from urban and vegetation information.
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