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Abstract
Increase in land surface temperature (LST) and area radiation (R) has serious health implications on human life. Therefore, 
investigating LST and R changes is fundamental in providing crucial information for human survival. Remote sensing was 
used to assess the LST and estimated radiation of East London city in Eastern Cape Province of South Africa from Landsat 
thematic mapper images for 1986, 1996, 2006, and operational land imager, thermal infrared sensor for 2016 spanning a 
period of 30 years. Rapid urbanization and land cover changes in this area have contributed significantly to this drastic change 
in the natural surface characteristics (increased land surface temperature and surface solar radiation). For instance, vegeta-
tion cover declined by about 358.812 km2 and built-up increased built-up area by 175.473 km2 during this period, which 
correlates with the area thermal characteristics changes. Also, the radiation increased over the years with values exceeding 
the global solar radiation index. Exposure to increased ultraviolet radiation possesses risks of heat stroke, skin cancer, and 
heart disease to the local population. Consequently, this study provides pertinent information for human health sustainability 
and epidemiological cases management. Further investigation is needed in established case-specific causes. This study also 
epitomises the significance of remote sensing climate variability studies.
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Introduction

Land use and land cover changes modify the local and 
regional climates with tremendous effects on the LST and 
area radiation. Literature has shown that changes in LST 
and area radiation increase with changes in land cover, espe-
cially in urban areas (Ige et al. 2017). Numerous authors 
have also noted that there are serious health implications 
of an increase in LST and area radiation (Tursilowati and 
Djundjunan 2007; Weng et al. 2004; Peng et al. 2014). These 
health impacts have been registered in different forms such 
as global solar radiation index threshold, temperature rela-
tive index, thermal comfort index, discomfort index (WHO 
2003; Tursilowati and Djundjunan 2007; Xu et al. 2017). 
To this end, there is a need for constant monitoring changes 

in LST and area radiation as per the global solar radiation 
index, especially in the urban context. This could help to 
design appropriate mitigation and adaptation strategies.

Urbanization through the development of urban societies 
and rural regions has resulted in climatic modification (Tur-
silowati and Djundjunan 2007; Peng et al. 2014) and land 
cover changes. Remote sensing and GIS techniques have 
been widely used in monitoring urban growth and in detect-
ing the changes that have occurred and its associated envi-
ronmental injustice in the urban areas (Adeola et al. 2017; 
Stephen et al. 2017; Adefisan et al. 2015; Ige et al. 2017; 
Onamuti et al. 2017). Land covers as biophysical (environ-
ment) condition of earth’s surface and direct subsurface are 
sources and sinks for the most of the materials and energy 
movements, connections between the biosphere and geo-
sphere. Changes in land cover incorporate urban climate 
alteration, changes in biotic grouped qualities, genuine and 
potential required power, soil quality, runoff, and sedimenta-
tion rate (Mahmood et al. 2014; IPCC 2014), and all these 
cannot be completely comprehended without the data or 
idea of land features used that influence them. Moreover, 
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land use land changes (LULC) have ecological indications 
at local and regional levels as this might be connected to 
the global climate and natural process. In the light of this 
associated nature of the parts of the indigenous or natural 
environment, the immediate impacts of one segment may 
bring about indirect effects on others. Urban microclimates 
have been recognized for more than 100 years ago (Howard 
1833) later by Oke (1978), and in the monitoring and recog-
nition of global climate change, climate experts have done 
great jobs to minimize or manage the potential influence of 
urbanization on the chronicled climate records (Parker 2010; 
Ropo et al. 2017).

LST, which can alter or modify air temperature of a layer 
of the lower air or atmosphere, has been investigated in the 
previous studies using remotely sensed information such 
as Landsat imageries including thematic mapper (TM), 
enhanced thematic mapper (ETM), operational land imager 
(OLI), and thermal infrared sensor (TIRS) (Ige et al. 2017; 
Xu et al. 2017). This study used TM for year 1986, 1996, 
2006 and OLI and TIRS for year 2016 to estimate the ther-
mal characteristics of the study area.

This study focused on the surface land temperature, land 
surface solar radiation. In so doing, the study aimed at esti-
mating land surface thermal characteristics using Landsat 
images with high resolution, to quantify the spatial configu-
ration of LST and radiation in the study area and examine 
the connections between land use and the thermal signal at 
different years spanning 30 years (1986–2016).

Study area

East London lies on the southeast coast of South Africa 
in the Buffalo City Metropolitan Municipality (BCMM), 
Eastern Cape Province. The area is found at Latitude 
32°59′0″S and Longitude 27°52′0″E. with an area of about 
21,043 km2 (979 sq. miles). East London has a humid 
subtropical climate with the warm temperatures (Fitch-
ett et al. 2017) and has an all-time lowest temperature of 
3 °C (37.4 °F) and all-time highest temperature records of 
42 °C (107.6 °F) (Fig. 1). 

Materials and methods

Image preprocessing

The 1986, 1996, 2006 thematic mapper (TM) and 2016 
operational land imager (OLI), thermal infrared sensor 
(TIRS) Landsat eight imageries were obtained from the 
US Geological Survey archive and were registered to 
1:150.000 shapefile maps of East London area. Each image 
was radiometrically corrected as stated in Chander and 
Markham (2003) (Table 1).

Fig. 1   East London area in Buffalo city metropolitan municipality, South Africa
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Image classification

In this study, all raw images of East London area were acquired 
from the archives of US Geological Survey (USGS). The 
imageries collected for the analysis are in four components, 
image data in 1986, 1996, 2006, and 2016 all have good 
quality with less 10% cloud cover in the selected area. The 
information in Table 2 shows the specifications of the image 
of the East London used for this study, and the images are 
named after their imaging time by month, year and day of 
the year incorporated with path and row, and thermal lines 
of different imageries were analyzed using ArcGIS 10.2. The 
operational land imager (OLI) image comprises of the near-
infrared (NIR) band, shortwave infrared (SWIR) band, visible 
bands, and thermal infrared (TIR) band, which are present in 
TM images (1986, 1996, 2006 images). TIRS bands are also 
thermal infrared bands with a higher resolution compared with 
TIR bands (2016 image).

Land cover classes are typically mapped from digital 
remotely sensed data through the process of a supervised digi-
tal image classification (Tewkesbury et al. 2015; Liu and Yang 
2015; Shalaby and Tateishi 2007). The goal of the image clas-
sification process is to automatically categorize all pixels in an 
image into land cover classes (Shalaby and Tateishi 2007). The 
maximum likelihood classifier quantitatively evaluates both 
the variance and covariance of the category spectral response 
patterns when classifying an unknown pixel so that it is con-
sidered to be one of the most accurate classifiers since it is 
based on statistical parameters. This study used supervised 
classification and using ground checkpoints with digital topo-
graphic maps of the East London area. The area was classified 
into five main classes: built-up, vegetation, open surface, water 
body, and beaches. Descriptions of these land cover classes are 
presented in Table 3. 

Estimation of land surface temperature

LST was obtained from the balanced or adjusted TM (1986, 
1996, 2006, and 2016) by employing the technique used in 
Chander and Markham (2003), which does not require climatic 
variables and is utilized generally. And, the digital numbers 
were changed into radiance using the equation below:

where Rλ, Spectral Radiance at the sensor’s opening 
in watts/(meter squared  *  steradian  *  µm); QCAL, the 
quantized adjusted pixel value in DN; RMINλ, the spec-
tral radiance that is scaled to QCALMIN in watts/(meter 

R� =

(

RMAX − RMIN

QCALMAX − QCALMIN

)

× (Thermal Band − QCALMIN) + LMIN,

Table 1   Specification of data used

Data Year Date acquired Path/row Thermal lines

Landsat thematic 
mapper (Landsat 
5 TM)

1986 1986-12-12 169/083 7111

Landsat 5 TM 1996 1996-02-09 169/083 7201
Landsat 5 TM 2006 2006-02-04 169/083 7161
Landsat 8 OLI_

TIRS
2016 2016-12-10 169/083 7891

Table 2   Value for estimation of 
radiance temperature. (Source: 
Williams 2009)

LMAX LMIN QCALMAX QCALMIN K1 K2

Landsat 5 15.303 1.238 255 1 1260.56 607.76
Landsat 8 89.58701 − 7.39812 65535 1 744.89 1321.08

Table 3   Supervised classification of land features and its percentage 
between 1986 and 2016

Various land use/land cover 
identified

Area coverage (km2) Percentage 
coverage 
(%)

1986
Built-up area (609.912) (28)
Water body (18.441) (1)
Vegetation (1029.204) (48)
Open surface (472.752) (22)
Beaches (12.132) (1)
1996
Built-up area (708.192) (33)
Water body (13.554) (1)
Vegetation (664.11) 31
Open surface (734.544) 34
Beaches (22.041) (1)
2006
Built-up area (784.296) 36
Water body (14.967) 1
Vegetation (791.802) 37
Open surface (536.589) 25
Beaches (14.787) 1
2016
Built-up area (785.385) 37
Water body (19.962) 1
Vegetation (670.392) 31
Open surface (652.752) 30
Beaches (13.95) 1
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squared * ster * µm); RMAXλ, the spectral radiance that is 
scaled to QCALMAX in watts/(meter squared * ster * µm); 
QCALMIN, the base quantized adjusted pixel value; relat-
ing to LMINλ) in DN; QCALMAX, the highest quantized 
adjusted pixel value (comparing to LMAXλ) in DN.

The change of the spectral radiance into a satellite bright-
ness temperature (Tb) under the supposition of uniform emis-
sivity utilizes the following algorithm:

where Tb is the efficient satellite temperature in Kelvin, Rλ 
is the spectral radiance at the sensor’s space, and K1 and 
K2 are the calibration constants 607.76 and 1260.56 mW/
(cm2 sr ɱm), respectively. The outcome of this process or 
the values is therefore referenced to black body. In the pro-
cess of estimating the land surface temperature, the emis-
sivity corrected land surface temperatures were analyzed in 
line with Williams (2009) and Weng et al. (2004).

where λ = 11.5 mm, ρ = 1.438 × 10−2 mk, and ε is the land 
emissivity, which was calculated using normalized differ-
ence vegetation index (NDVI) threshold technique (Chander 
and Markham (2003), and the threshold is as follows;

ε = εsoil when NDVI < 0.2; ε = εvegetation when NDVI 
> 0.5, therefore,

ε = εvegetation Pv + εsoil (1 − Pv)
When 0.2 ≤ NDVI ≤ 0.5 where εsoil is the emissivity of soil, 

εvegetation is the vegetation emissivity, and Pv is the vegetative 
proportion calculated from the method of Carlson and Ripley 
(1997),

Therefore, vegetation and soil emissivity were obtained.
NDVI was obtained from the pixel values of the Landsat 

TM as:

where B3 and B4 are band 3 and band 4 for Landsat 5, 
respectively, and B4 and B3 were substituted with B5 and 
B4 in Landsat 8, respectively.

Estimation of surface radiation

Thermal radiation is energy exchange by the discharge or 
reflection of electromagnetic waves that transport energy 

Tb =
K2

ln
(

K1

R
�

+ 1
) ,

Land surface temperature =
T
b

1 +
(

� × T
b
(�
)

ln �
,

Pv =
((

NDVI − NDVImin
)

∕
(

NDVImax − NDVImin
))2

NDVI =
float((B4) − (B3))

float((B4) + (B3))
,

from the emanating or reflecting object. In retrieving radia-
tion power from the satellite imageries, this study employed 
Stefan-Boltzmann law and the methods used by Chander 
and Markham (2003), which helps to resolve the unknown 
quantity between radiations emitted by the surface. This 
method outlines the energy transmitted by the body radia-
tor every second per unit area is relative to the power of the 
total temperature emanated from the surface regarding its 
temperature. Below is the equation:

where P, Radiation power; ε, emissivity; σ, Stefan’s con-
stant (0.000000567 Wm−2); T, Temperature (land surface 
temperature); A, surface area = 4πr2.

r is derived from the angle subtended by an arc of a circle 
equal in length to the radius of the circle: 57.3° (Roy et al. 
2016) and converted to meter which is also equivalent to the 
radius of the earth, 6371 km, and π is a scientific constant, 
the proportion of a circle’s circumference to its measure-
ment, ordinarily approximated as 3.14159. It has been rep-
resented by the Greek letter “π” since the mid-eighteenth 
century; however, it is likewise spelled out as “pi.”

Result and discussion

Land features characteristics of East London image 
classification between 1986 and 2016

The analysis of supervised classification of the study area 
between 1986 and 2016 is shown in Fig. 2; and also along 
with the land area coverage for the various land features 
retrieved from the imagery presented in Table 3, the area 
covered with different land features (built-up, vegetation, 
water body, open surface (dead or stressed vegetation, 
bare surface, new cultivated area, sand fill, and rock), and 
beaches) vegetation cover in year 1986 was (1029.204) km2 
followed by built-up area of about (609.912) km2; the area 
covered by water body was (18.441) km2 while open surface 
and beaches cover (472.752) and (12.132) km2, respectively. 

More so, the results revealed that there was a dras-
tic change (Table 3) in vegetation cover between 1986 
and 1996; built-up area and vegetation cover an area of 
(708.192) and (664.11) km2, respectively, while water 
body is (13.554) km2 lesser than the last decade with about 
(4.887) km2. Open surfaces have the highest area coverage 
for the year 1996 with about (734.544)  km2 and beaches 
with (22.041)  km2. Land features characteristics for 2006 
as presented in Fig. 2 and Table 3 with the percentage of 
the area covered for each feature include built-up, vegeta-
tion, open surface, water body, and beaches for the year 
2006. Vegetation covers land area of about (791.802) km2 

P = ��AT
4,
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followed by built-up area with (784.296) km2 for year 2006. 
While water body and open surface have area coverage of 
(14.967) and (536.589) km2 respectively, for the current 
year, beaches have area coverage of (14.787) km2. In year 
2016, vegetation in the area decreased drastically compare 
with the previous decades where built-up and vegetation 
area coverage of (785.385) and (670.392) km2 respectively. 
Water body covers land area of about (19.962) km2 while 
open surface and beaches have land cover of (652.752) and 
(13.95) km2, respectively, for the same year.

Results from the analysis revealed that the study area 
has experienced changes in the past 3 decades, and the 
land use features accuracy assessment of the land use/
cover classification results obtained showed an overall 
accuracy of 76.13%.

Figure 2 and Table 3 depict spatial distributional trend 
of land use features during the study period. In the year 
1986, the results show that vegetation has the highest per-
centage of (48%) with coverage of (1029.204) km2 fol-
lowed by built-up area with (28)% ((609.912) km2). Area 
covered with beaches has the lowest percentage of about 
(1)% with (12.132) km2 while water body and open surface 

have the percentage of (1) and (22)% with (18.441) and 
(472.752)  km2 land cover, respectively (Table  3). The 
changes in these natural landscapes of the study area can 
be attributed to the recent development and urbanization 
rate in the area (Han et al. 2017; Pan et al. 2016).

The land features and its percentage for 1996 revealed 
that open surface has the highest land area coverage of about 
(734.544) km2 compared to the built-up and vegetation cover 
with (708.192) and (664.11) km2, respectively. The high per-
centage of the open surface and changes in green vegetation 
in the year 1996 may be as a result of anthropogenic activi-
ties including urbanization, deforestation, and bush burning 
(Kamusoko 2017; Dai et al. 2017; Wang et al. 2017a, b) 
and shake-up and deregulation and land reform after post-
apartheid in 1994 (Mather and Greenberg 2003; Hall 2004, 
2007; Lahiff and Cousins 2005), while water body cover area 
declined with about (4.887) km2 from the previous decade 
and beach coverage increased with about (9.909) km2 com-
pared with the previous decade.

The analysis of land features in the year 2006 (Fig. 2 and 
Table 3) revealed different land features coverage pattern 
for the year. The result shows that built-up and vegetation 

Fig. 2   Land use features between 1986 and 2016. a 1986, b 1996, c 2006, and d 2016
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cover (784.296) and (791.802) km2 with the percentage of 
36 and 37%, respectively. The area covered with beaches 
has the lowest area coverage with about (14.787) km2 and 
water body with (14.967) km2 for 2006 land feature super-
vised classification. Current land features of East London 
(2016) with area coverage percentage show that there is 
drastic increase in the built-up area with (785.385) km2, 
and it was also revealed that the year 2016 had the highest 
built-up area coverage for the period of study as a result of 
rapid urbanization experienced in the area, which might be 
contributed to the urban warming in the area (Kruger and 
Shongwe 2004; Conlon et al. 2016; Hu et al. 2017). Vegeta-
tion covers area of (670.392) km2 with 31% while the area 
covered with water body was (19.962) km2. Open surface 
and beaches occupy area of (652.752) and (13.95)  km2, 
respectively (Fig. 2 and Table 3).

There was a drastic change in the land features in the 
study area between 1986 and 2016 as presented in Fig. 3. The 
built-up area has undergone an increment of about (175.473)
km2 while vegetation in per contra experiences decrease of 
about (358.812) km2 during the study period (Fig. 3). Open 
surface also increased in this period with (180) km2 cover 
area.

Spatial characteristics of land surface temperature 
and its potential impact on human health 
of the study area between 1986 and 2016

Land surface temperature of East London is presented 
in Fig. 4a–d; each year has its thermal signal and it was 
depicted from the analysis that the LST was higher in the 
built-up region compared to the regions covered with vegeta-
tion and other land features. 

The result shows that there was variation in LST between 
1986 and 2016, and it was also revealed that the built-up 
area connotes that the urban area has high thermal signal 
as shown in Fig. 4a–d compared with the other land fea-
tures that have a lower land surface temperature probably 
due to vegetation cover and water body as stated by Peng 
et al. (2014), which implies deforestation can modify sur-
face thermal signal characteristics (Piao et al. 2015; Zhou 
et al. 2015; Wang et al. 2017a, b; Hu et al. 2017; Conlon 
et al. 2016). In the year 1994, the spatial distribution of LST 
was evident and also revealed that the LST in most parts 
of the study area is above 25 °C and this corroborates with 
the supervised classification of land features of the study in 
Fig. 2 that have the highest land cover area of open surface 
with (734.544) km2 and the highest percentage of the year 
with 34% (Table 3), which may cause the increase in land 
surface temperature (Peng et al. 2014; Wang et al. 2017a, 
2017b; Hu et al. 2017; Wang et al. 2016). These changes 
have constrained the development of urban heat impact 
at both the urban cover and boundary layers as well as an 
addition to expansion in ground-level ozone creation which 
might have a significant impact on human health (Lo and 
Quattrochi 2003; Conlon et al. 2016).

In 2016, the result revealed that LST increase from the 
outskirt of the built-up region to the inner city also makes 
the city warmer than the surrounding areas (Streutker 2003). 
Studies have shown that the increased temperature has been 
identified to be associated with heat-related illnesses with 
prolonged exposure and possible death among the aged and 
the minor especially in individuals with existing disease as 
these can make their health condition worsen with increased 
urban heat (Wilker et al. 2012; Das et al. 2014, Ropo et al. 
2017). Consequently, as the urban areas continue to grow, 
there is tendency or probability of the city area to get warmer 
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Fig. 3   Diagrammatic illustration of land feature changes in kilometers during the last 3 decades (1986–2016) in the East London
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than the surrounding suburb due to the increased surface 
temperature in the area, and these developments can lead to 
health threat among the dwellers of East London (Bind et al. 
2014; Wichmann et al. 2011).

Spatial pattern of estimated radiation and health 
implications of the study area between 1986 
and 2016

The analysis of solar radiation of East London is presented 
in Fig. 5a–d. These were estimated using the method of 
Boltzmann law incorporated with the methods used by 
Chander and Markham (2003) and Landsat 7 Science Data 
Users Handbook to retrieve solar radiation from the satel-
lite images.

Sunlight, a basic essential for life, might be extremely 
risky or harmful to human well-being. Too much exposure 
to the sun is known to be related to increased vulnerability 
to a various forms of illnesses such as skin malignancies, 
cataracts, and other diseases, and additionally quickened 
skin maturing. It might additionally unfavorably influence 
individuals’ capacity to oppose infectious disease (Balk 

2011). In the year 1995, global solar radiation index was 
developed by WHO and later recommended by the Interna-
tional Commission on Non-Ionizing Radiation Protection 
(ICNIRP), World Meteorological Organization (WMO), 
and the United Nations Environment Programme (UNEP). 
Repacholi (2000) used global radiation index to investigate 
potential human health implication of ultraviolet solar radia-
tion, the index is portrayed, and it is suggested that generally 
common messages ought to be related to the threshold of the 
index for a reliable appraisal of solar radiation impacts on 
human health (Ropo et al. 2017).

Figure 5a–d presents the surface solar radiation pattern 
between 1986 and 2016 of East London, and it was revealed 
that in the year 2016, the surface solar radiation was above 
10, which was signified as extreme by the WHO (2003) as 
shown in Table 4 followed by 2006 which fell around the 
same ranges.

The global solar ultraviolet index is a suitable tool devel-
oped through the work of the WHO INTERSUN projected 
to help the general public and health experts in giving direc-
tion or guidance on the level of protection to be used on 
any given day. It gives a scope of the most extreme solar 
radiation exposure at the earth’s surface. While the intensity 

Fig. 4   Land surface temperature of east London between 1986 and 2016; a 1986, b 1996, c 2006, and d 2016
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of ultraviolet reaching the surface varies in the daytime, it 
reaches extreme level, when there is no cloudy or overcast 
cover, around afternoon when there is sun. It is universally 
presented as a forecast of the highest amount of skin-threat 
solar radiation and is anticipated to reach the earth’s surface 
at solar noon. The estimations of the index extend from zero 

upward, and the higher the index number, the more likeli-
hood the probability of human health exposure to ultraviolet 
solar radiation, and the less time it takes for harm to happen 
(WHO 2003).

The analysis of surface radiation using GIS and remote 
sensing approach has shown that there is a variation of 

Fig. 5   Estimated radiation of East London between 1986 and 2016; a 1986, b 1996, c 2006, and d 2016

Table 4   Global solar radiation 
index threshold. Source: WHO 
(2012)

Threshold Global solar radiation 
index risk level

Health effect

1–2 Low UV exposure Normal
3–4 Moderate exposure Fatigue possible with prolonged exposure
5–6 High exposure Heat cramps, heat exhaustion with prolonged exposure
7–8 Very high exposure Heat stroke and skin disease with prolonged exposure
> 9 Extreme exposure Skin cancer, cardiovascular disease, heart stroke, and heat stroke
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solar radiation across the study area; using the global solar 
radiation index, it shows that East London area residents 
may be at risk with a prolonged exposure to the ultraviolet 
radiation from the sun (Williamson et al. 2014; Nakamura 
et al. 2015).

Conclusion and recommendation

For the past 3 decades, the East London area has under-
gone a dramatic transformation in the natural land features, 
resulting in vegetation loss and other land surface charac-
teristics alteration. The analysis of land features using Land-
sat images to investigate features for a period of 30 years 
between 1986 and 2016 (1986, 1996, 2006, and 2016) uti-
lizes supervised image classification techniques.

This study used the utilization of vegetation, built-up, 
water body, open surface, and beaches or shorelines division 
estimated from a spectral mixture grouping or classification 
as an indicator for the purpose of comparison. The outcomes 
revealed that the vegetation fraction gives a more grounded 
negative connection with LST for all land features at all lev-
els, while built-up area and open surface give positive rela-
tionship of LST between 1986 and 2016. The LST pattern 
fluctuates with years, but yields the highest value around the 
built-up area followed by open surface. These discoveries 
propose that the areal measure of vegetation plenitude has a 
more direct correspondence with the radiative, thermal char-
acteristics, and moisture attributes of the surface that control 
or influence LST. This research also reveals that the major 
land features that were used in the study area are vegetation.

Furthermore, surface thermal characteristics of the study 
area have significant health impacts using global solar radia-
tion index. The global solar radiation index provides an easy 
measure of the solar UV radiation level at the earth’s surface 
and thereby the potential impacts on human health such as 
heart disease and skin damage. From the analysis, it was 
revealed that between 1986 and 2016, the surface radiation 
varies from 6 upward—the higher the index value the more 
the potential for damage to the human health, and the less 
time it takes for harm to happen. Defensive measures should 
be taken for UV index threshold value of 4 and above.

Given the large public health burden of human, further 
investigation is needed in established case-specific causes. 
Thus, the present study illustrates that remote sensing and 
GIS are essential technologies for temporal analysis and 
quantification of a spatial phenomenon which is otherwise 
not possible to attempt with conventional mapping meth-
ods. Change detection is made easy with this technique in 
lesser time, at a low cost with better accuracy. This study 
also epitomises the significance of remote sensing climate 
variability studies.
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