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A B S T R A C T   

Rapid urban sprawl adversely impacts the local climate and the ecosystem components. Islam-
abad, one of South Asia’s green and environment-friendly capitals, has experienced major Land 
Use Land Cover (LULC) changes over the past three decades consequently, elevating the seasonal 
and annual Land Surface Temperature (LST) in planned and unplanned urban areas. The focus of 
this study was to quantify the fluctuations in LULC and LST in planned and unplanned urban areas 
using Landsat data and Machine Learning algorithms involving the Support Vector Machine 
(SVM) over the 1990–2020 data period. Moreover, hybrid Cellular Automata-Markov (CA-Mar-
kov) and Artificial Neural Network (ANN) models were employed to project the future changes in 
LULC and annual LST, respectively, for the years 2035 and 2050. The findings of the study reveal 
a distinct difference in seasonal and annual LST in planned and unplanned areas. Results showed 
an increase of ~22 % in the built-up area but vegetation and bare soil decreased by ~10 % and 
~12 %, respectively. Built-up land showed a maximum annual mean LST followed by bare-soil 
and vegetative surfaces. Seasonal analysis showed that summer months experience the highest 
LST, followed by spring, autumn and winter. Future projections revealed that the built-up areas 
(~27 % in 2020) are likely to increase to ~37 % and ~50 %, and the areas under the highest 
annual mean LST class i.e., ≥28 ◦C are likely to increase to ~19 % and ~21 % in planned, and 
~38 % and ~42 % in unplanned urban areas for the years 2035 and 2050, respectively. Planned 
areas have better temperature control with urban green spaces, and controlled infrastructure. The 
Capital Development Authority of Islamabad may be advised to control the expansion of built-up 
areas, grow urban forests, and thus mitigate the possible Urban Heat Island (UHI) effect.   

1. Introduction 

The migration of marginalized communities from underdeveloped to developed areas is one of the major challenges faced by the 
world community. Within developing countries like Pakistan, every year, people migrate from rural areas to cities for better jobs and 
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facilities. This migration results in changing the ecosystem, biodiversity, natural landscapes, topography, and environment of the 
urban areas [1–5]. Among these topographical changes, deforestation, a decrease in agricultural areas due to the spread of urban areas, 
and the expansion of barren land are dominant effects of this migration [6]. On the other hand, changes in landscapes also occur due to 
natural (floods, earthquakes, natural erosion) and anthropogenic activities (urbanization, deforestation, climate change) which have 
adverse impacts on the surface temperature of the land. However, land use change has both manmade and natural causes. Significant 
landscape changes have been experienced in recent decades, mainly because of the speedy urbanization that has adverse consequences 
on the local surface temperature [7]. 

During the era of unprecedented urban expansion and global climate change, urban land use dynamics and their effects on local and 
regional climate are significant. The expansion of cities and transformation of urban land surfaces pose a significant threat in the form 
of UHI and heat strokes for residents. South Asia has recently experienced rapid urbanization. Specifically, Pakistan has become one of 
the quickest-growing urbanized countries in the world due to the influx of Afghan refugees, population growth, and migration from 
surrounding areas. The rapid urbanization and population growth have affected the urban climate on a local and regional scale, which 
replaced green surfaces and soil with grey surfaces which disturbs the energy balance at a local scale. The impervious surface increases 
the LST [8,9], a widely used parameter in urban thermal research. LST is assessed by the change in energy of the earth’s surface and the 
atmosphere [10]. Therefore, LULC and LST change studies can be used to assess the extent of thermal regime distribution in the context 
of LULC patterns and anthropogenic activities [11]. 

Surface temperature is one of the most essential parameters for various environmental studies. For example, ocean circulation, 
climatic variability, weather prediction, and the energy & water exchange between surface & atmosphere, etc. [12]. LST is affected by 
the radiation from surface and energy exchange which is stronger during the daytime because of large variations in the response of 
solar heating between green and impervious surfaces [13]. Modification of vegetative surfaces leads to changes in properties of the 
land surface which affects the microclimate of the area [14] and increases surface heat. The quantity of solar radiation which is 
absorbed by the surface and reflected towards the atmosphere is dependent on surface materials. Some materials absorb more energy 
compared with others because of low reflection, e.g., water and vegetation absorb high energy compared to bare soil, therefore it is 
cooler than bare soil. The composition, pattern and structure of different LULC classes, as well as properties at pixel level can be 
significantly influenced by the intensity and variation of urban LST [15,16]. 

The potential to gain information/data about a phenomenon or a place without physical contact is called remote sensing [17]. 
Remote Sensing (RS) and GIS give people a deeper understanding of landscape patterns and help to record the energy emitted from the 
surface and provide historical context of LULC and LST changes [18]. GIS and RS are commonly used for LST and LULC studies [2,11, 
19]. RS techniques are also widely applied for future LULC and LST simulations. There are several modern methods and algorithms 
created for LULC modeling purposes. Cellular Automata (CA) [20,21], Markov Chain [22], and Artificial Neural Network (ANN) [23, 
24] are commonly used for LULC modeling. CA model recognizes the condition of every single cell in the collection according to the 
earlier condition of the cell in the region as per the already specified conversion guidelines [20]. The CA model is usually used to 
simulate the future LULC status by utilizing past patterns [25,26]. 

In the past three decades, Pakistan has experienced significant deforestation and changes in LULC due to anthropogenic and 
developmental activities. Moreover, there has been a huge influx of people from neighboring districts and cross-border migration from 
Afghanistan, which has led to changes in LULC and LST in the capital city. These environmental changes in the capital city of Pakistan 
are not yet studied over a long data period and future projections are not made for better urban planning. It is therefore essential to 
identify past LULC, seasonal and annual LST patterns and forecast future changes for natural resource management and urban planning 

Fig. 1. (a) Location map of Islamabad, and (b) Digital Elevation Model (DEM) of the study area showing different elevation classes, planned and 
unplanned urban area. 
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[27]. The main concern of the current study is to evaluate changes in LULC, seasonal and annual LST in past and future scenarios using 
the CA-Markov model and ANN. The specific objectives of this study are divided into two categories: (i) to analyze changes in LULC, 
seasonal and annual LST in planned and unplanned urban areas of Islamabad, and (ii) to predict future variations in LULC and annual 
LST in planned and unplanned urban areas by using the CA-Markov model and ANN in 2035 and 2050. 

2. Methodology 

2.1. Study area 

The study area, Islamabad (capital of Pakistan), is situated between 33◦ 29′ 26.7″ ‒ 33◦ 48′ 1.34″ North latitude and 72◦ 48′ 42.08″ ‒ 
73◦ 22′ 48.5″ East longitude [Fig. 1 (a, b)]. It is located at the foot of Margalla Mountain at an altitude of 540 m. It is one of South Asia’s 
green and environment-friendly capital. The climate in the study area is a subtropical humid climate (Koppen: Cwa), having four 
different seasons; (i) winter (December to February), (ii) spring (from March to May), (iii) summer (June to August), and (iv) autumn 
(September to November). The hottest month in Islamabad is June in which the average temperature remains around 38 ◦C [28]. With 
a total population of 2,003,368 (PBS 2017), Islamabad is considered the 9th largest city in Pakistan [29]. Most of the population in the 
adjacent areas has shifted to the capital city. To provide shelter to these migrated people, a major portion of the land surface has been 
converted into a settlement area [30] which resulted in rapid urbanization. Expansion of built-up area affected the city’s land surface 
temperature [30]. 

2.2. Methods 

2.2.1. Data sets and pre-treatment process 
Landsat satellite imageries were downloaded from TM, ETM+, and OLI sensors for the years 1990, 2005, and 2020, respectively. 

Satellite remote sensing data was used in the current study to assess the past trend of LULC, and seasonal and annual LST changes. To 
maximize the classification accuracy, images with a cloud cover of less than 20 % were selected. 

Before exporting LULC and LST maps, standard procedures were applied to treat the satellite images. This standard procedure 
consists of atmospheric correction, radiometric calibration, and gap filling (sensor problem in Landsat 7-ETM+). The treated imageries 
were then analyzed to detect changes in LULC and seasonal variation in LST by using Google Earth Engine (GEE), ArcGIS, ENVI, and 
QGIS software. 

2.2.2. LULC classification and its accuracy evaluation 
LULC classified maps were developed using pre-treated Landsat imageries for the years 1990, 2005, and 2020. All the images were 

classified into four different classes i.e., built-up, vegetation/green space, barren land, and water-covered areas. In the current study, 
all the Landsat satellite images were classified by using a supervised classification technique i.e., the Support Vector Machine (SVM) 
algorithm utilizing GEE and ENVI 5.3 software. Supervised classification is a technique for the quantitative assessment of satellite 
imagery. It segments the spectral domain of land cover types for LULC classification, which works based on the probability of the 
assumed training sites. Approximately 50 training samples were drawn for each LULC type to evaluate LULC classification. A confusion 
matrix with the kappa index was used for measuring the accuracy of the classified images. 

2.2.3. Assessment of seasonal and annual LST 
Seasonal and annual LST was computed from thermal bands of Landsat images for the years 1990, 2005, and 2020. Band 6 is the 

thermal band for Landsat 5 and 7 whereas bands 10 and 11 are two thermal bands for Landsat 8. Thermal data obtained by the Landsat 
satellite is deposited as Digital Numbers (DNs). Following is a four-step process that was used to translate DNs to LST.  

• Conversion of Digital Number (DN) into radiation 

Digital Numbers were transformed into radiance using equation (1). 

Lλ=
(LMINM+(LMAXM – LMINM)x DN)

255
(1)  

Where Lλ is the Spectral Radiance; LMINM = 1.238 & LMAXM = 15.30 for Landsat 5; LMINM = 1.238 & LMAXM = 15.600 for Landsat 
7; LMINM = 0.10033 & LMAXM = 22.00180 for Landsat 8 (both band 10 and 11).  

• Conversion of radiance to brightness temperature 

In the second step radiance (from step 1) was converted into brightness temperature (TB) with the help of equation (2). 

TB=
K2

In ((K1/Lλ)+1) )
(2)  

Where TB is brightness temperature (in Kelvin); K1 & K2 are Calibration Constant 1 & 2, having fixed values for Landsat satellite 
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sensors: (K1 = 607.76 & K2 = 1260.56 for Landsat 5); (K1 = 666.09 & K2 = 1282.71 for Landsat 7); (K1 = 774.89 & K2 = 1321.08 for 
band 10 of Landsat 8); (K1 = 480.88 & K2 = 1201.14 for band 11 of Landsat 8).  

• Brightness temperature TB conversion (in Kelvin) into Celsius (oC) 

The temperature in Kelvin (brightness temperature) was converted into Degree Celsius (oC) by using equation (3). 

TB (◦C)= TB (in Kelvin)– 273.15 (K) (3)    

• Brightness temperature TB conversion (oC) into LST 

In the final step, LST was calculated from brightness temperature (TB) using equation (4). 

LST =
TB

([1 + (λ ∗ TB/ρ) ∗ ln(ε)]) (4)  

Where. 
λ = Wavelength of emitted-radiation. 
ρ = h*c/s 
h = 6. 626 × 10− 34 J s (Planck’s constant). 
s = 1.38*10− 23 J/K (Boltzmann constant). 
c = 2.998*108 m/s (Speed of Light). 
ε is Surface-emissivity 
The proportion of vegetation (PV) based on the derivation of NDVI for the years 1990, 2005, and 2020 were used for Surface 

emissivity. Equation (5) was used to estimate PV. 

PV = [(NDVI − NDVImin)/ (NDVImax − NDVImin)]
2 (5) 

Finally, surface emissivity was calculated using equation (6). 

Surface emissivity (ε)= 0.004∗ PV + 0.986 (6) 

LST was calculated from bands 10 and 11 of Landsat 8 therefore an average was taken using cell statistics. 

2.2.4. LST standardization 
The topographical and climatic variations cause bias; therefore, it is not appropriate to compare variations in seasonal and annual 

LST for different years without standardization. The calculated seasonal and annual LST was standardized for the years 1990, 2005, 
and 2020 to make all the changes to be proportional to each other. Standardization was done by using equation (7) [9,31]. 

LST£ =

(
LSTy − LSTρ

LSTẟx

)

LSTℇi + LSTα (7)  

Where; 
LST£ = normalized LST values for the year y (=1990 or 2020). 
LSTy = Original LST values before normalization. 
LSTρ = average LST values for the year 1990 or 2020. 
LSTẟx = standard deviation of LST values for the year 1990 or 2020. 
LSTℇi = standard deviation of LST values for reference year i (=2005). 
LSTα = average LST value for the year 2005. 

2.2.5. Zonal classification of LST 
The seasonal and annual LST was classified into 6 classes i.e., ≤18 ◦C, 18 ◦C–20 ◦C, 20 ◦C–23 ◦C, 23 ◦C–28 ◦C and ≥28 ◦C. This 

classification was done to evaluate the spatial differences and trends (areal distribution) within different temperature zones in planned 
and unplanned urban areas of Islamabad. 

2.2.6. Simulation of LULC for the future period 
For future prediction of LULC changes, different models have been used by previous studies. The choice of the correct simulation 

technique/model depends on the individual’s background (for example, the land reconstruction process, the availability of the data 
set, the research objectives, and the accuracy of the prediction). In the present study, the CA-Markov model was used for simulation of 
LULC for 2035 and 2050. A common set of explanatory variables can be created to fully simulate all transitions [32]. First, past changes 
in land cover (conversion of other land use types to built-up areas) were used as dependent variables; and spatial features (distances 
between other land use types to settlement areas, water bodies, vegetation, and bare soil) were used as the independent variable. 
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2.2.7. Simulation of annual mean LST for the future period 
LST simulation is based on past data trends. The ANN model was used to analyze a series of previously estimated LST values, 

understand trends in the data, and predict future changes. Prediction of LST consists of network creation, training of network, network 
performance-evaluation, simulation, and prediction. Three hidden layers were selected for this study. The selection of hidden layers 
was made based on multiple trials on the root mean squared error (RMSE) and R2 values because the network exhibits the non-linear 
behavior of hidden layers which affect results; therefore, they are imperative to be considered. Normally, the number of hidden layers 
is kept between the input layer and output layers. A 0.1 learning rate (μ) was put in the initial stage, and decay rate (β) was used for 
controlling the initial learning. The standard rate of decay ranges from 0 to 1 (0 < β < 1). A 0.9 decay rate is used to update the learning 
rate. For example, if the error function between the current and previous iterations is increasing, β upgrades the learning rate μ through 
division, and multiplies it to reduce μ when the error function decreases. The study conducted by Maduako [33] can be referred to for a 
detailed description of this method. 

3. Results and discussion 

3.1. Accuracy assessment and past trends of LULC changes 

The overall accuracy in the classification of LULC using the SVM algorithm was 93.03 %, 93.28 %, and 94.03 % for the years 1990, 
2005, and 2020, respectively (Table 1). Kappa coefficient was over 0.90 for the entire data period which showed the good accuracy of 
SVM to classify the different LULC regions. 

The past pattern (1990–2020) of the LULC types derived from Landsat satellite imageries is shown in [Fig. 2 (a – c)]. The two trends 
are distinctive; firstly, the built-up area showed an increasing trend, and secondly, the vegetation and bare soil decreased during the 
study duration. The results showed modification of vegetation and bare soil into built-up areas. The vegetation and bare soil both 
decreased by 10.3 % and 11.68 % from 1990 to 2020 (Table 2). The built-up area increased to 22.07 % from 1990 to 2020. Key factors 
of LULC changes may be related to population growth, economic development, technological development, and some other envi-
ronmental changes [19]. Among these, population growth is the major factor in LULC change in Pakistan. People are autonomous and 
equally related to one another for their sustainable development because human beings are the most important natural resource [1]. 

Islamabad, being the capital of Pakistan is the country’s most diverse metropolis in terms of population. It has the largest expatriate 
and experiences the largest foreigner population in the country [34]. The urban sprawl due to the increase in population in the capital 
city engulfed a huge quantity of fertile rural land. The same trend of increasing urban areas has been cited in major cities of Pakistan. A 
20 % of urban expansion due to urbanization in Lahore is reported by Ref. [35] from 1992 to 2010 and 26.59 % increase in urban-
ization is analyzed by Ref. [36] in Peshawar from 1999 to 2016 in their studies. Institutional and environmental as well as 
socio-economic factors may be possible causes of changes in LULC in Islamabad. The findings of this study are in line with that of [37], 
who argued that economic and geopolitical factors played a key role in increasing urban growth. 

3.2. Past patterns of seasonal LST changes in planned and un-planned urban areas 

The past pattern of changes in seasonal and annual LST for the years 1990, 2005, and 2020 were derived from Landsat thermal 
bands [Fig. 3(a–l)] for the unplanned and planned urban areas. The highest mean temperature was recorded 23.27 ◦C and 23.94 ◦C 
(Table 3) in planned and unplanned urban areas, respectively, for summer season in 1990 [Fig. 3(b, f, j)]. The highest annual mean 
temperature was recorded in unplanned areas of Islamabad i.e., 21.64 ◦C in 1990. 

Annual mean temperature increased by 1.14 ◦C and 1.91 ◦C (Table 4) in planned and unplanned areas of Islamabad in 2005. 
Maximum summer temperature was recorded 34.63 ◦C and 36.99 ◦C in planned and unplanned areas, respectively. A 3.76 ◦C and 
2.32 ◦C increase was found in unplanned and planned areas, respectively, in summer season where maximum temperature was 
recorded as 36.99 ◦C and 34.63 ◦C in unplanned and planned areas, respectively, of Islamabad in 2005. 

The highest minimum temperature was noted in summer season and planned urban areas i.e., 27.72 ◦C [Fig. 3(a–l)] while highest 
maximum temperature was recorded in unplanned areas i.e., 38.16 ◦C in 2020 (Table 5). Unplanned urban areas showed the highest 
annual mean temperature (25.95 ◦C) as compared to planned areas (23.72 ◦C) in 2020 [Fig. 4(a–f)]. 

The high-temperature area (≥28 ◦C) was 0 % in 1990, which increased up to 24.57 % in 2020 (Fig. 5). The area under the tem-
perature range of 23–28 ◦C increased from 0.10 % (1990) to 73.20 % (2020), and it was converted into a high-temperature zone, while 
the area under the temperature range of 20–23 ◦C dropped from 39.39 % (1990) to 2.03 % (2020) (showing a downward trend). These 
changes may have occurred due to climate change and urbanization. Rapid urbanization (Table 2) characterized by city expansion and 
climate change may increase the seasonal and annual LST in Islamabad. Rapid urbanization variate thermal conditions of the land by 
local and regional heating/warming [38]. Therefore, the constant land modifications maximize the warming status of the city. The 

Table 1 
Accuracy assessment of the classification of LULC for the years 1990, 2005, and 2020.  

Year User Accuracy (%) Producer Accuracy (%) Overall Accuracy (%) Kappa coefficient 

1990 94.65 91.96 93.03 0.90 
2005 94.78 94.90 93.28 0.91 
2020 95.30 93.39 94.03 0.91  
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average annual temperature in Pakistan has increased by about 0.5 ◦C over the past 50 years, and the overall precipitation trend is 
increasing. Likewise, heat wave days per annum have increased approximately by five times compared with 30 years ago [39]. 

3.3. Variations in temperature in various land cover classes 

The temperature in the urbanized areas was found to be the maximum. A decreasing trend was then followed by barren land and 
vegetation (Fig. 6). The effect of impervious surfaces on LST could be six times higher than that of vegetation and water bodies [40]. 
The results of the current study is supported by the outcomes of [41], who argued that the LST of the urbanized area and barren land 
during the day is higher, while the LST of other types (i.e., vegetation and water bodies) is lower This trend is consistent with [11,37] 
who studied the relationship between LULC and LST in China’s Pearl River Delta and Anger River Sub-basin, western Ethiopia, 
respectively. The result of the present study showed that the built-up area increased the seasonal and annual LST due to the conversion 
of vegetation into impervious surface in Islamabad. This means that the warming effect of impervious surfaces is higher than vegetative 
surfaces. This trend was reported by Ref. [42], which showed a 0.7 ◦C increase in temperature from 1961 to 2016 and is predicted to be 
increased by 2.2 ◦C in 2090. In addition, in this study, it was found that the seasonal and annual LST of all LULC categories increased, 
even in vegetation (Fig. 6). 

This increase in LST over even vegetated areas also indicated the warming effect of urban areas. Ren in 2008 [43] stated the similar 
urban warming effects in cities and villages of China. Nonetheless, the relatively high rate of temperature rise in Islamabad may be due 
to the current rapid urban expansion and development. The current study also indicates that there is an urban warming effect in the 

Fig. 2. Land use land cover classified maps of the study area for the years (a) 1990, (b) 2005, and (c) 2020.  

Table 2 
Net and periodic changes in LULC in Islamabad from 1990 to 2005.  

Class name 1990 (km2) 2005 (km2) 2020 (km2) Change (%) 

(1990–2005) (2005–2020) (1990–2020) 

Built up 42.18 135.57 228.70 +11.05 +11.02 +22.07 
Vegetation 418.43 340.48 331.42 − 9.23 − 1.07 − 10.3 
Bare Soil 377.85 364.45 279.23 − 1.59 − 10.09 − 11.68 
Water bodies 6.11 4.76 5.88 − 0.16 +0.14 − 0.02  
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study area which may result in Urban Heat Island (UHI) as suggested by Ref. [27]. Rapid urbanization sharply decreases urban 
greenery in unplanned urbanized areas of Islamabad. Vegetation and green surfaces showed a negative relationship with LST [44]. 
Reduction in green spaces and expansion of impervious surfaces may be the possible reason for increasing LST in Islamabad. 

Fig. 3. Seasonal variation in LST (oC) in unplanned and planned areas for the years 1990, 2005, and 2020 in study area. The first, second, third and 
fourth columns of the figure represent Spring, Summer, Autumn, and Winter, respectively. 

Table 3 
Seasonal and annual variation in LST (oC) in planned and unplanned urban areas for the year 1990.  

Seasons Planned area Unplanned area 

Min Max Mean SD Min Max Mean SD 

Spring 19.30 28.23 22.54 ±0.84 13.89 29.45 22.55 ±1.32 
Summer 19.48 32.31 23.27 ±1.07 14.25 33.23 23.94 ±1.80 
Autumn 18.75 27.12 22.23 ±0.96 13.71 28.21 22.01 ±1.52 
Winter 13.13 19.74 15.10 ±0.96 0.47 22.21 15.58 ±1.90 
Annual 18.19 23.90 20.78 ±0.90 12.43 25.29 21.64 ±1.42  
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3.4. Simulation of the future land cover dynamics 

As the analyzed LULC classes significantly altered during the studied duration (1990–2020) in the area as presented in Table 2 & 
Figure [2 (a – c)], it is imperative to predict the dynamics of the future land cover through simulation. For this purpose, the CA-Markov 
model was utilized to predict future LULC for the years 2035 and 2050. As previously mentioned, it uses the past pattern of a cell from a 
neighborhood and predicts the scenario of each cell as per the standardized transition rules [20]. Therefore, if the LULC change rate is 
assumed to be constant, the model can reliably predict the future changes of LULC. Approximately, 10.22 % and 12.32 % of the area 
seem to be converting into built-up areas in 2035 and 2050, respectively (Table 6 & [Fig. 7 (a, b)]). The results showed a good 
agreement between the future projected results and the classified LULC types for the base period. As indicated by the simulation 
results, it is expected that the LULC will change in the future, which may adversely impact the environment, changing the climate and 
biodiversity of the region. 

Table 4 
Seasonal and annual variation in LST (oC) in planned and unplanned urban areas for the year 2005.  

Seasons Planned area Unplanned area 

Min Max Mean SD Min Max Mean SD 

Spring 21.62 30.13 26.55 ±1.10 9.52 31.08 26.16 ±1.73 
Summer 24.21 34.63 29.00 ±1.46 19.23 36.99 29.35 ±2.00 
Autumn 20.26 29.36 22.71 ±1.30 14.21 29.24 23.74 ±1.80 
Winter 8.52 20.39 13.43 ±1.30 − 3.30 23.06 14.31 ±1.90 
Annual 20.12 26.86 21.92 ±1.00 15.09 28.69 23.55 ±1.40  

Table 5 
Seasonal and annual variation in LST (oC) in planned and unplanned urban areas for the year 2020.  

Seasons Planned area Unplanned area 

Min Max Mean SD Min Max Mean SD 

Spring 22.62 33.03 23.86 ±0.61 15.98 34.54 23.74 ±1.26 
Summer 27.72 36.88 32.37 ±1.23 24.32 38.16 32.39 ±1.80 
Autumn 25.10 32.64 28.57 ±1.00 20.93 34.20 28.34 ±1.70 
Winter 14.28 20.42 16.89 ±0.86 10.26 23.69 18.13 ±1.60 
Annual 22.94 28.08 23.72 ±0.70 18.15 30.57 25.95 ±1.20  

Fig. 4. Variation in annual mean LST (oC) in unplanned and planned areas for the years a,d) 1990, b,e) 2005, and c,f) 2020.  
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3.5. Planned and unplanned areas of Islamabad under future mean LST 

Like the LULC category, annual mean LST during the research data period (1990–2020) also showed significant changes in planned 
and unplanned urban areas (Fig. 5). Hence the annual mean LST for the future periods (2035 and 2050) is also simulated in planned 
and unplanned areas of Islamabad [Fig. 8 (a – d)]. The annual mean LST trend estimated based on past data which is used in the ANN 
model to simulate the future trend in the study area. The results predicted that about 38.66 % and 42.83 % of the unplanned area 
(Islamabad) falls into the highest temperature class (≥28 ◦C) in 2035 and 2050 (Table 7). Planned urban areas showed less variation in 
temperature as the highest LST class (≥28 ◦C) will be 19.75 % and 21.99 % in 2035 and 2050 (Table 7), respectively. Such high 
temperatures may prove to be dangerous for human health, and animal and plant species. 

Therefore, an increase in seasonal and annual LST will also influence the heat capacity of LULC types, leading to the UHI effect, 
which is caused by the transformation of the ground surface, which is conducive to heat capture and anthropogenic heat release [27, 
45]. It will increase the temperature in urban areas instead of in rural areas. An increase in temperature and anthropogenic heat release 
are among the major environmental concerns for the research since they are detrimental to humans, biodiversity, and the overall 
ecosystem. Green self-awareness may change individual’s behavior to take part in urban plantation and afforestation drives by the 
governmental and non-governmental organizations to increase green surfaces which may control the UHI effect [46]. 

The 5th Assessment Report (AR) of IPCC [47] reported warming in South Asia may exceed the global average and may affect the 
melting of glaciers and precipitation trends. This will ultimately adversely affect the efficiency of water-dependent sectors such as 
agriculture and energy. The Sixth AR of IPCC [48] showed the highest land surface temperature of the record. 

Fig. 5. Area distribution trend (%) in annual mean LST (oC) classes in Islamabad from 1990 to 2020.  

Fig. 6. Fluctuation in annual mean LST (oC) over different LULC classes in Islamabad from 1990 to 2020.  

Table 6 
Projected changes in LULC for the years 2035 and 2050.  

Class name 2035 (%) 2050 (%) 

Built up 37.28 49.6 
Vegetation 38.41 34.57 
Bare soil 23.65 15.18 
Water bodies 0.63 0.63  
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3.6. Practical implications and limitations 

Satellite-based observations of variations in LULC and LST play a crucial role in urban planning and management. According to the 
current study, there are more green spaces in planned urban areas as compared to unplanned urban areas. These green spaces 
contribute to regulate seasonal and annual temperature. The transition between green and impervious surfaces and its effect on land 
surface temperature in unplanned areas were maximum. Planned cities with sufficient green spaces regulate the city’s temperature. 
The findings of the current study may be fruitful for urban planners and managers to design cities with sufficient green spaces to better 
control the effect and severity of UHI. It may help scientists, urban planners, and policy makers to identify the rate of urbanization, 

Fig. 7. Simulated land use landcover classified maps of Islamabad for the years (a) 2035, and (b) 2050.  

Fig. 8. Projected annual mean LST (oC) map of unplanned and planned areas, Islamabad for the years a,c) 2035, and b,d) 2050.  
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transition between green and impervious surfaces, UHI creation and its effect on local and regional climate. 
However, there are some limitations that exist in the current study. The first limitation is the resolution of Landsat satellite i.e., 

spatial resolution of 30 m × 30 m and temporal resolution of 16 days, which makes it impossible to calculate micro-level LST variations 
on a daily basis. Meteorological conditions like rainfall, wind speed, and soil moisture might contribute to variations in LST. These 
meteorological conditions were not studied due to lack of ground-based sensors and observations. More reliable and precise analysis 
could be done with finer resolution satellite data along with ground-based sensors and thermal detector. 

4. Conclusions 

The current study focused to analyze and predict the changes in LULC and LST in planned and unplanned urban areas in the capital 
city of Pakistan. Support Vector Machine (SVM) algorithm was used for LULC classification of the study area. Seasonal and annual 
mean LST was derived from the information stored in Landsat’s thermal bands. Changes in LULC and annual mean LST were simulated 
for 2035 and 2050 using a hybrid CA-Markov and an ANN model, respectively. This study concluded that significant changes were 
evident in LULC during the study duration. Specifically, built-up land increased by ~22 %, while vegetation and bare soil decreased by 
~10 % and ~12 %, respectively, from 1990 to 2020. Built-up land showed the highest annual mean LST (23.94 ◦C) which is followed 
by bare soil (23.78 ◦C), green surfaces (20.23 ◦C), and water bodies in the year 2020. The future prediction results indicated that the 
built-up area will be increased to 37.28 % and 49.60 % in 2035 and 2050, respectively. Similarly, the areas associated with the annual 
mean LST class (≥28 ◦C) are likely to be increased to 38.66 % and 42.83 % in unplanned urban areas and 19.75 % and 21.99 % in 
planned urban areas in 2035 and 2050, respectively. The findings of this study are a challenge for urban planners to control the 
unplanned urban growth in the study area. The method proposed by Ref. [27] can be applied to our study area to control the UHI effect 
and to create a better urban environment. Furthermore, the urban plantation in the centers of the city is the best possible solution to 
mitigate the UHI formation. 
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