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A B S T R A C T   

Reliable urban Land Use Land Cover (LULC) and Land Surface Temperature (LST) characteriza-
tion are important for land use planning as well as climate and thermal impact analysis in cities. 
High resolution LULC and LST datasets are required for detailed spatial analysis such as under-
standing the contribution of small LULC fragments to thermal characteristics of the entire urban 
landscape. To date, detailed analysis of urban surfaces using satellite imagery has been hindered 
by low to moderate spatial resolution of freely available sensors of past and existing missions. 
Hence, this study sought to investigate the potential of pansharpening Landsat 8 data in 
improving LULC mapping and LST characterization in Bulawayo metropolitan city, Zimbabwe. 
Six LULC classes namely; bare area, built-up, low density, dense forest, grasslands and water 
bodies were considered for the study and respective spatially-explicit locational information (GPS 
coordinates) class samples identified. Supervised image classification using the Support Vector 
Machines algorithm was adopted for the un-pansharpened (30m) and separately using different 
pansharpened (i.e. Brovey, Simple Mean, ESR, IHS and Gram-Schmidt) datasets (15m) as input. 
Results indicated improved discriminability of LULC and LST features as well as increased clas-
sification accuracy from all pansharpening methods when compared to the 30m resolution data. 
Average inter-class separability increased from 1.577 using original data to 1.863 after pan-
sharpening. The simple mean method showed the highest classification accuracy (92.13%), 
outperforming un-pansharpened data (89.77%) and other pansharpening methods 
(89.45–91.75%). Pansharpened data showed better accuracy in LST spatial characterization than 
un-pansharpened thermal data. For each LULC class, mean LST was slightly higher before, than 
after pansharpening, by between 0.1 and 1 ◦C. The study further established that pansharpening 
based on simple mean method did not compromise the spatial correlation between LULC and LST. 
These findings present a great improvement towards accurately mapping LULC and LST in het-
erogeneous urban landscapes.  
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1. Introduction 

Reliable urban Land Use Land Cover (LULC) and Land Surface Temperature (LST) characterization are important for land use 
planning, as well as climate and thermal impact analysis in cities (Herold et al., 2002; Wang et al., 2012; Wilson et al., 2003; Zhou 
et al., 2011). Detailed delineation enables identification of LULC fragments of different sizes, valuable in quantifying the contribution 
of LULCs to associated physical or social phenomena (Saaroni et al., 2000; Voogt, 2000; Waqar et al., 2012; Weng and Yang, 2004). 
Typically, energy balance at any location depends on LULC, which varies over short distances on urban landscapes (Weng et al., 2007). 
However, technological limitations have impeded the acquisition of freely available high resolution multispectral and thermal imagery 
necessary for urban thermal characterization (Huang et al., 2015). Although a number of moderate resolution datasets (e.g. archival 
records of the Landsat series and MODerate resolution Imaging Spectrometer [MODIS]) are readily and freely available (Yuan et al., 
2005; Owen et al., 1998), they are characterized by low spatial resolution, inadequate for monitoring heterogonous landscapes. This 
renders moderate resolution data unsuitable for resolving the often complex urban surface types. Whereas the adoption of high spatial 
and spectral resolution data has proved effective for Land Surface Temperature (LST) analysis (Mallick et al., 2013), scarcity of such 
data has impeded their use for deriving thermal characteristics on urban physical and natural processes. Although Liu and Weng 
(2009) found 30m resolution optimum to study the relationship between LULC and LST, finer resolution is required to adequately 
capture surface complexities in urban areas. For example, the width of roads in cities is commonly around 10–30m, such that at the 
resolution of Landsat 8 thermal imagery (even after resampling to 30m), most pixels are mixed and not necessarily pure (Goldreich, 
2006). In addition, while the commonly available moderate resolution datasets such as the Landsat series, the MODIS and the 
Advanced Spaceborne Thermal Emission and Reflection Radiometer (ASTER) have an advantage of simultaneous optical and thermal 
data acquired at temporal resolution adequate to determine monthly, seasonal and long term land surface changes (Yuan et al., 2005; 
Owen et al., 1998), the optical (finer) and thermal (coarser) spatial resolution data mismatch imply a need for enhancement. Thermal 
data from spaceborne sensors is commonly obtained at a coarser resolution than optical data. The Landsat 8 mission for instance has 
eight reflective bands at 30m resolution, a panchromatic band at 15 m resolution and two thermal infrared bands at a coarser 100m 
resolution before resampling (Dube, 2016; Johnson, 2014). Although thermal data is downloaded at a resolution of 30m, it still suffers 
from the insufficiency caused by resampling (interpolating) from large to small pixels. For instance, 9 pixels of the new 30m resolution 
grid extract values from the same pixel of the 100m grid using cubic-convolution-based resampling method. Cubic convolution cal-
culates an output cell value for a four by four block surrounding the input cell (Arif and Akbar, 2005). The procedure solves the 
problem of difference in pixel orientation between the original thermal and the 30m multispectral data but not the loss of spatial 
details. Mismatch still exists between the LULCs on the ground and their actual influence on LST. Typically, urban LULC is composed of 
heterogeneous patches of different shapes and sizes (Liu and Weng, 2009), with thermal properties of small size patches engulfed by 
contribution from larger patches. Hence, studies like Zhang et al. (2009) used vegetation patches exceeding 60 m by 60m to relate to 
LST derived from Landsat ETM thermal infrared data in Nanjing City, China. Weng et al. (2004) and Xiao et al. (2007) also observed 
that the correlation between LST and Normalized Difference Vegetation Index (NDVI) and percentage Impervious Surface Area (ISA) 
increased when the indices were generalized to the resolution of Landsat ETM + thermal data. Their findings are also consistent with 
Kato et al. (2010) who note that at 90m resolution of ASTER thermal data, it was difficult to determine the influence of buildings, street 
trees, rivers, parks and shadows of buildings on LST. Since finer resolution data enables more detailed feature analysis, (Liu and Weng, 
2009), Agam et al., 2007 used a relationship between NDVI and LST to improve thermal data spatial resolution in Central Iowa, while 
Bai et al. (2015) used a spatio-temporal fusion technique of combining Landsat ETM+ with MODIS data to derive daily LST at 30m 
resolution in Guangzhou, China. Whereas the above named examples demonstrate great effort to solve the mismatch between thermal 
and optical data from freely available moderate resolution datasets, further investigation to improve LULC and LST spatial analysis in 
urban landscapes is necessary. 

Data fusion (pansharpening) is known to be the most cost-effective way of improving spatial resolution of remotely sensed imagery 
(Gilbertson et al., 2017; He et al., 2014; Johnson, 2014). Pansharpening involves merging of multispectral data with higher spatial 
resolution panchromatic data, resulting in a new set of multispectral data with improved spatial resolution. This technique has been 
successfully adopted to improve moderate resolution datasets and further enhance high resolution datasets for sub-pixel and 
object-oriented analysis (Gilbertson et al., 2017; Johnson, 2014; Marangoz et al., 2006). The technique provides significant advantages 
over use of original coarse resolution data such as improved system reliability, classification accuracy and enhanced visualization (He 
et al., 2014; Johnson, 2014). Studies have demonstrated that pansharpening does not compromise data quality (Ayhan and Atay, 2012; 
Marangoz et al., 2006; Sarp, 2014; Xu et al., 2017). A study by Xu et al. (2017) for instance demonstrated that the correlation between 
un-pansharpened and pansharpened spectral bands increases, with a decreased Root Mean Square Error (RMSE). Hence, literature 
suggests that pansharpening improves retrievals, which in turn improves the mapping accuracy (Jawak and Luis, 2013; Marangoz 
et al., 2006; Xu et al., 2017). Gilbertson et al., (2017) for instance observed that pansharpening increased accuracy of LULC classi-
fication by 15% in Cape Winelands, South Africa while Xu et al. (2017) recorded a decrease in RMSE in estimation of impervious 
surfaces of between 0.1 and 0.3% in Yuen Long, Sha Tin and Central region in Hong Kong. Jawak and Luis (2013) identified small 
water bodies and individual trees by pansharpening multispectral WorldView data from 1.86 to 0.46m in Rio de Janeiro, on a strip of 
Brazil’s Atlantic coast. Despite the benefits of pansharpening for land surface analysis, its potential for improving spatial character-
ization of urban LST remains largely unexplored. On the other hand, the recently launched Landsat 8 is characterized by improved 
radiometric resolution (U.S. Geological Survey, 2019) which, combined with pansharpening, presents a unique opportunity for 
retrieval of enhanced spatial and radiometric details. Due to its free availability, the resultant spatial resolution improvements offer a 
valuable opportunity for detailed urban thermal analysis in cases of limited or no financial resources. 

In previous studies, the use of different algorithms have shown mixed results, which necessitates determination of the best 

T.D. Mushore et al.                                                                                                                                                                                                    



Remote Sensing Applications: Society and Environment 26 (2022) 100728

3

algorithms for a given dataset, purpose and location (Jawak and Luis, 2013; Sarp, 2014; Xu et al., 2017). Using IKONOS (5.8m for 
multispectral and 1m for panchromatic) and Quickbird (2.4m for multispectral and 0.6m for panchromatic) data in the northeastern 
part of Sisli municipality, Istanbul, Turkey, Principal Component yielded the best results followed by Gram Schmidt, Brovey and 
Intensity Hue Separation, respectively (Sarp, 2014). In another study, Jawak & Luis (2013), using WorldView-2 (0.46m for 
panchromatic and 1.86m for multispectral bands) data, noted that Gram Schmidt yielded the best classification accuracy followed by 
Principal Component and Intensity Hue Separation, respectively. Using WorldView-2 in Hong Kong, Gram Schmidt gave best accu-
racies in Yuen Lang and Sha Tin regions while best accuracy in the central areas was from Principal Component Analysis (Xu et al., 
2017). A further comparison of pansharpening methods for improving urban surface characterization and thermal analysis will 
therefore be of great interest. 

Image classification is the most common and basic remote sensing application. Quantitatively, there are several derived indices 
used to determine the characteristics of land surface materials in space and time. The NDVI proposed by Tucker (1979) is the most 
widely used indices due to ease of computation and capabilities to detect vegetation abundance, health and vigor (Bhandari et al., 
2012; Buyantuyev et al., 2007; Shakya and Yamaguchi, 2010). In thermal analysis, a number of studies have used NDVI to quantify the 
effects of vegetation abundance and spatial structure on LST and Urban Heat Island (UHI) intensities and patterns (Chen et al., 2006; 
Gusso et al., 2014; Mallick, 2014; Mallick et al., 2013; Omran, 2012; Owen et al., 1998; Shi et al., 2015; Wu et al., 2014; Yuan and 
Bauer, 2007). In most of these studies, an inverse relationship between NDVI and LST that vary in place and season have been 
observed. In Mallick et al. (2013), for instance, an R-squared of 0.5154 was obtained while, Omran (2012) recorded a low correlation 
coefficient of − 0.15 between NDVI and LST. On the other hand, Urban Index (UI) is known to be effective in delineating built-up areas 
and providing a quantitative measure of urbanization extent, which is directly correlated with LST (As-syakur et al., 2012; Kawamura 
et al., 1998; Mushore et al., 2017a,b; Sekertekin et al., 2018; Stathakis et al., 2012). In Harare Metropolitan city, for instance, Mushore 
et al. (2017) observed that UI gave the highest correlation with LST compared to 14 other indices, including NDVI. Using Landsat 8 
data, NDVI and UI are retrieved at 30mfrom reflective data requiring further refinement to match complex heterogeneity in urban 
areas. High resolution data has potential to influence vegetation indices by adequately separating urban materials based on vegetation 
abundance and urbanization extents. As such, the effect of pansharpening thermal and optical data on the relationship between LST 
and NDVI as well as between LST and UI needs investigation. 

In addition to testing the potential to improve spatial details for thermal analysis, identification of the best algorithm suited for a 
study area (Bulawayo Metropolitan City in Zimbabwe) is of great value. Hence, the objectives of this study were (i) to compare and test 
the potential of five pansharpening methods (Brovely, ESRI, Gram Shmidt, Simple Mean and Intensity Hue Saturation) to improve 
LULC and LST retrieval using LANDSAT 8 data, (ii) to establish the effect of pansharpening on the link between LULC and LST 
quantitatively as well as qualitatively and (iii) to determine the LULC and LST spatial patterns of the Bulawayo Metropolitan city in 
Zimbabwe. The study provides a highlight and implementation of the five pansharpening methods comparing their effect on LULC 
mapping accuracy and LST spatial structure retrieval at 15m using Landsat 8 data in Bulawayo. Based on mapping accuracy and visual 
assessment, the study compares the quality of un-pansharpened with pansharpened retrievals. Variations of LST with LULC are also 
investigated before and after pansharpening, qualitatively using LULC classification and quantitatively using the urban index. 

2. Materials and methods 

2.1. Study area 

This study was conducted in Bulawayo (Fig. 1), the second largest city in Zimbabwe with approximately 1 million inhabitants. 
Fig. 1 demonstrates the heterogeneous nature of the city especially in the western areas where buildings and vegetation either coexist 
or are within short distances. The city is located at latitude − 20.15◦ and longitude 28.51◦ and an elevation of 1358m above sea level. 
The area is characterized by a hot wet summer from October to March, with average temperatures of 25 ◦C and a cool dry season with 

Fig. 1. Location of Bulawayo in Zimbabwe and image for Bulawayo extracted from Google Earth as well as the distribution of ground control points used for 
LULC mapping. 
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an average temperature of 15 ◦C for the rest of the year (Mutengu et al., 2007). The area lies in the semi-arid region of Zimbabwe that 
often receives erratic below average annual rainfall. The average annual rainfall is about 600 mm that ranges from 199.3 to 1258.8 
mm, with a standard deviation of 202.3 mm. Most of the rain falls from December to February. Being close to the Kalahari Desert, 
Bulawayo is vulnerable to droughts and rainfall varies sharply from one year to another (Gumbo et al., 2003; Muchingami et al., 2012). 

2.2. Field data collection 

Six distinct LULC classes were identified in Bulawayo metropolitan city during a field survey and also with the aid of high resolution 
GoogleEarth imagery. Coordinates of sample points to represent each LULC type were collected using a handheld GPS in a stratified 
random sampling approach. The field survey was carried out between 18 and 27 October in 2020 and a minimum of fifty points were 
obtained for each class. A detailed description of LULC classes considered is summarized in Table 1. The points for each class were split 
into 70% for training (supervised classification) and 30% for accuracy assessment using stratified random sampling method (Adelabu 
et al., 2013). In this study, remote sensing data from Landsat 8 were subjected to different pansharpening methods while the same field 
collected data was used as ground truth. This was done to avoid introducing other variables by changing field data between analysis 
which could influence mapping accuracy other than the effect of pansharpening methods that were under investigation. The field data 
were collected at a time close to that of the acquisition of Landsat 8 data to minimize errors due to differences in time between imagery 
and ground truth data. 

2.3. Remotely sensed datasets 

Cloud-free Landsat 8 imagery (path/row 171/74) for the hot season acquired on 16 September, 19 October and 5 November in 
2020, were freely downloaded from the United States Geological Survey’s (USGS) Earth explorer website (www.earthexplorer.usgs. 
gov). Landsat 8 provides 8 reflective bands at a resolution of 30m, a panchromatic band (also in the reflective range) at 15m reso-
lution and two thermal bands at 100m (downloaded at a resolution of 30m after resampling using a cubic convolution) - (Acharya and 
Yang, 2015; Roy et al., 2014). The hot and dry period (mid-September to mid-November) was chosen as it is conducive for land surface 
analysis due to the high likelihood of obtaining cloud free satellite imagery. Specifically, this period corresponded with field data 
collection. Atmospheric correction of the reflective bands was done using the Fast Line-of-sight Atmospheric Analysis of Spectral 
Hypercubes (FLAASH) tool in the ENVI (licensed) version 4.7 software. In the FLAASH module, the atmospheric model was set to 
tropical (because Zimbabwe experiences a tropical climate) while the urban aerosol model (because the study covered an urban area) 
was used. Multispectral image classification requires that the input bands be combined into a single file made from the overlays. This 
was achieved using the layer stacking tool in ENVI software set to the inclusive range. Thermal infrared data (Band 10 and 11 of 
Landsat 8) and the panchromatic band were not included in layer stacking as they were set aside for the computation of LST and 
pansharpening processes, respectively. Band 10 was used for LST retrieval while Band 11 was not employed throughout the study 
because it shows instability in values (Acharya and Yang, 2015). Since the purpose of the study was to investigate the effect of 
pansharpening on urban surface characterization, the multi-layer stack of reflective data was subjected to five different pansharpening 
methods namely Brovely, ESRI, Gram Schmidt, Simple Mean and Intensity Hue Saturation. This was done to assess the influence of the 
pansharpening method on resultant data characteristics and urban mapping accuracy. Focus was only placed on pansharpening 
methods that are contained in a Geographical Information Systems (GIS) environment for ease of processing. Brief descriptions of the 
adopted pansharpening methods are provided below. During pansharpening in ArcGIS software, weights of 0.334, 0.330 and 0.334 
were assigned to the Red, Green and Blue bands for all the methods, respectively. 

2.3.1. Brovey pansharpening 
The Brovey pansharpening method uses one panchromatic band and three Multispectral (MS) bands to produce three pansharpened 

Multispectral bands. The approach is easy to compute and offers fast processing times. It fuses multispectral data with panchromatic 
band following the equations: 

Red=
Red

Blue(in) + Green(in) + Red(in)
× Pan (1)  

Green=
Green

Blue(in) + Green(in) + Red(in)
× Pan (2)  

Table 1 
LULC classes.  

Class Description 

Bare area Area with no buildings, grass, trees or any structures 
Densely built-up Densely built-up areas including Central Business District and Industrial area where imperviousness is marked 
Dense forest Dense forest cover dominated by dense trees 
Low to medium built-up Low to medium density residential areas (including sparse forests) with more greenery than densely built-up areas 
Grassland Area dominated by grass and small shrubs 
Water body Water bodies like lakes, ponds dams and rivers  
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Blue=
Blue

Blue(in) + Green(in) + Red(in)
× Pan (3)  

where Red, Green, and Blue are the MS bands which are pansharpened in RGB; Red (in), Green (in), and Blue (in) are the low resolution 
MS bands in RGB (Zhang and Mishra, 2014). 

2.3.2. Environmental Systems Research Institute (ESRI) method 
The ESRI method first produces a weighted image using the MS bands. An adjustment image (ADJ) is then produced by subtracting 

the grey values of the weighted image from those of the original panchromatic image. Finally, ADJ is added to each of the individual 
MS bands, respectively, to generate individual pansharpened MS bands. ESRI Pansharpening method uses the following equations to 
generate a pansharpened image: 

ADJ=Pan − W (4)  

Redout =Redin + ADJ (5)  

Greenout =Greenin + ADJ (6)  

Blueout =Bluein + ADJ (7)  

NIRout =NIRin + ADJ (8)  

where ADJ is the image that has been attuned; W is a weighted mean image of the MS bands; Pan is the panchromatic image with high 
spatial resolution; Redout, Greenout, Blueout and NIRout are the R, G, B, and NIR MS bands that are pansharpened; Redin, Greenin, Bluein, and 
NIRin are the R, G, B, and NIR MS bands with low resolution (Xu et al., 2013; Zhang and Mishra, 2014). 

2.3.3. Gram-Schmidt method 
The Gram-Schmidt method produces a replicated pansharpened low resolution image through weighted addition of red, blue, 

green, and near-infrared MS bands. The weights for the four MS bands are computed on the basis of the sensor’s optical transmission 
and spectral reaction for the Panchromatic (Pan) band and four MS bands. A Gram Schmidt conversion is then used to the replicated 
low resolution Pan and the low resolution MS bands, starting with the replicated panchromatic as the first band. The pan image with 
high resolution is changed to fit the first band of Gram Schmidt transformed bands. Then, the replicated Pan is used to substitute the 
first band of the Gram Schmidt altered bands and an inverse Gram Schmidt transformation used to produce pansharpened MS bands. 
The equation for calculating the replicated low resolution Pan image is: 

Pansyn =(B×BW)+ (G×GW)+ (R×RW) + (NIR×NIRW) (9)  

where Pansyn is the replicated Pan image with low resolution R, G, B, and NIR being the MS bands; and Bw, Gw, Rw; and NIRw are the 
weights for the R, G, B, and NIR bands, respectively (Zhang and Mishra, 2014; Belfiore et al., 2016). The colors of the composite RGB 
pansharpened bands are almost identical to the corresponding original images. Gram-Schmidt method is more robust to spatial 
misalignment of the bands than most other pansharpening methods because all transform coefficients are computed in the low MS 
resolution (Parente and Santamaria, 2014). 

2.3.4. Intensity-Hue-Saturation (IHS) 
The Intensity-Hue-Saturation (IHS) method is based on RGB (Red-Green-Blue) to IHS space transformation. The intensity 

component I is substituted by the panchromatic image because of their similarity and the inverse transformation (from IHS to RGB 
space) is applied (Belfiore et al., 2016). IHS sharpening converts R, G and B bands of MS image into IHS components, whose histogram 
is matched with intensity component of original multispectral image (Choi et al., 2006; Sarp, 2014; Tu et al., 2004). Inverse trans-
formation is then performed to obtain RGB images with output pixel size similar to that of high resolution input data. 

2.3.5. Simple mean 
The Simple Mean approach applies a simple mean averaging equation to each combination of Pansharpened imagery with one of 

the multispectral images. In this approach, the pansharpened image is obtained with the formula. 

psh=
pan+mul

2
(10)  

where Psh is pansharpened image, Pan is the panchromatic image and Mul is the multispectral image (Belfiore et al., 2016). A detailed 
description of the pansharpening methods can be found in the ArcGIS version 10.2 software in-built user manual as well as online help 
facility (https://desktop.arcgis.com/en/arcmap/10.3/manage-data/raster-and-images/fundamentals-of-panchromatic-sharpening. 
htm). 

2.4. Supervised LULC mapping 

LULC mapping was done using the Support Vector Machines algorithm (Adelabu et al., 2013) and was followed by accuracy 
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assessment in the ENVI software. SVM fits an optimal separating hyperplane using two classes of training samples within a multidi-
mensional feature space. It attempts to maximize the distance between the closest training samples (support vectors) and the hy-
perplane (Adelabu et al., 2013; Hsu et al., 2003). The vectors are projected into a high-dimensional feature space by means of a kernel 
and fitting of an optimal hyperplane to separate classes using an optimization function. In this study, we selected a Gausian radial basis 
kenel function since it is efficient in working in an infinite-dimensional space and has a single parameter (Adelabu et al., 2013; Melgani 
and Bruzzone, 2004). Throughout the study, default values of 0.083 and 100 were used for Gamma in kennel function and penalty 
parameter, respectively. The classification was followed by accuracy assessment which derived indicators from a confusion matrix. A 
confusion matrix depicts how pixels were classified in comparison to their actual LULC class observed in the field (ground truth). 
Accuracy indicators derived from the confusion matrix were Overall Accuracy (OA) and Kappa (k) (Sheykhmousa et al., 2020). Ac-
cording to Sheykhmousa et al. (2020), use of OA and k is the most common and reliable way of reporting accuracy. The indices were 
selected based on their popularity and wide adoption in literature. The classification was guided by 70% of the sample points per class 
obtained from the field while the remaining 30% were used for accuracy assessment. For each class, the points were split into training 
and accuracy assessment sets using R software using a stratified random sampling approach. Supervised classification using SVM 
algorithm and accuracy assessment were repeated using the pansharpened data from the methods described above. The first LULC map 
produced using the un-pansharpened 30m dataset was used as a control for comparison with the different pansharpening methods. 
Mapping accuracies were then compared between mapping data with and without pansharpening. Accuracies were also compared 
between the different pansharpening methods. 

2.5. Effect of pansharpening on discriminability of LULC classes 

Separability test was done using the Transformed Divergence Separability Index (TDSI) - (Chemura and Mutanga, 2017; Matongera 
et al., 2017) to determine the extent to which LULC types could be differentiated using input datasets (imagery and class samples). The 
TDSI ranges between 0 and 2; values close to 0 imply that the classes cannot be distinguished and should be merged to reduce spectral 
confusion while values close to 2 indicate that two LULC classes are easily distinguishable. The step is necessary to eliminate mapping 
errors due to spectral similarities between any two classes. High interclass separability indicates potential of the data to map LULC with 
high accuracy. Separability analysis was done to compare the capabilities of un-pansharpened and pansharpened data to discriminate 
LULC in the study area. 

2.6. Retrieval of LST 

A single channel approach using Band 10 of Landsat 8 was used to retrieve LST from thermal infrared data for the hot and dry 
season (Mushore et al., 2018). Mushore et al. (2018) indicated that the hot and dry season cover a period from mid-September to 
mid-November. Thermal infrared digital numbers were converted to brightness/blackbody temperature (using Landsat specific Planck 
curve) which was converted to LST after emissivity correction (Sobrino, 2004; Tran et al., 2017). Details of temperature retrieval steps 
are described in the sections below. 

2.6.1. Conversion from digital numbers to radiances 
The surface-leaving radiance was converted to apparent surface temperature using the Planck curve specific Landsat imple-

mentation; 

LI =MIQCAL + AL (11)  

where Ll is Top of Atmosphere (TOA) spectral radiance (Watts/(m2*srad*μm)) - (https://www.usgs.gov/landsat-missions/using-usgs- 
landsat-level-1-data-product), Ml is Band-specific multiplicative rescaling factor from the metadata (RADIANCE_MULT_BAND_x, 
where x is the band number), Qcal is Quantized and calibrated standard product pixel values (DN) and AL is Band-specific additive 
rescaling factor from the metadata (RADIANCE_ADD_BAND_x, where x is the band number). The coefficients are obtained from the 
metadata file accompanying each Landsat 8 data download as described in U.S. Geological Survey, (2019). 

2.6.2. Conversion from radiances to brightness temperature 
The steps for deriving LST were executed following Sobrino (2004). Initially, digital numbers of thermal data were converted to 

thermal radiances using equation (11). The computed radiances were used in Equation (12) to derive brightness/blackbody 
temperature. 

TB =
K2

ln
(

K1
LThermal

+ 1
) (12)  

where TB is the at-satellite brightness temperature in degrees Kelvin, K2 is the Band-specific thermal conversion constant from the 
metadata (K2_CONSTANT_BAND_x where x is the band number 10), K1 is the Band-specific thermal conversion constant from the 
metadata (K1_CONSTANT_BAND_x where x is band number 10) and LThermal is the product of the Radiance formula. Emissivity is 
assumed to be equal to 1 in order to retrieve brightness temperature over surfaces. However, this is not real for typical objects and 
computation of LST needs to take emissivity into account. Therefore, LST was calculated by applying emissivity correction on 
brightness temperature using Equation (13) (subtracting 273.15 converts units of temperature from Kelvins to Degrees Celsius) 
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TS =
TB

1 +

(
λ×TB
α

)

lnε
− 273.15 (13)  

where TS is the LST in Degree Celsius (Bakar et al., 2016). λi s the central wavelength of emitted radiance (10.9 μm for band 10 of 
Landsat 8), ε is the emissivity and α is a constant (1.438 × 10− 2mK). Emissivity was obtained from NDVI using Equation (15) 
(Mohamed et al., 2017; Van De Griend and Owe, 1993; J. Zhang et al., 2006); 

ε= a+ b ln(NDVI) (14)  

where a = 1.0094 and b = 0.047. The equation was chosen due to ease of computation, parsimony and proven applicability in a 
tropical environment as it was developed in Botswana, which is close to the study area (Van De Griend and Owe, 1993). The equation 
was also found applicable to National Oceanic and Atmospheric Adminstration Advanced Very High Resolution Radiometer (NOAA 
AVHRR) and Landsat data while in this study, Landsat 8 data were used. The NDVI was retrieved using Equation (15) (Rasul et al., 
2015; Tariq et al., 2020)) 

NDVI =
(NIR − RED)

(NIR + RED)
(15)  

where NIR and RED are the reflectances in the Near Infrared (Band 5) and Red (Band 4) of Landsat 8, respectively (U.S. Geological 
Survey, 2019). 

In this study three image scenes (dates) within the hot season were used such that LST was computed for each overpass. This was 
necessary because (i) pansharpening requires a multi-layer file with at least three bands and (ii) better understanding of surface 
temperature spatial distribution in a season is better deduced as an average than using a single scene. 

2.7. Quality assessment of pansharpening using LST, NDVI and UI 

Data were extracted (using the “Extract by points” tool in ArcGIS software) from un-pansharpened and pansharpened LST, NDVI 
and UI from 300 randomly generated points fairly distributed across study area for quality assessment. The UI was calculated using 
equation (16) (Kawamura, 1996) 

UI=
(
(Band7 − Band5)
(Band7 + Band5)

+ 1
)

× 100 (16) 

Correlation Coefficient and RMSE were used to assess the accuracy of pansharpened against un-pansharpened retrievals. Corre-
lation between un-pansharpened and pansharpened is one of the best methods to assess quality with high values (close to 1) for good 
spectral preservation (Ayhan and Atay, 2012; Palubinskas, 2015). Correlation also shows how much the quality of the original data is 
maintained while low RMSE would also indicate accuracy of the pansharpened data (Sarp, 2014). The smaller the RMSE the higher the 
correspondence between pansharpened and un-pansharpened data/retrieval (Johnson, 2014; Palubinskas, 2015; Xu et al., 2017). The 
quality assessments were performed to compare un-pansharpened with pansharpenpansharpened LST and vegetation indices 
(Normalized Difference Vegetation Index and Urban Index). 

2.8. Linking LULC with LST 

2.8.1. Qualitative link between LST and LULC before and after pansharpening 
The retrieved un-pansharpened and pansharpened LST and LULCs were overlaid in ArcGIS version 10.2 software. The Zonal 

Statistics Tool in ArcGIS was used to compute average LST for each LULC class before and after pansharpening. The procedure was 
done using data with and without pansharpening for comparison purposes. This was done after identifying the pansharpening method 
which provided for the highest mapping accuracy. The purpose was to determine the extent to which mean LSTs per LULC differed 
between un-pansharpened and pansharpened retrievals. This also allowed for an investigation whether relationship between LULC and 
LST was changed by pansharpening. 

2.8.2. Effect of pansharpening on the quantitative link between LULC and LST 
In addition to assessment of link between qualitative LULC classes and LST, quantitative link between LST and NDVI as well as UI 

(as quantitative proxies for LULC) was executed. This was done to ascertain if pansharpening compromises the scale of invariance of 

Table 2 
Effects of pansharpening methods on mapping accuracy.  

Method Overall accuracy (%) Kappa coefficient Improvement in accuracy (%) 

Un-pansharpened 89.77 0.80 – 
Simple Mean 92.13 0.87 2.63 
Intensity Hue Saturation 91.75 0.86 2.21 
Esri 91.69 0.85 2.14 
Brovey 90.59 0.84 0.91 
Gram-Schmidt 89.45 0.82 − 0.36  
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known spatial correlation between UI and LST as well as between NDVI and LST. The correlation was assessed before and after 
pansharpening by comparing the directions (slopes) and explained variance (r-squared) of regression equations. Difference between 
correlation before and after pansharpening shows extent to which quality is maintained (Sarp, 2014). 

3. Results and discussion 

3.1. Effects of pansharpening on LULC mapping accuracy 

Despite the complexity of mapping urban landscape using moderate resolution remotely sensed data, OAs were more than 89% 
before and after pansharpening (Table 2). Based on OA, pansharpening using the Gram Schmidt method resulted in lower mapping 
accuracy than using data without pansharpening (un-pansharpened). Although the OA was lower, the kappa coefficient was higher 
than using un-pansharpened data. The Simple Mean pansharpening methods provided data with the highest classification accuracy 
(92.13%). In general, pansharpening resulted in higher classification accuracy by increasing either the OA, kappa or both indicators. 
Improvements in accuracy did not exceed 5% for all pansharpening methods. This could be because LULC such as built-up areas were 
occupying large areas and in most cases easily classified even at 30m resolution. Furthermore, in places where LULCs are heavily 
fragmented, the 15m resolution could still be inadequate to resolve the mixed pixel effect. 

All the methods used for pansharpening improved the classification accuracy when compared to the use of the un-pansharpened 
30m resolution Landsat 8 reflective data. The improvement in accuracy can be attributed to the improved resolution after pan-
sharpening. At an improved 15m spatial resolution, the mixed pixel effect due to urban heterogeneity was reduced, hence better 
mapping accuracy. This finding is consistent with Gilbertson et al., (2017) who found that a pansharpened Landsat 8 data improved the 
classification accuracy by ~15% using Pixel Based Image Analysis (PBIA) and Object Based Image Analysis (OBIA) approaches in 
Western Cape, South Africa. Gilbertson et al., (2017) obtained at least 5% higher accuracies than in this study because herein LULC was 
mapped in an urban setting while they mapped in a less complex agricultural area. Another study by Sivanpillai and Miller (2008) in 
Wyoming, USA showed that pansharpening Landsat imagery maps small water bodies with higher accuracy than the traditional 
Landsat data, while Marangoz et al. (2006) indicated that LULC classes such as urban, water and agricultural areas were easily 
identified after pansharpening of Landsat and ASTER images. In this study, we have also shown that LULC classes are more separable 
using pansharpened than un-pansharpened data. 

Pansharpening using Simple Mean method provided the highest classification accuracy compared to Gram-Schmidt, Esri, Brovey 
and IHS. The sequence of superiority in this study was Simple Mean, Intensity Hue Separation, ESRI method, Brovey and then Gram 
Schmidt, respectively. Similar to Ayhan & Atay (2012), Intensity Hue Separation performed better than Brovey while Gram Schmidt 
had the lowest classification Overall Accuracy. We attribute the observed sequence in superiority of performance to differences in 
suitability of the methods in the study area. Previous studies (Ayhan and Atay, 2012; Jawak and Luis, 2013; Sarp, 2014; Xu et al., 2014, 
2017) have demonstrated that different methods are best suited for different regions, hence we found that Simple Mean is best for 
Bulawayo Metropolitan City for daytime data during a short period. This is demonstrated by the accuracy in LULC mapping as well as 
high correlation between un-pansharpened and sharpened LST and vegetation indices. Overall, the findings confirm notion by Omran 
(2012) that resolution affects classification accuracy and detection of changes in land features. 

3.2. Effect of pansharpening on inter-class separability 

Transformed Divergence Separability Index (TDSI) values obtained from the separability test were between 1 and 2 before and after 
un-pansharpened (Table 3). The TDSI values were higher after than before pansharpening, indicating that the process increased 
discriminability of LULC classes. For example, TDSI between Densely built-up and Low density residential areas were 1.327 and 1.647 
before and after pansharpening, respectively. Pansharpening did not affect the order from least to most separable classes, however, it 
increased discriminability of any two LULC classes. As such, Built-up and Low density were the least separable (TDSI<1.65). The Built- 

Table 3 
LULC Separability values following Simple Mean based pansharpening.  

LULC Classes Separability value (TDSI) 

Un-pansharpened pansharpened 

Densely built-up – L-M density 1.327 1.647 
Dense forest – L-M density 1.398 1.699 
Water body – L-M density 1.403 1.701 
Dense forest - Bare area 1.426 1.714 
L-M density - Bare area 1.497 1.875 
Grassland – L-M density 1.563 1.896 
Dense forest - Water body 1.599 1.897 
Densely built-up - Water body 1.611 1.920 
Dense forest – Grassland 1.679 1.945 
Grassland - Bare area 1.690 1.945 
Water body - Bare area 1.730 1.988 
Densely built-up - Dense forest 1.777 1.993 
Densely built-up – Grassland 1.801 1.999 
Average 1.577 1.863 

*L-M – Low – medium density residential including sparse forest. 
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up and grassland were the most separable with and without pansharpening (TDSI>1.8). Pansharpening reduces the mixed pixel effect 
and increase separability of any two LULC classes hence the increase in mapping accuracy. 

3.3. Comparison of pansharpened with un-pansharpened image-based indices and LST 

Table 4 shows the correlation between un-pansharpened and pansharpened LST and vegetation indices. RMSEs were also low and 
close to zero for Normalized Difference Vegetation Index and Urban Index. On the other hand, correlation between un-pansharpened 
and sharpened LST was high compared to that of LST with vegetation indices. 

3.4. LULC map for Bulawayo metropolitan city 

A casual visual inspection shows a general agreement in the mapped distribution of classes using data before (Fig. 2a) and after 
pansharpening (Fig. 2b). For example, the bare areas, which dominated the western parts of the city and the densely built-up central to 
southern area were captured on both maps. Both maps depicted that low density residential areas occupied the western parts of the 
city. Differences were observed in the level of detail between the two maps. The boxed areas in Fig. 2 show the differences noted 
between the two maps and that without pansharpening, LULC classes were generalized in some places. There were places which were 
assigned to different classes in the two maps. A closer look at the north most highlight box shows areas which were classified as dense 
forest before pansharpening but classified as bare after pansharpening. Some classes within classes that were not detected without 
pansharpening were observed on map produced after pansharpening. The small differences were attributed to dissimilarity in mapping 
accuracy between classification based on un-pansharpened and that derived from pansharpened data. The highly accurate map derived 
from pansharpened data also showed small LULC fragments which were missing when classification was based on original data res-
olution. Increased surface heterogeneity and LULC fragmentation of natural and pre-existing LULC typical of expanding city was better 
depicted after pansharpening as the original dataset merged small fragments with surrounding large LULC patches (see southernmost 
box). The typical fragmentation of non-built LULC types and conglomeration of densely built-up areas was better displayed after than 
before pansharpening. 

The findings from this study agree with that pansharpening allows finer details to be visualized and enhances image segmentation 
and classification accuracy (Gilbertson et al., 2017a; He et al., 2014; Johnson, 2014). This proves that the lack in spatial details of 
un-pansharpened multispectral data can be augmented by improvements from data fusion. In this study for instance, some of the 
spatial details that were missing on both LULC and LST data were revealed after pansharpening, implying that fused data captured 
variations in thermal radiance (Weng et al., 2007). Mallick et al. (2013), using 10 m resolution Advanced Thermal and Land 
Assessment Sensor data, also found that high resolution data improved assessment of LST derivatives in complex landscapes. Improved 
accuracy and correlation between LULC and LST in this study implies that pansharpening reduced the mixed pixel problem and made 
remotely sensed retrieval to better represent field observations than without pansharpening (Chrysoulakis, 2003; Prigent et al., 2003). 
There were also similarities between un-pansharpened and pansharpened retrievals. This could correspond to areas where LULC with 
similar characteristics stretched over large spatial extents, resulting in homogeneous thermal conditions (Weng et al., 2007). In 
addition to benefits from improved spatial resolution, the procedure was also cost effective, fast and easy which characterizes 
component substitution pansharpening methods (Aiazzi et al., 2007; He et al., 2014; Johnson, 2014). 

Table 5 shows areas covered by each class with and without pansharpening with bare surface covering more spatial extent after 
than before pansharpening. The rest of the classes covered more area before than after pansharpening. Dense forest area decreased to 
approximately 50% of the area before pansharpening. Evidently, for all classes, allocation was different with and without pan-
sharpening. The differences in areas were attributed to the enhanced capabilities of pansharpened data to identify and map LULCs with 
higher accuracy than un-pansharpened data. Increase in spatial resolution enables description of small features (Liu and Weng, 2009) 
thus enhancing mapping capabilities, hence the changes in LULC distribution obtained after pansharpening. 

3.5. Effect of pansharpening on LST spatial structure 

Fig. 3 shows that without pansharpening, there is smoothing, which reduces the number of patches of a given range. There were a 
large number of small patches (increased fragmentation) after pansharpening, while most locations were placed into the same LST 
categories as before pansharpening. Other temperature details missed in the un-pansharpened map were observed on the pan-
sharpened map. For example, the south western boxes in Fig. 3b indicate areas with low temperature (below 32 ◦C), which were 
missing before pansharpening in Fig. 3a. These areas with slightly low temperature coincided with low density residential and dense 
vegetation areas. Before pansharpening, at a resampled spatial resolution of 30m, the proportion covered by the above 32 ◦C LST 
category occupied a larger area than after pansharpening. Pansharpening increases the capability to discern small temperature spatial 
details in space. Overall, temperature categories of small spatial extent are better captured after than before pansharpening. This 
concurs with the observation that high spatial resolution data can discriminate the thermal responses of individual components of a 
specific surface type (Voogt, 2000). 

Table 4 
Accuracy of pansharpened LST and Vegetation Indices.  

Quantity Correlation coefficient RMSE 

Normalized Difference Vegetation Index 0.940 0.023 
Urban Index 0.944 0.032 
LST 0.976 0.998 (oC)  
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Panchromatic sharpening increases the spatial resolution and provides a better visualization of a multi-band image using the high- 
resolution, single-band image (Rahaman et al., 2017). This agrees with the finding that LSTs derived from pansharpened thermal 
infrared data showed detailed and localized temperature variations missing in analysis before pansharpening. LST characterization 

Fig. 2. LULC classes before and after pansharpening (*L–M: Low to medium density).  

Table 5 
Area for each LULC class before and after pansharpening.  

LULC class Area (hectares) 

Pansharpened Un-pansharpened 

Bare 7752 4432 
Densely built-up 11224 15770 
Dense forest 1409 2147 
Low-Medium built-up/Sparse forest 2480 4395 
Grassland 272 409 
Water 119 203  

Fig. 3. Temperatures before and after pansharpening.  
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was also improved by pansharpening evidenced by the ability to indicate low temperatures in areas with low density of building and 
forest better than before pansharpening. This was further supported by the high Correlation Coefficient between LST and vegetation 
indices after pansharpening. The effect of fragmentation depicted by LULC map was better captured by the corresponding responses of 
LST after pansharpening. Before pansharpening, the 30m resolution LST maps depicted broad classes, significant generalization and 
missing details. High correlation and low RMSE between un-pansharpened and pansharpened LST indicated high accuracy and that the 
quality of LST maps were maintained (Ayhan and Atay, 2012; Sarp, 2014). Although there were no field temperature measurements to 
assess accuracy of pixel values, we believed that LSTs derived from pansharpened data were more accurate than without pan-
sharpening, due to a slight increase in correlation between LST and Urban Index after pansharpening. Therefore, the resolution of 
thermal data was improved without compromising retrievals from the new dataset after fusion. 

3.6. Link between LULC and LST 

Pansharpened mean LSTs did not significantly differ with mean un-pansharpened LSTs for the different LULC types. The average 
LST for the whole area was slightly higher before (35.0 ◦C) than after pansharpening (34.7 ◦C). Except for the Forest class, where the 
difference was 1 ◦C, the mean temperature for other LULC types after pansharpening was at most 0.1 ◦C lower than when LST was 
derived from un-pansharpened thermal data (Fig. 4). Slightly higher LSTs can be due to that spatial variability is increased, also 
because of the fine scale details that are derived from pansharpened data. The average LST changed from 39.1 to 39 ◦C for bare areas 
and 37.8 to 37.7 ◦C for densely built-up areas while it remained at 37.1 ◦C for low to medium density residential areas. Pansharpening 
did not affect the relationship between LST and LULC. For example, highest LSTs were recorded on bare and densely built-up areas for 
both un-pansharpened and pansharpened data (Fig. 4). Lowest LSTs were recorded on water bodies and forests, respectively, before 
and after pansharpening. Low LSTs were also recorded on grasslands while bare areas (warmest) and densely built-up areas had high 
LSTs. Low-medium density residential areas recorded slightly lower LSTs than densely built-up areas (difference less than 1 ◦C). 

Although pansharpening improved mapping quality, it did not affect the known relationship between LULC types and LST. As 
expected, highest temperatures were recorded in bare and built-up areas with and without pansharpening. This is consistent with 
established knowledge that bare, impervious and built surfaces have higher solar absorption and a greater thermal conductivity 
(Srivanit et al., 2012). Highest LST in bare areas compared to other LULC could be due to combined effect of absence of healthy 
vegetation and low water table (during hot and dry season). Absence of vegetation water and abundance of dry surfaces reduced the 
cooling effect of latent heat transfer resulting in high LST over bare areas. In both pansharpened and un-pansharpened datasets, dense 
forest, grassland and water areas recorded low temperature due to the cooling effect of evaporation. In consistency with Kayet et al. 
(2016), the heat mitigation value of vegetation as observed over agricultural cropland, dense vegetation (forest), and sparse vegetation 
(grass/park) land use categories was observed in this study. Urbanization migrates pixels from cool to hot conditions while surface 
wetness increases heat capacity and heat transfer through latent heat causing low temperatures over vegetation and water surfaces 
(Amiri et al., 2009). In Harare, Zimbabwe, Mushore et al. (2017) also showed that vegetation abundance has heat mitigation value 
while dense buildings and impervious surfaces cause temperature elevation. Jiang and Tian (2010) showed that the changes of 
vegetation cover to imperviousness and built-up increases LST. Evidently, pansharpening the two datasets to the same resolution is a 
great step in overcoming this mismatch without affecting known relationships. While awaiting the outcome of sensor development 
efforts on high resolution thermal data, pansharpening can be used to improve urban vegetation and thermal mapping. The use of 
freely available dataset like the Landsat series is particularly valuable for resource constrained nations and non-funded studies that 
cannot afford high resolution datasets. 

The percentage of variance in LST explained by UI was almost similar before and after pansharpening (negligible increase in R- 
squared value). Pansharpened LST maintained a positive correlation with Urban Index, implying that the procedure did not weaken 

Fig. 4. Mean LST per class before and after pansharpening.  
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spatial correlation between LULC types. A closer look at the scatter diagrams in Fig. 5a and Fig. 5b show that the values are different at 
some of the points, indicating that the spatial configuration of LSTs changed after sharpening. Similarity in correlation before and after 
pandsharpening indicates that the procedure increased spatial resolution without compromising the quality of the data (Sarp, 2014). 

Similar to UI, caused a very slight change in the correlation between NDVI and LST (Fig. 6). The minor improvement in the cor-
relation was attributed to effect of pansharpening in aligning LST pixels to the actual land surface characteristics causing the LST 
variations. Improved accuracy and correlation between LULC and LST in this study implies that pansharpening reduced the mixed 
pixel problem and made remotely sensed retrieval to better represent field observations than without pansharpening (Chrysoulakis, 
2003; Prigent et al., 2003). There were also similarities between un-pansharped and pansharpened retrievals. This could correspond to 
areas where LULC with similar characteristics stretched over large spatial extents, resulting in homogeneous thermal conditions (Weng 
et al., 2007). In addition to benefits from improved spatial resolution, the procedure was also cost effective, fast and easy which, 
characterizes component substitution pansharpening methods (Aiazzi et al., 2007; He et al., 2014; Johnson, 2014). 

4. Conclusions and perspectives 

It is however recommended that further studies should be done in other seasons, especially the cool and rainy season to assess effect 
of seasonality on pansharpening retrievals. This study focused on pansharpening methods engraved in ArcGIS environment which may 
blind researchers on the value of other methods for similar tasks. It is thus necessary to test other pansharpening methods to determine 
those best suited for LULC mapping and temperature characterization in urban landscapes. Due to absence of in–situ surface tem-
perature measurements, remotely sensed LST retrievals were not validated. This made it difficult to adequately ascertain the effect of 
pansharpening on accuracy of LST pixel values. Therefore, there is need to coincide LST observations with Landsat 8 overpass to 
improve remotely sensed retrievals and pansharpening comparisons. Sensor development and measurement techniques should 
consider availing high temporal resolution data (such as at 10 min intervals) to allow analysis of rapidly changing surface thermal 
phenomena. Similarly, sensor development efforts should strive to come up with a mission which provides thermal data with adequate 
spatial resolution (such as >10m) to reliably map urban surface temperature variations. 

Based on findings, we concluded that due to improved spectral and radiometric qualities of Landsat 8 data, LULC accuracy was high 
(89.77%) even before pansharpening (at 30m resolution). Compared to four other tested methods, Simple Mean pansharpening 
technique was superior in accuracy (92.13%) and in pronouncing spatial details. Pansharpening (to 15m resolution) increased dis-
criminability (TDSI between 1.647 and 1.999 compared to between 1.327 and 1.777 and mapping accuracy of land covers and LST in a 
complex urban setting. It produced LULC and LST maps with fine details, which were missed at 30 m resolution of un-pansharpened 
data, respectively. As such after pansharpening small details such as LSTs in the 25–32 ◦C ranges could be seen withing the 32–37 ◦C 
areas contrary to limited information in un-pansharpened data. LSTs were slightly lower after than before pansharpening (by at most 
1 ◦C), however, both maps depicted similar trends and high correlation (r > 0.94). Although pansharpening improved details and 
accuracy, it did not compromise the known relationships and correlations between LULC, vegetation indices and LST. As a result, 
highest LSTs were recorded in dry bare areas (39.1 and 39 ◦C) while lowest LSTs were recorded in water areas (28.8 and 28.7 ◦C) before 
and after pansharpening. Furthermore, it increased correlation between LST and NDVI (from 0.4574 to 0.4665) and between LST and 
UI (from 0.619 to 0.6442). Overall, the study concludes that pansharpening serves as a cost effective way to improve spatial resolution 
of thermal data and solve the problem of mismatch in resolution between Landsat 8 derived LULC and LST, valuable while awaiting 
higher resolution sensor developments outcomes. 
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