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Abstract: Pan-sharpening is the process of fusing higher spatial resolution panchromatic (PAN) with
lower spatial resolution multispectral (MS) imagery to create higher spatial resolution MS images.
Here, our overall objective was to pan-sharpen Landsat-8 images and calculate vegetation greenness
(i.e., normalized difference vegetation index (NDVI)), canopy structure (i.e., enhanced vegetation
index (EVI)), and canopy water content (i.e., normalized difference water index (NDWI))-related
variables. Our proposed methods consisted of: (i) evaluating the relationships between PAN band
(0.503–0.676 µm) with a spatial resolution of 15 m and individual MS bands of Landsat-8 from blue
(i.e., acquiring in the range 0.452–0.512 µm), green (i.e., 0.533–0.590 µm), red (i.e., 0.636–0.673 µm),
near infrared (NIR: 0.851–0.879 µm), shortwave infrared-I (SWIR-I: 1.566–1.651 µm), and SWIR-II
(2.107–2.294 µm) bands with a spatial resolution of 30 m; (ii) determining the suitable individual
MS bands to be enhanced into the spatial resolution of the PAN band; and (iii) calculating several
vegetation greenness and canopy moisture indices (i.e., NDVI, EVI, NDWI-I, and NDWI-II) at 15 m
spatial resolution and subsequent validation using their equivalent-values at a spatial resolution
of 30 m. Our analysis revealed that strong linear relationships existed between the PAN and most
of the MS individual bands of interest except NIR. For example, r2 values were 0.86–0.89 for blue
band; 0.89–0.95 for green band; 0.84–0.96 for red band; 0.71–0.79 for SWIR-I band; and 0.71–0.83
for SWIR-II band. As a result, we performed smoothing filter-based intensity modulation method
of pan-sharpening to enhance the spatial resolution of 30 m to 15 m. In calculating the vegetation
indices, we used the enhanced MS images and resampled the NIR to 15 m. Finally, we evaluated
these indices with their equivalents at 30 m spatial resolution and observed strong relationships
(i.e., r2 values in the range 0.98–0.99 for NDVI, 0.95–0.98 for EVI, 0.98–1.00 for NDWI).
Keywords: data fusion; panchromatic; multispectral; imageries; spatial resolution

1. Introduction
Pan-sharpening is one of the branches of data fusion that has recently received increasing attention
in the remote sensing community. It aims at fusing images acquired over multiple spectral bands
with relatively low spatial resolution and a panchromatic (PAN) image with relatively high spatial
resolution, resulting in the spectral resolution of the former and the spatial resolution of the latter [1,2].
Thus, the procedures refer to the fusion of a PAN and multispectral (MS) images simultaneously
acquired over the same area. Information captured with different spatial and spectral resolution
from air-borne, space-borne, and remotely installed camera systems can be fused by panchromatic
band and can be enhanced into higher spatial resolution by following the pan-sharpening technique.
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The PAN band is a single spectral band that usually expands at least two or more visible and/or
near infrared (NIR) bands. As a result, PAN band provides the opportunity to enhance the spatial
resolution of MS bands by using pan-sharpening techniques. This is advantageous in a way that
systems can be designed with lower bandwidth and storage requirements [3]. Also, MS bands with
lower spatial resolution can allow for increased spectral resolution in the event of an appropriate
PAN band when designing future imaging systems. General characteristics of the pan-sharpening
technique imply the improvement of spatial resolution of multispectral bands using spatial information
extracted from PAN band of higher spatial resolution. The pan-sharpening method is commonly used
for visualization, allowing small details to be observed on multispectral images [4]. The application
is highly regarded to understand more details of built-up areas [5], land surface temperature [6],
land cover classification [7], large-area settlement patterns [8], wetland and forest classification [9],
crop suitability assessment at higher resolution [10,11], ecological indicators [12], ice mapping [13],
and vegetation indices [14,15]. As a result, it has become more significant for researchers to have
higher resolution imageries to calculate several vegetation indices since high-resolution PAN images
became available in February 2013 [16].
In contemporary literature, most of the pan-sharpening techniques follow a general protocol,
such as: (i) extraction of high-frequency spatial information from the PAN image and (ii) injection of
such spatial details into the resampled MS bands by exploiting different models [17]. Among the many
popular pan-sharpening techniques, some of the important techniques are also identified in several
literature sources [18–30]. Those include:

•

•

•

•

•

The Intensity, Hue, Saturation (IHS) method, which is described as the conversion of color image
from RGB (Red, Green, Blue) space into the IHS color space [18,19]. Because the intensity band
resembles a PAN image in the fusion, a reverse IHS transform is then performed on the PAN
together with the hue and saturation bands, resulting in an IHS fused image. When the PAN band
is not highly correlated with the low spatial resolution bands, then the radiometric distortion of
the color composite is quite obvious [20]. Typically, this method uses the high-resolution PAN
image to replace the intensity component and obtains the fused image by applying an inverse
IHS transform [21].
The Principal Component Analysis (PCA) transform converts inter-correlated MS bands into
a new set of uncorrelated components [22–24]. The first component also resembles a Pan image.
It is, therefore, replaced by a high spatial resolution Pan for the fusion. The Pan image is fused
into the low spatial resolution MS bands by performing a reverse PCA transform.
The Brovey Transform (BT), Synthetic Variable Ratio (SVR), and Ratio Enhancement (RE)
techniques are also used with a mathematical combination of the color image and high resolution
data [25]. The procedures of the Brovey Transform first multiplies each MS band by the high
resolution PAN band and then divides each product by the sum of the MS bands. The SVR and RE
techniques are similar but involve more sophisticated calculations for the MS sum for better fusion
quality. Usually, the Brovey transform, SVR, and RE have been developed to visually increase
contrast in the low and high ends of an image’s histogram. In general, BT is a combination of
arithmetic operations and it needs to normalize the spectral bands before they are multiplied with
the PAN band [26,27].
In wavelet fusion, a high spatial resolution Pan image is first decomposed into a set of low
resolution Pan images with corresponding wavelet coefficients (spatial details) for each level [11,28].
Individual bands for the MS image then replace the low spatial resolution Pan at the resolution
level of the original MS image. The high resolution spatial detail is injected into each MS band
by performing a reverse wavelet transform on each MS band together with the corresponding
wavelet coefficient.
In UNB pan sharp, the algorithm utilises the least squares technique to find the best fit between
the grey values of the PAN and the MS bands to adjust the contribution of individual bands to
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the fusion result [29]. It usually employs a set of statistical approaches to estimate the grey value
relationship between all the input bands to eliminate the problem of data dependency.
The Smoothing Filter-based Intensity Modulation (SFIM) fusion algorithm points out that by
using a ratio between a higher resolution image and its low-pass filtered (with a smoothing filter)
image, spatial details can be modulated to a co-registered lower resolution MS image without
altering its spectral properties and contrasts [28].
Other methods are also incorporated in literature with special emphasis on local mean and
variance matching (LMVM); least square fusion methods, local mean matching fusion method,
and the Gram-Schimdt fusion method. All of these techniques have been used to increase the
spatial and spectral resolution of MS bands using PAN band [18,30].

Even though several pan sharpening techniques have been employed and reported in the
literature, some common limitations have been identified. Those include: (i) quality color distortion
in the fused images [22]; (ii) skills and knowledge of the persons employed in doing the fusion [31];
(iii) quality results are rarely obtained [18]; and (iv) building the relationships of individual MS bands
with the PAN image [32]. Note that most of the platforms acquire PAN images in the spectrum ranging
between 0.50–0.90 µm (that spans visible and NIR bands). Some of the well-known satellites include:
SPOT 1/2/3 HRV, SPOT 5 HRG, IRS 1C, IRS 1D, Landsat 7 ETM+, IKONOS, QuickBird, and OrbView,
among others. However, the new member of the Landsat series, i.e., Landsat-8 OLI (capturing the
details of the earth’s surface since February 2013) has a PAN band operational over 0.503–0.676 µm.
As it differs from the other PAN bands in terms of wavelength and/or spectral resolution, it is critical
and challenging to evaluate how this band of interest can be utilized in enhancing the spatial resolution
of NIR spectral bands in particular.
The overall objective of this study was to pan-sharpen Landsat-8 images and calculate
vegetation greenness (i.e., normalized difference vegetation index (NDVI)), canopy structure
(i.e., enhanced vegetation index (EVI)), and canopy water content (i.e., normalized difference water
index (NDWI))-related variables. In fact, we attempted to fulfill these in three consecutive steps.
Firstly, we evaluated relationships between PAN band (0.503–0.676 µm) with a spatial resolution of
15 m and individual MS bands of Landsat-8 from blue (i.e., acquired in the range 0.452–0.512 µm),
green (i.e., 0.533–0.590 µm), red (i.e., 0.636–0.673 µm), NIR (i.e., 0.851–0.879 µm), shortwave infrared-I
(SWIR-I: 1.566–1.651 µm), and SWIR-II (2.107–2.294 µm) bands with a spatial resolution of 30 m.
Secondly, we used the obtained relationships from the first step to determine the suitable individual
MS bands to be enhanced into the spatial resolution of the PAN band. Finally, we calculated several
vegetation greenness and canopy moisture indices (i.e., NDVI, EVI, NDWI-I, and NDWI-II) at 15 m
spatial resolution and validated this using their equivalent-values at a spatial resolution of 30 m.
Note that researchers performed pan-sharpening in order to enhance the spatial resolution of both
red and NIR spectral bands and subsequently to calculate NDVI-values [10,11]. In fact, the major
issue was not having an appropriate level of evaluation of the suitability of the NIR spectral band to
be PAN sharpened, which was one of the considerations in the scope of this paper (i.e., first step as
mentioned earlier).
2. Study Area and Data Requirements
Here, we consider the southern part of the province of Alberta, Canada, as our study area.
This area comprises a major city Calgary, some smaller cities (i.e., Cochrane, Airdrie, and Chestermere),
and small townships within the single image captured through the Landsat-8 OLI satellite. The area
is located between 50◦ and 52◦ North and 113◦ and 115◦ West and covers approximately 37,772 km2
(Figure 1). The area is mostly covered with built up areas, agricultural land, forests, and water bodies.
The major North-South corridor (Edmonton and Calgary corridor) passes through this area with
a major highway along with small townships. Climatically, the study area experiences relatively
cold (i.e., yearly average air temperature in the range of −3.6 to 1.1 ◦ C) and dry (i.e., annual average
precipitation varies between 377–535 mm) conditions [33,34].
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Figure 2. Schematic diagram of the methods illustrating the pan-sharpening process and its use in
Figure 2. Schematic diagram of the methods illustrating the pan-sharpening process and its use in
calculating vegetation greenness and canopy moisture indices.
calculating vegetation greenness and canopy moisture indices.

3.1. Collection of Landsat-8 OLI Data and Evaluation of the Relationships among MS and Pan Bands
3.1. Collection of Landsat-8 OLI Data and Evaluation of the Relationships among MS and Pan Bands
We obtained the Landsat-8 OLI images from the United States Geological Survey (USGS) and its
We obtained the Landsat-8 OLI images from the United States Geological Survey (USGS) and
collaboration organization National Aeronautics and Space Administration (NASA) website on some
its collaboration organization National Aeronautics and Space Administration (NASA) website on
specific days (as mentioned in the study area and data requirements section). Once the data were
some specific days (as mentioned in the study area and data requirements section). Once the data
available, we re-projected the images into UTM zone 12 projection with datum NAD83. Then, we
were available, we re-projected the images into UTM zone 12 projection with datum NAD83. Then,
stored these images and converted them into Geo-TIFF format for further analysis.
we stored these images and converted them into Geo-TIFF format for further analysis.
Once we pre-processed the acquired images as described above, we started to assess the
Once we pre-processed the acquired images as described above, we started to assess the
relationships between PAN and each of the individual MS bands using linear regress analysis. As a
relationships between PAN and each of the individual MS bands using linear regress analysis.
result, we obtained fitness between the variables of interest by means of calculating the coefficient of
As a result, we obtained fitness between the variables of interest by means of calculating the coefficient
determination (i.e., r2) using
the following expression:
of determination (i.e., r2 ) using the following expression:
2


2

∑
−
(PAN
−
) 
2
MS
−
MS
PAN
−
PAN
∑
r =
i
i

r2 =  q
2 q
2 ∑(PAN −
∑
)2 2
−
∑ MSi − MSi
∑ PAN − PAN

(1)
(1)

represent instantaneous and average
where i represents the specific MS band of interest; MS and
where i represents the specific MS band of interest; MS and MS represent instantaneous and average
surface reflectance values, respectively, for the specific band of interest; and PAN and
surface reflectance values, respectively, for the specific band of interest; and PAN and PAN represent
represent instantaneous and average digital number (DN)-values, respectively, for the PAN band. It
instantaneous and average digital number (DN)-values, respectively, for the PAN band. It is interesting
is interesting to note that we found strong relationships between PAN and almost all of the MS bands
to note that we found strong relationships between PAN and almost all of the MS bands except the
except the NIR band (see details for “Results and Discussion” section).
NIR band (see details for “Results and Discussion” section).
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“Synthetic Pan” image (SynPAN) as a function of averaging of the PAN image over a moving kernel of
n × n size (i.e., 3 × 3 in this study). Here, we opted to consider a 3 × 3 moving window in order to
retain the local variabilities of the reflectance regimes. Secondly, we employed the SynPAN image in
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Pan” image (SynPAN ) as a function of averaging of the PAN image over a moving kernel of n × n size
(i.e., 3 × 3 in this study). Here, we opted to consider a 3 × 3 moving window in order to retain the local
variabilities of the reflectance regimes. Secondly, we employed the SynPAN image in conjunction with
PAN and specific MS bands (MSi ) in order to generate pan-sharpened MS bands of interest (i.e., Fusedi ).
Mathematically, we summarized both of the steps as follows:
1
n

Syn PAN@15 m =

Fused i@15 m =

n

∑ PAN@15 m

(2)

1

PAN@15 m
∗ MSi@30 m
Syn PAN @15 m

(3)

where i represents the specific MS band of interest.
3.3. Generation of Vegetation and Canopy Moisture Contents and Their Validation
Upon pan-sharpened MS bands, we calculated a set of vegetation indices (i.e., NDVI and
EVI) and canopy moisture content-related indices (i.e., NDWI) at 15 m spatial resolution using the
following expressions:
ρ
− ρR
NDV I = N IR
(4)
ρ N IR + ρ R
EV I = G ∗

ρ N IR − ρ R
ρ N IR + C1 ∗ ρ R − C2 ∗ ρ B + L

(5)

ρ N IR − ρSW IR
ρ N IR + ρSW IR

(6)

NDW I =

where ρ represents surface reflectance for the specific MS band of interest. In these calculations,
we resampled the NIR band from 30 m to 15 m in order to match other pan-sharpened MS bands.
In the event of NDWI, we calculated this twice as the considered SWIR bands consisted of two different
spectral resolutions (i.e., central wavelengths (centred at 1.64 µm and 2.20 µm).
In addition, we also calculated the NDVI, EVI, and NDWI at 30 m spatial resolution, which were
then used to validate their equivalent-values produced at 15 m. In the process of validation, we applied
linear regression analysis (that provided slope and intercept) and calculated r2 and root mean square
error (RMSE) values using the following expressions:
2


A
−
A
B
−
B
∑
x
x
x
x

r2 =  q
2 q
2
∑ Ax − Ax
∑ Bx − B x


s
RMSE =

∑ [ Bx − A x ]
n

(7)

2

(8)

where x represents the specific indices; A and A represent instantaneous and average indices-specific
values, respectively, at 30 m spatial resolution; and B and B represent instantaneous and average
indices-specific values, respectively, at 15 m spatial resolution.
4. Results and Discussion
4.1. Comparing and Determining Relationships among PAN and MS Bands
Figures 3–7 show the relationships between blue, green, red, SWIR-I, and SWIR-II (30 m spatial
resolution) bands and PAN band (15 m spatial resolution) captured by the Landsat-8 OLI satellite.
We plotted the data for four different days as can be seen inside the figures. All of the MS bands
(except NIR) had strong relationships with the PAN band. For example, the r2 values were found to
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be in the range: (i) 0.86–0.89 for blue band for approximately 93% of the data points; (ii) 0.89–0.95 for
green band for approximately 93% of the data points; (iii) 0.84–0.96 for red band for approximately
94% of
data points;
(iv) 0.71–0.79 for SWIR-I band for approximately 80% of the data points;
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knowledge, several unique contributions and outcomes were identified, such as:
Contributions

In the scope of this study, we implemented a pan-sharpening technique and its applicability to
calculate several vegetation indices (i.e., EVI, NDVI, and SWIR). According to the best of our
knowledge, several unique contributions and outcomes were identified, such as:
(i)

To our knowledge of the contemporary literature, comparison and/or correlation analysis
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(i)

To our knowledge of the contemporary literature, comparison and/or correlation analysis
between pan-sharpened NDVI, EVI, and NDWI products (@15 m spatial resolution) with their
original spatial resolution (@30 m spatial resolution) had not been reported elsewhere;
(ii) Landsat-8 OLI is a relatively newly launched satellite platform (operating since February 2013) [16].
The PAN band of this particular satellite differs from others. For example, the spectral resolution
of the PAN band spans 0.503–0.676 µm with clearly no overlap with the blue, and NIR spectral
bands. Note that other platforms, on the other hand, have overlapping spectral bands between
PAN, and visible, and NIR bands. As a result, we assumed that the PAN band of the Landsat-8
should not be correlated with the NIR band, which, in fact, was proven in this study.
(iii) Other studies [38–41] applied pan-sharpening over Landsat-8 data in order to derive NDVI-values
alone. In these studies, we understood that they also pan-sharpened the NIR band, which might
not be applicable to enhance vegetation indices as the relationship between the PAN and NIR
band could not be significant. We thus mentioned in this study that NIR band would not yield
better results if used in further enhancement of vegetation indices.
(iv) We also calculated EVI (an indicator of vegetation canopy structure), and NDWI (an indicator of
water stress of vegetation) using Landsat-8 OLI data and provided their validations.
5. Concluding Remarks
In this study, we proposed a simple protocol to generate NDVI, EVI, and NDWI at an enhanced
spatial resolution of 15 m. In this case, we adopted a pan-sharpening method widely known as
smoothing filter-based intensity modulation and enhanced the MS bands required to compute the
above-mentioned indices of interest. Our results demonstrated strong relationships between each
individual MS (blue, green, red, and SWIRs) and PAN band while comparing r2 values (i.e., the values
were ranged from 0.71 to 0.96) for the Landsat-8 OLI images. However, NIR band exhibited a weaker
relationship which was not a surprising outcome as its wavelength was beyond the respective band
width of the PAN band. Consequently, we generated the NDVI, EVI, and NDWI using the spatial
resolution of MS bands enhanced to 15 m and resampled NIR band to 15 m. Then, we evaluated
these indices with compare with the indices computed at 30 m spatial resolution for validation
purposes. The results of the vegetation canopy moisture and greenness indices (i.e., NDVI, EVI,
and NDWI) were then compared based on the values of r2 , slope, intercept, and RMSE. We found
strong relationships among these values and argued that this method would help the pan-sharpening
research community to obtain higher resolution Landsat-8 MS images for better results. Consequently,
we suggest that before applying the pan-sharpening techniques, it is essential to calculate individual
relationships of each MS band of interest with PAN band and then decide which specific band
needs to be pan-sharpened. In addition, we believe that the use of the proposed technique will
enhance the spectral and spatial resolution of Landsat-8 OLI MS bands which can be used for different
environmental applications, such as land use change, vegetation indices calculation, and application
in the field of agricultural research, etc. Finally, we also strongly suggest that the proposed schema
should be thoroughly evaluated prior to implementation in other geographical locations.
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