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Abstract— Forest cover density (FCD) transformation is an 8-bit Landsat imagery-based method for vegetation mapping, which uses a 

set of indices comprising vegetation, soil, shadow, and thermal components. With the advent of 16-bit Landsat-8 imagery, radiometric 

correction and pan-sharpening methods could be applied to generate new datasets with different spectral and spatial characteristics. 

This study combined several methods of pan-sharpening and FCD transformations for mapping vegetation density in Salatiga and 

Ambarawa region, Indonesia, based on Landsat-8 dataset.  The imagery was treated differently to constitute five new datasets, i.e., 

original multispectral imagery (30 m), radiometrically corrected multispectral imagery (30 m), and three pan-sharpening datasets 

generated using Gram-Schmidt (GS), Principal Component Analysis (PCA), and Hyper-spherical Color Space (HCS) methods (15 m).  

Each dataset was then processed using FCD transformation as a basis for vegetation density and structural composition mapping. Field 

observation and vegetation density measurement using high-spatial-resolution imagery was used as a reference for accuracy assessment. 

This study found that the pan-sharpening methods produced new datasets with various correlation coefficients with their corresponding 

original bands, affecting the accuracy of spectral modeling in FCD. Moreover, the generated FCD models were found less accurate as 

compared to that of the original one. However, the accuracy could be increased by rescaling the original DNs and regrouping the 

original classes into simpler categorization. Besides the problem of data characteristics, all FCD models were also found inaccurate 

compared to previous studies due to the landscape complexity of the study area. 
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I. INTRODUCTION

Vegetation mapping based on remotely sensed digital 

imagery has been a common practice and has become one of 

the most efficient methods compared to full fieldwork [1]. As 
viewed from a land-cover/land-use perspective, vegetation 

mapping usually relies on multispectral classification [2], 

although sometimes it is combined with vegetation index [3]. 

In the context of species composition, these activities usually 

utilize multispectral classification [4], [5], hyperspectral 

analysis [6]–[8], and a landscape-ecological approach that 

combines remote sensing and GIS [9]. On the other hand, 

when the distribution of vegetation density is a measurement 

target, this activity usually utilizes spectral transformations, 

especially vegetation indices [10]–[12]. In contrast, it often 

uses forest cover density or FCD transformation [13] and also 
visual interpretation [14]. 

Among various methods that were often used, the 

utilization of vegetation index, e.g., normalized difference 

vegetation index (NDVI) was the simplest way and was often 

more effective [12]. However, departing from a critical view 

of the lack of various vegetation indices and the need for 

mapping in the context of the forestry industry, the 

International Timber Trade Organization (ITTO) developed 
forest cover density (FCD) transformation to map the density 

and structural composition of vegetation [13]. Many studies 

reported that the FCD methods accurately mapped the forest 

density [15]–[20].  

FCD was developed based on Landsat-4 and Landsat-7 

datasets which were recorded using 8-bit-coding sensor 

systems. The developed formulas in the FCD model departed 

from the assumption that the data has a digital number (DN) 

range of 0–255 or within an 8-bit coding. In addition, a 

detailed technical explanation for the pre-processing method 

has not been given explicitly. On the contrary, the current 

development shows the availability of data with a 16-bit 
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coding system (0–65,535) such as Landsat-8 OLI and Sentinel 

2, which have blue up to middle infrared bands. 

Landsat 8 OLI still has thermal infrared bands like its 

predecessors, i.e., Landsat-5 TM and Landsat-7 ETM+. 

Besides, the sensor also has a panchromatic band, which 

allows the product to be combined with other bands in the 

form of a pan-sharpened dataset. Pan-sharpening itself can be 

built using several methods such as Brovey, Hue-Saturation-

Value (HSV), Gram-Schmidt (GS), Principle Component 

Analysis (PCA) [21], [22], and Hyperspherical Color Space 

(HCS) [23]. Brovey and HSV, according to many studies, 
were found less able to present spectral information under the 

original multispectral bands [24]–[26]. 

Nowadays, the radiometric correction methods had 

developed far more advanced than when the FCD 

transformation method was initiated. However, the use of the 

spectral index-based models strongly requires radiometric 

correction in advance [12], [27]. At present, there are several 

established methods of radiometric correction such as Dark 

Object Subtraction (DOS), Cos (ϴ), MODTRAN, FLAASH, 

and full atmospheric correction models [23], [28], which 

consider many variables. Since the FCD model also works on 
a spectral basis, a radiometric correction stage should be 

strongly recommended prior to the derivation of indices 

within the model. 

A. Problem Formulation

The research problems were formulated as follows.

 The effect of image radiometric correction has never

been compared to the original image (without

correction) when it was utilized in FCD transformation.

 Pan-sharpening methods can increase spatial resolution
and at the same time maintain colors, but there was a

lack of knowledge of pan-sharpening methods that are

suitable for FCD transformation, concerning their

accuracies in vegetation structural composition 

mapping. 

B. Research Objectives

Based on the previously mentioned problem formulation,

three research objectives were specified as follows: 

 To undertake radiometric correction of Landsat-8 OLI

dataset using full atmospheric correction model as a

basis for pan-sharpening and FCD model development.
 To build pan-sharpened images based on a combination

of multispectral and panchromatic bands that have been

radiometrically corrected, using different pan-

sharpening methods, namely GS, PCA, and HCS, and

evaluate their quality as compared to the original

multispectral bands,

 to build FCD maps based on radiometrically corrected

pan-sharpened GS, PCA, and HCS images and to test

the accuracy of the resultant vegetation density models

with respect to the independent measurement dataset.

C. Study Area

The study area is located in Salatiga- Ambarawa and its

surrounding, Central Java, Indonesia.  As shown in Fig. 1, this 

study area consists of several major landscape units, although 

volcanic-origin landforms mostly dominate them. A relatively 

large natural lake called Rawa Pening is located in the middle 

of the scene, surrounded by an alluvial plain, old volcanoes, 

and denudational hills with sedimentary rocks.   

In terms of vegetation structural composition, the 

denudational hills are covered with coffee, cocoa, rubber 
plantations, and a mixed garden. In contrast, the structural 

hills with limestone and other marine sedimentary rocks are 

utilized for teak forest and dryland cultivation.  Dense forests 

occupy the upper part of volcanic slopes and cones.  Some 

parts of the forest had been burned, particularly in the south-

facing slopes and cones.

Fig. 1  Landscape arrangement di in the study area, as viewed from vegetation ecological perspective
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The elevation of the study area ranges from less than 100m 

up to 3142m above sea level (asl), making the complexity of 

the landscape increase due to the distribution of land surface 

temperature –in addition to the existence of  Rawa Pening 

swampy lake.  All these diverse ecological factors constitute 

a suitable environment for testing the capability of FCD 

transformation in vegetation mapping.  

The elevations zones between 100 – 400 m asl are related 

to structural hills, mostly with limestone and other marine 

sedimentary rocks.  These areas are mainly occupied for teak 

plantation forest (deciduous), dry field, rural settlement, and 
mixed garden.  Elevation zones between 401 – 750 m asl are 

found in the denudational hills with volcanic remnants and 

marine sedimentary rocks in the north and eastern part and are 

also found in the volcanic foot slopes.  These areas are mainly 

occupied for rubber, coffee, cocoa plantations, mixed garden, 

rural/urban settlement (including Salatiga and Ambarawa), 

and industrial activities. An alluvial plain in this elevation 

zone containing  Rawa Pening swampy lake is covered with 

an invasive aquatic weed called enceng gondok (Eichhornia 

crassipes).  

At the higher elevation, mixed forest, pine forest, dry field 
with vegetables, rural settlement, and tea plantation are 

commonly found.  Particularly at the 2501 m asl or more, 

grassland, shrubs, bare soil, and burned vegetation are more 

dominant. 

II. MATERIALS AND METHODS 

A. Materials 

This study made use of Landsat 8 OLI imagery covering 

Salatiga - Ambarawa and its surrounding, with path/row 

120/065, recorded on September 18th 2015, which have been 
geometrically corrected at T level. This dataset comprises 

spectral bands of blue (0.450-0.515µm), green (0.525-0.600 

µm), red (0.630-0.680 µm), near-infrared (NIR) (0.845-0.885 

µm), shortwave infrared I or SWIR1 (1.550-1.660 µm), which 

are at 30 m spatial resolution, thermal infrared I (10.30-11.30 

µm) at 100 m spatial resolution, and panchromatic band at 15 

m spatial resolution.  In addition to the image above dataset, 

this study also used WorldView 3 imagery and RBI 

topographic map at 1:25,000 scale as the basis for field 

orientation, measurement, and accuracy assessment. 

Image processing software for this study were ILWIS 3.8 
Open and Idrisi Terrset academic version.  Most of the 

processes, particularly the FCD modeling, were run using 

map calculator and script programming instead of using 

menu-based facilities.  We intentionally did not use the FCD 

Mapper software based on the assumption that this study tried 

to explore the operability of the FCD concepts using any 

available software concerning the theory and formulas given 

in previous works [12]. 

B. Methods 

The research applied four main types of image processing, 

i.e. (a) data preparation comprising radiometric correction and 

calibration, (b) image pan-sharpening, (c) modeling with the 

FCD method, and (d) linear transformation of the FCD results 

as a basis for mapping the vegetation density and structural 

composition. The final results in the form of vegetation 

density models were tested according to their accuracy using 

samples taken from field reference and high-spatial-resolution 

imagery. 

It should be emphasized here that after the first and second 

processing stages previously mentioned, this study explored 

five kinds of datasets. The first is the Landsat 8 OLI image 

(30 m) which was only calibrated to 8-bit dataset as a control. 

The second is Landsat-8 OLI imagery (30 m) corrected 

radiometrically with full atmospheric correction. The third 

until the fifth are pan-sharpened datasets based on full 

atmospheric correction images that raised to 15 m spatial 

resolution using three different pan-sharpening methods. 
Comparing the quality of the corrected and pan-sharpened 

images was undertaken by analyzing the correlation between 

their spectral values wand  

The research method is summarized in Fig. 2, while each 

stage of processing is explained as follows: 

 

 
Fig. 2  Research Methods developed in this study 

1) Preparation/Radiometric Correction: The original 

Landsat-8 OLI image was available in 16-bit coding format 

or has a range of digital number (DN) 0 – 65,535. Because the 

FCD model was developed based on Landsat-5 TM and 

Landsat-7 ETM+ images which were only recorded in 8-bit 

range (0 - 255), bit level compression was required from 16- 

to 8-bits. However, this direct conversion to 8-bits was only 

applied to the control dataset, while other datasets were 

treated differently, started from full atmospheric correction 

only (at 30 m spatial resolution), and radiometric correction 

followed by pan-sharpening process to 15 m spatial resolution. 

The radiometric correction transformed  image DNs (0 - 
65535) to the level of at-surface reflectance (in percent), 

which used a full atmospheric correction method [23].  The 

equation of full atmospheric correction was based on the work 

of [28]: 

 � = (�∗(����	
��))
(��∗(��∗���(��)∗��������) (1) 

where ρ is at-surface reflectance in percent, Lλ is the image 

spectral radiance.  Lhaze is scattered spectral radiance recorded 
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as the minimum one by the sensor. τv is the atmospheric 

transmittance or optical thickness of the atmosphere. Eo is the 

solar spectral irradiance that takes into account the Earth-Sun 

distance in specific Julian days. Tz is the incident angle of the 

direct solar flux to the Earth's surface. Edown is downwelling 

spectral irradiance due to the scattered solar flux in the 

atmosphere. 

Practically, this correction took into account image 

metadata containing information as follows: 

 The range of the original DN values or the level of bit-

coding. 
 Maximum and minimum spectral radiance in Watts m-

2sr-1µm-1 that can be detected by the sensor. 

 Sun elevation and azimuth. 

 Recording time (date, month and hour) follows the 

UTC standard. 

 Optical thickness of the atmosphere at the time of 

recording. 

 DNs for objects in the form of very dark shadows or 

very clear and deep water.  

2) Pan-sharpening: Pan-sharpening in this study covered 

three methods, namely PCA pan-sharpening (PCA) [21], 
Gram-Schmidt (GS) [21], [29], and Hyperspherical Color 

Space (HCS) [23]. In the pan-sharpening PCA method, the 

multispectral bands of Landsat 8 image were processed by 

PCA first at 15 m pixel size. From this PCA,  PC-1 was 

evaluated according to its variance and minimum-maximum 

values, to be replaced by the panchromatic band. Then the 

pan-sharpening process reversed the dataset containing the 

panchromatic band, which has replaced the PC-1 position. 

GS pan-sharpening involved four steps. First, simulation of 

the high-resolution panchromatic band based on multispectral 

bands with lower spatial resolution. Second, the Gram-

Schmidt transformation was applied to the simulated 

panchromatic band and the multispectral band, where the 

simulated panchromatic band was treated as the first band. 

Third, the original high-resolution panchromatic band was 

then replaced by a simulated Gram-Schmidt band. Fourth, the 

Gram-Schmidt transformation was then reversed.  
In the HCS method, the first step was to resample the 

multispectral bands to the same spatial resolution as that of 

the panchromatic band, i.e., 15 m. Then, a filter at 7x7 size 

was used to smooth the panchromatic band and reduce spatial 

artifacts. Next, the algorithm performed a forward 

transformation to calculate the intensity and angle according 

to the original multispectral bands. After that, it calculated the 

adjusted intensity with the smoothed panchromatic band and 

resampled multispectral bands. Then, with the mean and 

standard deviation of transformed multispectral bands, the 

bands were resampled to match the resolution of the 
panchromatic band.  Lastly, it replaced the intensity and 

performed a reverse transformation. 

3) Forest Cover Density Modelling (FCD): The FCD trans-

formation is a relatively complicated step to reduce the map 

of vegetation density related to its structural composition if 

compared with other spectral indices such as vegetation index 

and soil moisture indices [30], [31], [32], [33].  FCD includes 

three main steps [12], namely (a) preparation of basic indices, 

i.e., Advanced Vegetation Index or AVI, Bare Soil Index or 

BI, Shadow Index or SI and Thermal Index or TI; (b) the 

preparation of a derivative index, i.e., Vegetation Density or 

VD as the result of the integration of AVI with BI; and 

Shadow Scaled Index or SSI as a combination of SI and TI; 

(c) FCD itself which is an integration of VD with SSI.  

AVI involved the red (Red) and near-infrared (NIR) bands. 
Since this formula contains NIR-Red terms, it is possible that 

the results obtained from NIR-Red <0, so that the following 

conditions were required: 

IF (NIR-Red) ≤ 0,  

THEN AVI= 0, 

 ELSE ��� = �(�� + 1) ∗ (256 −  '() ∗ (�� −  '())
 (2) 

BI was obtained by involving the first shortwave infrared 

(SWIR1), near-infrared (NIR), red (Red), and Blue (Blue) 

bands with the following formula: 

 *� = +,(-./01�023)�(4/0�5672)
./01�023)�(4/0�5672) 8 ∗ 100: + 100 (3) 

Where is 0 ≤ BI ≤ 200 

These AVI and BI images were then integrated using PCA, 

where the first principal component (PC-1) was taken as the 

VD or vegetation density image. These results were then 

transformed linearly into a new image with the 0 -100 range, 

where 0 indicated bare soil (0% vegetation cover) and 100 
indicated forest with 100% vegetation cover. 

SI image was generated by involving blue, green, and red 

bands, with the following formula: 

 ;� =  �(256 − *=>') ∗ (256 − ?@''A) ∗ (256 −  '())  (4) 

The thermal channel image was converted to a spectral 

radiance image BC_EFGH2  through the following formula: 

 BC_EFGH2 = BC_FEI +  ,��_J
K���_JL�
M4J
K ∗ N�EFGH28 (5) 

Where BC_FEIis the minimum detectable spectral radiance 

value in the corrected band, BC_FGOis the maximum detectable 

spectral radiance value, N�FGO  is the maximum DN of the 

original image (in 16-bit coding means 65,535), while N�EFGH2 denotes all image’s DNs to be calibrated to spectral 

radiance in Watt m-2sr-1µm-1. The value BC_FEI  This new 

image was then converted to 8-bit system (0-255) and used as 

the thermal index image (TI). 

In the next step, the SI and the TI images were then 

integrated with the PCA method to derive a new image called 

the Scaled Shadow Index (SSI). Areas with SSI value = 0 

were regions with shadow value (SI) = 0 too. The area where 

SSI = 100 was the area with 100% shadow cover. This value 
range was then used as a basis for scaling back the SI value 

into a normalized SSI through a linear transformation process, 

where the original SI range was changed to 0-100, to represent 

the percentage of 0-100% vegetation cover. 

Finally, the FCD map was derived from the VD and SSI 

images using the following formula: 

 PQN =  ,�(�N ∗ ;;�) + 18 − 1 (6) 

where it was assumed that FCD would have a range of 0 - 100, 

with 0 representing open land and 100 representing very 

dense vegetation with multiple layers (multi-story). In this 
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study, the FCD pixel values were then required 

reclassification [18], [34] as shown in Table I. 

4). Accuracy Assessment: Accuracy assessment was based 

on the field observation and vegetation density measurement 

using high-spatial-resolution imagery. The accuracy 

assessment was carried out using two methods, i.e., standard 

error of estimates (SE)-based accuracy for the original ratio 

data containing a percentage of vegetation density and 

confusion matrix for vegetation structural composition 

categories. A total of 112 samples were selected using 

stratified random sampling as a basis for accuracy assessment 
and were evenly distributed concerning the spatial 

distribution of the FCD classes in the study area.  

III. RESULTS AND DISCUSSION 

A. Radiometric Correction Results 

Radiometric calibration and correction were applied to the 

spectral bands involved in FCD modeling, namely blue, green, 

red, NIR, SWIR1, and thermal infrared. For blue up to SWIR1 

bands, the correction process was carried out up to at-surface 
reflectance (in %), while the thermal infrared DNs were only 

calibrated to spectral radiance values in Watt m-2sr-1µm-1, 

according to the standard in FCD modeling. The full 

atmospheric correction converted DNs to the percentage of 

reflectance, which means that the original range of 16-bit, i.e., 

0 – 65,535 were transformed to 0-1. 

TABLE I 

FCD CLASSIFICATION OF FINAL PIXEL VALUES CONCERNING VEGETATION 

DENSITY, AND STRUCTURAL COMPOSITION  

Cls Value 

Range 

Vegetation structural composition description 

0 0 Bare soil 

1 1-10 No canopy coverage. Open land and grass are 
predominant 

2 11-20 Tree canopies began to emerge but open land is still 
predominant, 

3 21-30 Tree canopies occupy 11-20% of the pixel area but 
open land is still predominant  

4 31-40 Tree canopies occupy 21-30% of the pixel area 
interleaved with bushes and shrubs 

5 41-50 Young tree canopies develop and cover 41-50% of 
the pixel area, with a predominance of shrubs while 
shrubs decrease. 

6 51-60 Adult and young tree canopies are growing, covering 
51-60% of the pixel area, which is starting to show a 
difference 

7 61-70 Tree canopies are growing rapidly, covering 61-70% 
of the pixel area with differences in strata of stands, 
clearly visible and heterogeneous 

8 71-80 Tree canopies cover 71-80% of the pixel area with 
distinct strata standing distinctions; species 
heterogeneity is increasing, 

9 81-90 Tree canopies cover 81-90% of the pixel area with 
different standing strata; very clearly seen, very high 
heterogeneity 

10 91-100 Tree canopies cover 91-100% of the pixel area with 
very stratified differences, very high heterogeneity, 
sunlight is unable to reach the forest floor, and 
moisture is very high. 

 

In the radiometric correction results, we found several 

pixels with values exceeding 1.00.  However, this anomaly 

was only presented by few pixels, i.e., less than 0.001% of the 

total. In addition, the anomalous values also only appeared in 

the NIR and SWIR1 bands due to the difficulty in determining 

the exact measures of optical thickness for longer 

wavelengths and the problem in specifying sky diffuse 

irradiance values during the modeling. The diffuse sky 

irradiance was set to 0 if there is no available data [22]. The 

same radiometric correction as in the blue up to SWIR1 bands 

was also applied to the panchromatic band. 

B. Pan-sharpening Results 

The pan-sharpening process delivered three types of pan-

sharpened datasets, corresponding to the methods used, i.e., 

GS, PCA, and HCS.  All pan-sharpened bands have the same 

spatial resolution. i.e., 15 m.  However, in terms of spectral 

information contents, they performed slight differences that 

could be visually and statistically analyzed. Fig. 3 shows an 

example of a pan-sharpened color composite image (NIR-

SWIR1-Blue, for R-G-B color composition), which was 

processed using the HCS method. 

The pan-sharpened images did not exhibit a significant 
improvement in spectral and spatial details due to the slight 

difference in the spatial resolution of image inputs compared 

to pans-sharpening of ALOS imagery, for example, in [26].  

The Landsat-8 multispectral bands are 30 m, while and the 

panchromatic band is only 15 m.  However, this difference 

could still provide different operational mapping scales, i.e., 

1:100,000 and 1:50,000 respectively [5], [35] 

 

 

Fig. 3 An example of pan-sharpening result using HCS method, covering 

small part of the study area. 

 
Statistically, the spectral information contents of the pan-

sharpened datasets were also different.  This study used the 

radiometrically corrected dataset as a reference so that the 

other image datasets, including the original bands without 

correction, were also compared. As shown in Table II, two 

datasets with 30 m spatial resolution had been correlated.  We 

found that the between-band correlations were very high for 

the same wavelength regions (bold font), i.e., 0.965.  In this 

context, high correlation means that a pair is similar. 

Therefore it could be expected that the original bands without 
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correction might give similar results in the spectral-based 

image modeling. 

This study also found different results from three pan-

sharpened image datasets, as shown in Tables III-V as 

examples for GS, PCA, and HCS pan-sharpened images. The 

GS pan-sharpening method generated a relatively lower 

average correlation between corresponding bands than PCA 

and HCS methods.  The average rGS was 0.891, while the 

average rPCA and rHCS were 0.907 and 0.897, respectively.  

However, the difference between those correlation 

coefficients were also relatively small. 

TABLE II 

CORRELATION MATRIX BETWEEN RADIOMETRICALLY CORRECTED BANDS 

AND THE ORIGINAL BANDS (WITHOUT CORRECTION).  

 Original bands, no correction 

  Blue Green Red NIR SW1 

R
a
d

io
m

et
ri

c
a
ll

y
 

c
o
r
re

ct
e
d

 b
a
n

d
s 

Blue 0.910    0.887    0.847   -0.038   0.687 

Green 0.918   0.948    0.912    0.027    0.763 

Red 0.928    0.960    0.980   -0.108   0.808 

NIR -0.127   -0.028   -0.141   0.994    0.258 

SWIR1 0.718    0.782    0.799 0.264    0.994 

 

TABLE III 

CORRELATION MATRIX BETWEEN RADIOMETRICALLY CORRECTED BANDS 

AND THE PAN-SHARPENED BANDS (GS METHOD) 

 Pan-sharpened bands (GS method) 

  P+Blue P+Green P+Red P+NIR P+SW1 

R
a
d

io
m

et
ri

c
a
ll

y
 

c
o
r
re

ct
e
d

 b
a
n

d
s 

Blue 0.901    0.852    0.841  -0.397   0.473   

Green 0.889    0.887    0.878   -0.335   0.520   

Red 0.857    0.857    0.893   -0.418   0.538   

NIR -0.143   -0.046  -0.159   0.950    0.197   

SW1 0.821    0.849   0.891   -0.131   0.826   

TABLE IV 

CORRELATION MATRIX BETWEEN RADIOMETRICALLY CORRECTED BANDS 

AND THE PAN-SHARPENED BANDS (PCA METHOD) 

 Pan-sharpened bands (PCA method) 

  P+Blue P+Green P+Red P+NIR P+SW1 

R
a
d

io
m

et
ri

c
a
ll

y
 

c
o
r
re

ct
e
d

 b
a
n

d
s 

 Blue 0.910    0.871    0.833   -0.251   0.487   

Green 0.890    0.902   0.865   -0.168   0.538   

Red 0.874    0.888    0.898  -0.269   0.561   

NIR -0.154   -0.057   -0.165   0.959    0.219  

SW1 0.809    0.859    0.866    0.100    0.865   

TABLE V 

CORRELATION MATRIX BETWEEN RADIOMETRICALLY CORRECTED BANDS 

AND THE PAN-SHARPENED BANDS (HCS METHOD) 

 Pan-sharpened bands (HCS method) 

  P+Blue P+Green P+Red P+NIR P+SW1 

R
a
d

io
m

et
ri

c
a
ll

y
 

c
o
r
re

ct
e
d

 b
a
n

d
s 

 Blue 0.910    0.888   0.858  -0.121   0.658   

Green 0.883    0.907    0.880   -0.038    0.708   

Red 0.886    0.913    0.931   -0.133   0.752   

NIR -0.036    0.061   -0.034   0.847   0.297   

SW1 0.682    0.739    0.755    0.200    0.890   

The quality of pan-sharpened images also depends on the 

bandwidth and the bandwidth overlap of the high-spatial-

resolution image [20]. The bandwidth of the panchromatic 

band of Landsat 8 is 0.503 - 0676 µm, while the NIR and 

SWIR-1 bands are beyond this range.  Therefore, only visible 

bands could provide higher correlation coefficients as 

compared to the infrared bands. 

The contributors to the low correlation coefficients in each 

dataset were also different.  In GS and PCA methods, the low 

rGS were mainly contributed by the SWIR1+P pair, while in 

HCS, the NIR+P band played a more important role.  These 
results were understandable since it has been mentioned that 

PCA and GS used similar approaches to the methods, where 

inverse PCA techniques were used and modified [20]. 

C. Forest Cover Density Modelling 

Based on the FCD modeling, five maps of forest cover 

density have been produced.  The first map came from the 

original bands without correction (30 m), the second one was 

based on the radiometrically corrected bands (30 m), and the 
last three were vegetation density maps derived using GS, 

PCA, and HCS pan-sharpened bands, respectively. 

1) FCD Model based on Original Dataset: Using the 

original dataset without correction, all involved bands were 

only compressed into 8-bit images (DN range= 0-255) since 

the beginning of processing.  This study put all required bands 

in the equations (2), (3), and (4). The AVI, BI, and SI images 

were also kept in the DN range of 0-255.  However, when the 

PCA process was run to integrate AVI and BI images as well 

as SI and TI images, the resultant indices (VD dan SSI) 

required to be rescaled into 8-bit image, with 0-100 range.  

The FCD map generated from equation (6) is presented in Fig 
4a-1. 

2) FCD Model based on Full Atmospheric Correction: 
All atmospherically corrected bands were converted to 8-bit 

images in this modeling.  Prior to the conversion, the thermal 

band was transformed into spectral radiance first using 

equation (5).  After that, they were input to the equations (2), 

(3), and (4) in order to derive AVI, BI and SI images.  All 

those images were rescaled to 8-bit images as well. Similar 

principal component analysis and processing were applied to 

the derived data plus thermal image for generating VI and SSI, 

which were then rescaled to 0-100. As a result, a FCD model 
is presented in Fig 4b-1. 

3) FCD based on Pan-sharpened Datasets: Three 
different pan-sharpened datasets, i.e., using GS, PCA, and 

HCS methods, respectively, were used to input the FCD 

modeling. The same procedure was described in the use of full 

atmospherically corrected bands applied.  The difference was 

only in the spatial resolution of these three datasets, which is 

15 m, compared to 30 m of the original bands.  However, this 

study needed to resample the thermal band into 15 m pixel 

size since FCD modeling only works when all input bands 

have the same pixel size.  The resampling process used 
nearest-neighbor interpolation in order to retain the original 

pixel values [20]. Resultant FCD models are presented in Figs 

4c-1, 4d-1 and 4e-1 respectively. 

Figs. 4a-1 up to 4e-1 show that every dataset produced 

different vegetation density values.  The minima and maxima 
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contained by the images also show that no one has a 

significant number of pixels with 0 value or bare soil.  

However, it was impossible because the study area has 

relatively large patches of bare soil, freeway/toll road 

construction, urban building, and even water body with no 

vegetation. All those land-cover types looked yellowish-green, 

which means that they were identified as vegetated areas.  

Based on the statistical analysis of each derived FCD, the 

minima were above 30 or --according to Table II—were 

identified as bushland interleaved by trees.  

These findings did not meet with the concept of FCD 
mapping proposed by Dewa and Danoedoro [12],  which was 

confirmed by some other studies [2], [36],  [37][38]. The final 

processing of FCD was performed by applying equation (6). 

However, other studies using FCD also undertook additional 

processes, including regression analysis with field data [39]–

[41], or in combination with other methods such as vegetation 

index [42]. 

Based on the immediate results using equation (6), this 

study tried to rescale the FCD images by considering the 

minima and maxima correlated with the minima and maxima 

of vegetation density found in the field.  Therefore, the 

resultant FCD images were rescaled using those reference 

values.  This method was more practical than trying to 

develop a regression-based equation using many samples of 

field measurement.  Besides, the regression-based equation is 

more similar to the use of vegetation index-based mapping 

[43], [44], while FCD transformation was originally 

developed for the direct assessment using density slicing of 
the immediate result of FCD [13].  The rescaled original FCD 

image values generated new FCD maps, as shown in Figs. 4a-

2 up to 4e-2 respectively.  The new pixel value ranges were 

then classified concerning the 11 categories of vegetation 

density and structural composition described by [13] and [18] 

in Table I.  

Fig. 4  FCD images that were generated using 30 m Landsat 8 multispectral dataset (4a-1 and 4b-1) and were derived using Landsat 8 pan-sharpened dataset (4c-

1, 4d-1 and 4e-1). Each legend is separated from others due to different ranges. Figs 4a-2 up to 4e-2 depict FCD maps based on rescaled FCD images by correlating 

minimum and maximum values with the minimum and maximum vegetation density found in the field. 

To obtain more precise comparison, a correlation analysis 

among corresponding bands were carried out. All original 

datasets were then resampled to 15 m pixel size first. 

Correlation analysis between FCD models as the immediate 

results of equation (6) showed that the pan-sharpened image-

based FCDs had lower correlation coefficients with the 

original bands-based FCD as well as with the radiometrically 

corrected original bands-based FCD. This finding was 

consistent with the correlation matrix between corresponding 

bands presented in Tables II – V.  Table VI shows this result. 

After the rescaling, there was no significant change in the 

correlation between the original bands and the ones that have 

been pan-sharpened, as shown in Table VII.  It is interesting 

to see that FCD model generated using both GS and PCA pan-
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sharpened images took advantage of the rescaling process to 

increase the correlation coefficients.  However, it was not the 

case with the FCD model derived using HCS pan-sharpened 

images, which slightly decreased in correlation coefficient 

with the standard, radiometrically corrected image. This is 

related to the FCD histogram, where HCS-based FCD shows 

more distributed values across the range. 

TABLE VI 

CORRELATION MATRIX BETWEEN ORIGINAL, FULL-RADIOMETRICALLY 

CORRECTED, AND PAN-SHARPENED -BASED FCD IMAGES (BEFORE 

RESCALING) 

 FCD Image based on the Input Data 
 Original Rad_Corr GS PCA HCS 

Original 1.00 0.97 0.92 0.91 0.93 

Rad_Corr 0.97 1.00 0.94 0.92 0.93 

GS 0.92 0.94 1.00 0.97 0.90 

PCA 0.91 0.92 0.97 1.00 0.88 

HCS 0.93 0.93 0.90 0.88 1.00 

TABLE VII 

CORRELATION MATRIX BETWEEN ORIGINAL, FULL-RADIOMETRICALLY 

CORRECTED, AND PAN-SHARPENED -BASED FCD IMAGES (AFTER 

RESCALING) 

 FCD Image based on the Input Data 
 Original Rad_Corr GS PCA HCS 

Original  1.00  0.99  0.95  0.93  0.93 

Rad_Corr  0.99  1.00  0.94  0.93  0.92 

GS  0.95  0.94  1.00  0.97  0.89 

PCA  0.93  0.93  0.97  1.00  0.89 

HCS  0.93  0.92  0.89  0.89  1.00 

In general, there were several obvious miscategorized 

pixels in the resultant FCD maps, both in original bands at 30 
m and pan-sharpened bands at 15 m pixel sizes.  For example, 

the herbaceous aquatic weed (Eichhornia crassipes) in the 

surrounding Rawa Pening Lake has been classified as 

“heterogeneous very dense forest” and “extremely dense 

forest”.  Suppose this misclassified result was caused by a 

vegetation index approach like NDVI (normalized difference 

vegetation index). In that case, it could be fully understood 

since NDVI is a simple transformation and is frequently 

reported as having a problem with saturation in very dense 

vegetation [11], [45]–[47]. Surprisingly, FCD transformation, 

which could be considered a complex approach is comprising 

several stages using various indices -and purposively 

developed to overcome the aforementioned shortcoming-

could not achieve a better result. 

4) Accuracy assessment: Accuracy assessment was 

carried out by referring the resultant FCD maps to 
independent field observation. For the FCD images 

containing 0-100 range pixel values, validation samples were 

taken using stratified random sampling.  Each sample was 

measured based on high-spatial-resolution imagery such as 

WorldView-3 and Google Earth images, supported by field 

observation.  In this case, accuracy calculation was based on 

the ratio data. For the FCD maps containing vegetation 

density classes, the validation samples were formalized into a 

set of polygons containing FCD categories.  Since the FCD 

maps contained vegetation structural composition classes in 

combination with canopy density, the accuracy assessment 
was undertaken using categorical data. Fig.  8 shows the result. 

The polygons were digitized using reference images at the 

same resolution (30 m for the original dataset and 15 m for 

the pan-sharpened ones), based on the measurement using 

high-spatial-resolution imagery and field observation.  The 

polygons were then converted to raster format to be 
superimposed with each of the FCD maps.  An example of a 

confusion matrix resulting from this process is presented in 

Table VIII so that each overall accuracy, user’s and 

producer’s accuracy could be derived, accompanied by the 

Kappa index of agreement. All overall accuracies were then 

compared to each other using a bar graph shown in Fig. 5. 

 

 
Fig. 5  LEFT:  Standard errors and accuracies obtained from different datasets for two different treatments (before and after rescaling).   RIGHT: Accuracy 

comparison between FCD maps which were generated using different datasets and different treatments 

 

Fig. 5 also showed that the radiometrically corrected bands 

using full atmospheric correction method provided the best 

FCD map as compared to other datasets, either the original 

data without correction or pan-sharpened bands.  Moreover, 

among the pan-sharpening methods, the Gram-Schmidt 

method could produce the most accurate FCD map.  It should 

also be noted that the correlation coefficients between datasets 

did not guarantee the generated mapping accuracy. Pixel 

value rescaling process in each step of FCD modelling and in 

each dataset played more important role in this case. As 

shown in Fig. 5, the GS-pan-sharpening methods derived the 

second-highest overall accuracy, just after the radiometrically 
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corrected original dataset. The same problems occurred in all 

FCD maps, which could not provide accurate and good 

separation between classes. 

TABLE VIII 

AN EXAMPLE OF CONFUSION MATRIX SHOWING THE ACCURACY 

ASSESSMENT RESULT IN %, BASED ON FCD MAP GENERATED USING GRAM-

SCHMIDT (GS) PAN-SHARPENED DATASET. THE UNIT OF OBSERVATION IS IN 

PIXEL. SEE THE FCD MAPS FOR THE CLASS CODES. 

  Field reference FCD classes (pixels) 

  1 2 3 4 5 6 7 8 9 10 11 Total 

F
C

D
 m

a
p

p
in

g
 r

e
su

lt
 (

p
ix

e
ls

) 

1 1004 819 36 9 0 6 0 0 0 0 0 1874 

2 1237 1004 428 302 52 0 0 0 0 0 0 3023 

3 121 207 489 120 85 4 0 0 0 0 0 1026 

4 57 127 311 359 265 4 0 4 0 0 0 1127 

5 13 39 505 418 626 0 2 16 0 0 0 1619 

6 14 8 129 154 332 10 107 202 0 7 0 963 

7 13 4 16 10 20 89 98 566 4 72 29 921 

8 5 0 2 0 0 413 153 185 56 379 212 1405 

9 2 0 0 0 0 1223 501 150 539 1236 508 4159 

10 2 0 0 8 0 692 689 481 1093 1022 136 4123 

11 0 0 0 2100 0 355 146 8 112 748 643 4112 

Total 2468 2208 1916 3480 1380 2796 1696 1612 1804 3464 1528 24352 

Overall accuracy= 24.55%, Overall Kappa = 0.1699 

Table VIII shows that confusion between classes 1 up to 5 

was very high. The same problem existed between classes 6 

up to 11.  This means that the FCD model based on Gram-

Schmidt pan-sharpening method did not generate a good 

separation between vegetation cover density and structural 

composition since it only reached 24.55% overall accuracy. 

Furthermore, Table IX and Fig. 6 shows that the rescaling 

process could derive FCD maps with higher accuracy. The 

effect of rescaling on the accuracy increase is more significant 

in radiometrically corrected datasets and all pan-sharpened 

images.  Based on the obtained results, a class merging or 
regrouping process was applied.   

The class merging tried to consider the separation between 

non-vegetated/least vegetated cover, bushland and woodland, 

and denser multi-story forest. Therefore, classes 1 and 2 were 

merged, then classes 3, 4, and 5 were grouped together, 

classes 6 and 7 followed, remaining classes 8 up to 11 as the 

last group. As a result, the new accuracies for FCD map based 

on radiometrically corrected bands and the one based on GS 

pan-sharpened dataset increased to 47.09% and 51.78%.  

 
Fig. 6  LEFT:  Forest cover density (FCD) map of Salatiga Ambarawa, generated from Gram-Schmidt pan-sharpened dataset of Landsat-8 OLI..  RIGHT: Land-

cover map of Salatiga and Ambarawa, generated from reclassification (class merging) of original GS pan-sharpened FCD. 
 

 

 

 

 

 

889



TABLE IX 

AN EXAMPLE OF CONFUSION MATRIX SHOWING THE ACCURACY 

ASSESSMENT RESULT IN %, BASED ON CLASS MERGING OF FCD MAP 

GENERATED USING HCS PAN-SHARPENED DATASET. 

  1-2 3-5 6-7 8-11 Total 

M
er

g
ed

 
cl

as
se

s 

3-5 2562 170 12 0 2744 

3-5 1958 2056 4 0 4717 

6-7 136 1733 106 22 1997 

8-11 21 2117 4370 7886 14894 

Total 4676 6776 4492 8408 24352 

Overall accuracy = 51.78%, Kappa = 0.3094 

1-2 Bare soil and very sparse grassland, buildings, water bodies 

3-5 Bushland interleaved by trees at various densities 

6-7 Woodland (including tree plantation) 

8-11 Heterogeneous multi-story forest with various densities 

 

This study found that the FCD method failed to map the 

spatial distribution of vegetation cover density and structural 

composition in a complex landscape like Salatiga and 

Ambarawa areas. The landform varies, the land-use types are 
very heterogeneous, and the range of elevation is very large. 

A swampy lake with aquatic weed of Eichhornia crassipes 

caused very low values in brightness index (BI) image, which 

contributed to the misidentification of extremely dense forest 

during the derivation of vegetation density (VD) image. High 

elevation areas caused low thermal index (TI) image values, 

which might contribute to the misidentification of higher 

density vegetation cover when the data was integrated with 

the shadow index (SI).  In general, all woodland classes 

(classes 1 and 2) were misidentified. The same problem came 

up with classes 6 and 7, which were mostly misidentified. 

High-density rubber plantation was also misclassified as very 
dense heterogeneous forest. 

On the other hand, the use of pan-sharpening methods 

changed the pixel values of the original bands, and finally, 

they lowered the accuracy of derived models, i.e., FCD maps. 

Studies carried out by Danoedoro et al. [26] also found that 

pan-sharpening methods produced datasets that were 

inaccurately classified compared to the original multispectral 

bands. It is also important to note that with 15 m spatial 

resolution, the identification of heterogeneous forest was 

difficult because the pixel size might contain only one or two 

large tree canopies.  That is to say. The 15 m spatial resolution 
could be too high for such a mapping purpose.  A further study 

needs to be carried out in the future concerning this issue. 

Based on the obtained results, an example of the best FCD 

map using GS pan-sharpened dataset after rescaling is given 

in Fig 6-left, which has an overall accuracy of 24.55%. 

Another version of the FCD map generated from the GS pan-

sharpening method has been regrouped into fewer classes, 

which achieved 51.78%. Overall accuracy is shown in Fig 6-

right.  

IV.  CONCLUSION 

This study concluded that atmospheric correction was 

strongly required in FCD modeling.  However, the Landsat-8 

data with 16-bit coding experienced a problem when it was 

processed using standard FCD transformation. A rescaling 

process of the results was required to be undertaken, although 

this is contrary to the initial concept of FCD development, 

which should not need such a process. The pan-sharpening 

process altered the original pixel values that had been 

radiometrically corrected and thus changed the quality of the 

derived spectral-based FCD models. Consequently, all FCD 

maps generated from pan-sharpened datasets showed 

relatively low accuracies, so that further processing in terms 

of class merging or regrouping was required. However, the 

achieved overall accuracies were not still satisfactory. 

Therefore, the applicability of FCD transformation needs to 

be tested in various landscape characteristics with different 

modern satellite image datasets. 
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