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Abstract: Lyzenga’s method is used widely for radiative transfer analysis because of its 

simplicity of application to cases of shallow-water coral reef ecosystems with limited 

information of water properties. WorldView-2 imagery has been used previously to study 

bottom-type identification in shallow-water coral reef habitats. However, this is the first 

time WorldView-2 imagery has been applied to bottom-type identification using Lyzenga’s 

method. This research applied both of Lyzenga’s methods: the original from 1981 and the 

one from 2006 with improved noise correction that uses the near-infrared (NIR) band. The 

objectives of this study are to examine whether the utilization of NIR bands in the 

correction of atmospheric and sea-surface scattering improves the accuracy of bottom 

classification, and whether increasing the number of visible bands also improves accuracy. 

Firstly, it has been determined that the improved 2006 correction method, which uses NIR 

bands, is only more accurate than the original 1981 correction method in the case of three 

visible bands. When applying six bands, the accuracy of the 1981 correction method is 
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better than that of the 2006 correction method. Secondly, the increased number of visible 

bands, when applied to Lyzenga’s empirical radiative transfer model, improves the 

accuracy of bottom classification significantly. 

Keywords: coral reef; multispectral; Lyzenga; WorldView-2; noise correction 

 

1. Introduction 

In recent years, Indonesia’s coral reef ecosystems have experienced an increase in anthropogenic 

activities, some of which can have a significant impact on the physical condition of the ecosystem. The 

number and magnitude of anthropogenic activities in coastal and shallow-water areas has become a 

serious problem regarding the preservation of coral reef ecosystems. By knowing the distribution of 

objects within an area, we can estimate and analyze many aspects of the coral reef system, such as 

changes in bottom type in shallow-water coral reef habitats, the accounting of natural resources, and 

coastal area zoning, also known as protected marine areas. Sustainable regional planning is required in 

regions with coral reefs in order to preserve coral reef ecosystems. The threats to a coral reef 

ecosystem are not only from within the local reef environment, but also from the environment around it. 

Bottom-type identification and habitat mapping are fundamental components of ecosystem-based 

management, integrating a variety of information to define the extent, nature, and health of the 

ecosystem. In comparison with field surveys, remote sensing methods are able to identify and map 

coral reef distributions quickly and more inexpensively. 

The classification method for mapping bottom-type distribution in shallow coral reef habitats can be 

separated into supervised and unsupervised methods. The difference between the two is that supervised 

classification methods require field observations such as training data, whereas unsupervised methods 

do not. A number of studies that have identified coral reefs using satellite imagery data have focused on 

supervised classification methods including: maximum likelihood, spectral angle mapper, texture analysis, 

and decision tree [1–3]. In mapping bottom-type distribution in shallow coral reef habitats, the 

supervised classification method shows better accuracy compared with the unsupervised classification 

method [4]. 

In the case of water-column correction, research in bottom-type detection using satellite imagery 

can also be divided into two major categories: with and without water-column correction. Nurlidiasari 

and Budiman [5] reported that bottom-type identification using water-column correction methods were 

more accurate than without water-column correction. Generally, the techniques used for water-column 

correction have been empirical radiative transfer and analytical radiative transfer [6]. Analytical 

radiative transfer, for water-column correction, is a sophisticated method that is difficult to apply 

because it requires detailed information, such as bathymetry, water attenuation, and an object spectral 

library. However, empirical radiative transfer is a simple method that uses the information contained in 

the image. One widely applied method of empirical radiative transfer is Lyzenga’s [6,7] method, which 

is easy to apply to cases of shallow-water coral reef ecosystems, where there is limited information on 

the water properties. Even though Lyzenga’s method is simple and easily applied, it is not sufficiently 

accurate because it builds on several assumptions; in particular, it assumes no large changes in water 
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quality. Several researchers have applied this method to bottom-type identification; see for example, 

Pahlevan et al. [8], Vinluan and Alban [9], Vanderstraete et al. [10], Andrefouet et al. [11], 

Nurlidiasari and Budiman [5], and Wongprayoon et al. [2]. 

Atmospheric and sea-surface noise both affect the accuracy of bottom-type identification. 

Lyzenga’s [7] paper describes the method for correcting the atmospheric and sea-surface noise. It is 

assumed that the radiance value of deep water for each wavelength comprises sea-surface scattering 

and atmospheric effects without bottom-object reflectance information. However, this assumption does 

not always hold true. As an improvement, Lyzenga et al. [12] corrected for the sea-surface and 

atmospheric scattering by using the near infrared (NIR) band. This correction method has been applied 

to bathymetry identification [12–14], but not previously to bottom-type classification. 

WorldView-2 is multispectral imagery with eight bands centered at 427, 478, 546, 608, 659, 724, 

833 and 947 nm, which can be used for the analysis of shallow-water coral reef ecosystems. The 

Worldview-2 sensor has six visible bands, which provide higher spectral resolution than other common 

multispectral imagers (e.g., GeoEye-1, WorldView-1, QuickBird, IKONOS, SPOT-5, LANDSAT and 

ASTER). Common multispectral imagers with three visible bands are less effective in identifying 

bottom type because of the similarities in the spectral signatures between several bottom types,  

such as coral and algae. By applying the higher spectral resolution available from WorldView-2 

imagery, this research intends to differentiate bottom-type objects more accurately. 

WorldView-2 has already been used for studies involving bottom-type identification in  

shallow-water coral reef habitats [15–20]. However, to the best of our knowledge, this is the first time 

that bottom-type identification has been conducted using WorldView-2 imagery, together with the 

Lyzenga method and the improved noise correction using the NIR band. 

2. Theoretical Background 

The theory of Lyzenga’s method is described as follows [13]. In the case of shallow water, the 

radiance observed by the satellite using a visible light sensor consists of four components: atmospheric 

scattering, surface reflection, in-water volume scattering, and bottom reflection. Derived from the 

original algorithm [6], the observed spectral radiance (L(λ)) is a function of the wavelength λ and can 

be expressed as: 

                λ λ λ λ exp λ λ λ (λ)
k h

L V B V T E S A
          (1) 

where V(λ) is the in-water volume scattering reflectance at infinite depth, B(λ) is the bottom 

reflectance, k(λ) is the effective attenuation coefficient, h is water depth, T(λ) is the round-trip 

transmittance through the atmosphere and water surface, V(λ) is the down-welling irradiance at the top 

of the atmosphere, S(λ) is the surface reflection component, and A(λ) is the path radiance. 

Lyzenga [7] showed that bottom reflectance radiance could be assumed as an approximately linear 

function of the bottom reflectance and an exponential function of the water depth. The natural 

logarithm function of the radiance value was added to linearize the attenuation effect with respect to 

depth, thus, a transformed radiance (X(λ)) can be built. In this step of linearization, the Lyzenga 

method also engages noise correction using the average value of deep-water pixel radiance [7] or NIR 

band radiance [12]. The noise correction method is explained in Subsections 2.1 and 2.2. 
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The bottom-type pixels are represented in a scatter plot of transformed radiance (X(λ)) bands i and j 

(Figure 1). If the relationship between radiance and depth is linear and the bottom type is constant, the 

plotted pixel will fall ideally on a straight line. The slope of this straight line represents the relative 

attenuation in each combination of bands. The different bottom types represented in a scatter plot 

should create a similar line, the variation along which indicates changes in depth. The gradient of each 

line would be identical because the ratio of the attenuation coefficients (ki/kj) is independent of bottom 

type. The y-intercept of each line is subsequently used, independent of depth, as an index of bottom 

type; this is known as the depth-invariance index (Yij), which can be written as: 

   λ / λij i j
Y X ki kjX    (2) 

where X(λ)i and X(λ)j represent the transformed radiance at bands i and j, respectively; and ki/kj is the 

irradiance attenuation coefficient of water in bands i and j. 

Figure 1. Scatter plot of transformed radiance value of several bottom types at 

various depths. 

 

The determination of the attenuation coefficient (quotient) can be achieved using a biplot (Figure 1) 

of the transformed radiance of the two bands (X(λ)i and X(λ)j). The biplot contains data for one 

uniform bottom type (i.e., sand) and variable depth. Thus, the depth-invariance index is scaled to the  

y-intercept. Based on this value on the y-axis, which represents the index of the bottom type, the pixels 

are then classified and the value of ki/kj is calculated for each combination of bands. The algorithm for 

calculating the attenuation coefficient only holds when pixels of the same object at different depths are 

distributed linearly for the paired bands [6]. It is created using the following equations [7]: 

 2/ 1i jk k a a    (3) 

 σ σ / 2σii jj ija    (4) 

where σ𝑖𝑖  is the variance in band i and σ𝑖𝑗  is the covariance between bands i and j. 
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2.1. Lyzenga81 Correction Method 

In Lyzenga’s 1981 correction method [7], sea-surface scattering (S(λ)) or atmospheric scattering 

(A(λ)) are implicitly assumed homogeneous over the target area. For deep water, the observed spectral 

radiance (L(λ)) at infinite h (𝐿 𝜆 ∞  ≡ limh→∞L(λ)) is assumed not to include bottom reflectance, such 

that the water depth only consists of information related to external reflection from the water surface 

and atmospheric scattering. Then, the effects of S(λ) or A(λ) can be removed by subtracting the average 

radiance of the deep water (𝐿 𝜆 ∞). The new equation for the transformed radiance is written as: 

𝑋(𝜆)𝑗 = log 𝐿 𝜆 𝑖 − 𝐿 𝜆 ∞𝑖  (5) 

where 𝐿 λ ∞𝑖 represents the water depth-averaged radiance at band i. 

2.2. Lyzenga06 Correction Method 

In Lyzenga’s 2006 correction method [12], sea-surface scattering (S(λ)) or atmospheric scattering 

(A(λ)) are not assumed homogeneous over the target area; they are expected to vary from pixel to 

pixel. Their variations are related linearly to the radiance of the NIR band, for which the exponential 

term of Equation (1) is negligible. The correction method removes the pixel-wise variations of S(λ) and 

A(λ) using the NIR band. Thus, we can expect a correlation between 𝐿 𝜆 ∞  and LNIR for an arbitrary 

visible wavelength. The new equation for the transformed radiance is written as: 

𝑋(𝜆)𝑗 = log 𝐿 𝜆 𝑖 − 𝛼 𝜆 𝑖0 − 𝛼 𝜆 𝑖𝑁𝐼𝑅1 ∙ 𝐿𝑁𝐼𝑅1 − . . . − 𝛼 𝜆 𝑖𝑁𝐼𝑅𝑛 ∙ 𝐿𝑁𝐼𝑅𝑛   (6) 

where LNIR is the measure of radiance in the NIR band, and α(λ)i0 and α(λ)iNIRn represent coefficients 

between the visible radiance and NIR radiance of the deep-water pixels. 

3. Methodology 

3.1. Study Area 

The study area, shown in Figure 2, is located in central southern Indonesia, off the coast of Lombok 

Island. Geographically, it spans 116°00′–116°08′E and 8°20′–8°23′S, encompassing an area to the 

northwest of Lombok Island. The Gili Matra Marine Natural Park includes three islands: Gili Trawangan, 

Gili Meno, and Gili Air. The Gili Matra Islands consist of a variety of shallow-water bottom types: 

hard coral, soft coral, dead coral, dead coral with algae, rubble, sand, and seagrass. 

Several research projects have investigated the biodiversity of the Gili Matra Islands [21–23]. The 

reefs of the Gili Matra Islands contain several species of both hard and soft corals at depths in the range 

1–30 m. Boulder brain coral, massive coral, branch coral, and foliose coral are species commonly 

found. The shallow-water area of Gili Meno contains highly productive areas of seagrass beds with 

Thallassia sp. the most abundant species. Seagrass beds provide a nursery habitat for several fish 

species, crab, and shrimp, in addition to providing feeding grounds for turtles. Gili Matra is famous for 

turtle migration routes as a feeding ground for turtle species. 
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Figure 2. (a) Indonesia; (b) Lombok Island; (c) Gili Islands: Gili Trawangan, Gili Air,  

Gili Meno (from right to left). 

 

3.2. Data Collection 

3.2.1. Multispectral Imagery 

The main characteristics of the imagery are summarized in the following list. The WorldView-2 

imagery covers an area of 48 km
2
 of the Gili Matra Marine Natural Park. It is a Level 2A (L2A) data 

product supplied by the Hitachi Company, Japan. An L2A image has undergone radiometric and 

geometric corrections, and the WorldView-2 digital numbers are converted to physical units of  

Band-Averaged Spectral Radiance (W∙m
−2

∙sr
−1

∙µm
−1

) [24]. 

WorldView-2 image specifications 

 Date: 25 January 2010 

 Time (GMT): 02:47:26.97 a.m. 

 Spatial resolution (m): 1.84 m at Nadir, 2.08 m at 20° off-nadir 

 Solar azimuth (deg): 116.3 

 Solar elevation (deg): 63.4 

3.2.2. Ground Truth Data 

The purpose of mapping focuses on major habitat types; thus, the survey methods should be simple, 

quick, and able to cover large areas. The manta tow technique is used to estimate general variations in 

the benthic communities of coral reefs, for which the unit of interest is either the entire reef or a large 



Remote Sens. 2014, 6 4460 

 

 

portion of it. Manta boards are large boards assembled from wood or glass-reinforced plastic that act as 

hydrofoils [4]. A modification of this technique is applied in this research by incorporating an underwater 

camera and the Global Positioning System (GPS) to record the bottom type along a transect, widely 

known as a belt transect. Technically, this requires two observers to swim along the belt transect and 

count the target benthic objects within the coral reef habitat. The length of each transect line is 20–100 m, 

and the underwater video technique records information within a belt 5 m wide. The data collection for 

the coral reef ecosystem of the Gili Islands is a collaborative effort between CReSOS (Center for 

Remote Sensing and Ocean Science, Udayana University—JAXA program) and the Research Institute 

for Marine Research and Observation (Ministry of Marine Affairs and Fisheries Republic of 

Indonesia). The observation data for the coral reef and seagrass were measured and analyzed by the 

Climate Change Research Team [23]. 

There are two types of data used in the analysis: transect belt video data analyzed at 10-m intervals, 

and rapid surveys. There are five different classes of bottom type identified from the video and visual 

observation, which is recognized as a coarse complexity class. Figure 3 presents photos of each bottom 

type taken in the Gili Mantra coral reef ecosystem, representing the major habitats.  

Figure 3. Illustration representing the different habitat categories used in the classification: 

(a) Living Coral; (b) Sand; (c) Mixed Objects (rock, sand, coral, rubble); (d) Rubble; and 

(e) Seagrass. Courtesy of Climate Change Team of Indonesia Research Institute for Marine 

Research and Observation. 
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The five bottom types identified are coral, sand, mixed bottom (i.e., sand, rock, coral, rubble, and 

seagrass), rubble, and seagrass. These bottom types are used as the habitat classes in the classification 

process. Based on the belt transect, rapid survey, and visual interpretation, 1100 points are identified 

for the 5 bottom types with 220 points for each type. In order to reduce the effect of spatial 

autocorrelation in the dataset, the training point was selected from Gili Air and Gili Meno sites, and 

Gili Trawangan became the control point. 

3.3. Data Processing 

3.3.1. Lyzenga’s Method 

The preprocessing step in image processing is sensor calibration from digital numbers to the units 

of band-averaged spectral radiance. The equations and calibration coefficients applied are based on the 

Digital Globe technical note about radiometric use of WorldView-2 imagery [24]. The physical units 

of band-averaged spectral radiance are W∙m
−2

∙sr
−1

∙µm
−1

. After the preprocessing step, the following 

steps are performed to apply Lyzenga’s method to WorldView-2 imagery. 

The first step is selecting the deep-water area for the correction of atmospheric and sea-surface 

noise. There are three rules governing the selection of this area: it should not contain haze or cloud, 

sun glint or white caps. The averaged radiance values of the area of deep water 𝐿 𝜆 ∞  are used to 

calculate the depth-invariance index of the Lyzenga81 correction method. As shown in Equation (5),  

i band radiance values are subtracted by the averaged i band radiance values of the deep-water area. 

The deep-water area selected, based on visual inspection, is clear of noise from haze or cloud. 

Meanwhile, in the Lyzenga06 correction method, it is necessary to separate the α(λ)i0, α(λ)1NIR1, and 

α(λ)2NIR2 coefficients from the selected area of deep water. The coefficients are based on a linear 

function of the visible and NIR radiance. WorldView-2 imagery has two NIR bands that are beneficial 

for the correction based on Lyzenga06’s correction method; this research uses both NIR bands. 

The second step is linearizing the relationship between radiance and depth to create the transformed 

radiance (X(λ)i). Based on Lyzenga’s method [6], the transformed radiance (X(λ)) is a linear value of 

radiance and depth. In the calculation of transformed radiance (X(λ)), the input is the noise-corrected 

radiance from Lyzenga’s correction methods (Lyzenga81 and Lyzenga06). The outcome of this step 

creates new bands as inputs for the next step. 

In the third step, the known object pixels are applied to predict the ratio of the attenuation 

coefficients (ki/kj); sand is used because it is easily identified. The radiance value extracted from sand 

at various depths is used as input in Equations (3) and (4). Then, the attenuation coefficient is 

calculated for each band pair. The rule of band pairing is that a band only pairs once with another 

band. As shown in Table 1, three visible bands create three band pairs, while six visible bands create 

15 band pairs. For each Lyzenga’s correction method, this research derived ratios of attenuation 

coefficients from the transformed radiance (X(λ)) values. 

In the final step, the variable calculated above is added to the calculated depth-invariance index.  

A pair of bands is needed as an input with an attenuation coefficient for the same band pair. Each pair 

of spectral bands produces a single depth-invariant band. The data used in the classification process are 
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the result of the depth-invariance index derived from Equation (2). The inputs for the classification 

process are the three and 15 depth-invariant bands from the three and six visible bands, respectively. 

Table 1. Band pairs for attenuation coefficient and depth-invariant bands. 

a. Three Visible Bands Pair b. Six Visible Bands Pair 

  
1. coastal 

vs. blue 

2. coastal 

vs. green 

3. coastal vs. 

yellow 
4. coastal vs. red 

5. coastal vs. red 

edge 

1. blue vs. 

green 
2. blue vs. red  

6. blue vs. 

green 

7. blue vs. 

yellow 
8. blue vs. red 

9. blue vs. red 

edge 

 3. green vs. red   
10. green vs. 

yellow 
11. green vs. red 

12. green vs. red 

edge 

     13. yellow vs. red 
14. yellow vs. red 

edge 

      
15. red vs. red 

edge 

3.3.2. Supervised Classification 

The maximum likelihood classifier is a supervised classification method, which attempts to 

envisage the output of the bottom-type class. The maximum-likelihood algorithm assumes normality 

within the training data, and the parametric rule should be approximated by having an appropriate 

sample size. If the statistical characterization is approximated, then the image classification approach 

uses the maximum-likelihood decision rule with equal probabilities of the classes [10]. The normal 

distribution of the statistics for each class in each band was a basic assumption in this classification 

method. The assumption is used to estimate the probability that a given pixel belongs to a particular 

class. The maximum likelihood method is applied to classify the bottom-type distribution using the 

depth-invariance indices, and the training area is used as the reference/training data. The following 

function is calculated for each pixel [25]: 

gi 𝑥 − ln 𝑝 ω𝑖 −  1 2 𝑙𝑛 Ʃ𝑖 −  1 2  𝑥 − 𝑚𝑖 
tƩ𝑖

−1(𝑥 −  𝑚𝑖) (7) 

where 

i = class 

x = n-dimensional data (where n is the number of bands) 

p(ɷi) = probability that class ɷi occurs in the image; it is assumed to be the same for all classes 

|Ʃi| = determinant of the covariance matrix of the data in class ɷi 

Ʃi
−1

 = its inverse matrix 

mj= mean vector 
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3.3.3. Accuracy Test 

The accuracy test was referenced to thematic accuracy, which has the non-positional characteristics 

of spatial data. If the data were to be subjected to hyperspectral or multispectral classification, then 

thematic accuracy would correlate to classification accuracy [26]. This accuracy refers to the 

correspondence between the class label and the ―true‖ class, which is generally defined as that 

observed on the ground during field surveys [4]. In other words, it refers to how much of the class, 

which is labeled as coral reef on a classified image, is a coral reef in situ. 

In this assessment, an error matrix (user accuracy) was used to identify object accuracy, and kappa 

analysis used to identify statistical difference accuracy. The accuracy of the predicted coral reef 

ecosystem map is represented as user accuracy. A user of this map will find that each time an area 

labeled as coral reef on the map is visited, there is only an n% probability that it is actually coral  

reef [4]. Moreover, the kappa statistic is an estimator of n parameters for a population of subjects and 

observers [27]. The kappa coefficient was first proposed by Cohen [28]. It measures whether two (or 

more) observers are independent by classifying items or observations into the same set of n mutually 

exclusive and exhaustive categories. It may be of interest to use a measure that summarizes the extent 

to which the observers agree in their classifications [29]. Based on kappa statistics, one can test 

whether two datasets have statistically different accuracies [30]. This statistical evaluation is used to 

assess the two Lyzenga correction methods in two cases. 

3.3.4. Comparison Test 

Four cases are evaluated in this research: the Lyzenga81 correction method with three visible bands, 

Lyzenga81 correction method with six visible bands, Lyzenga06 correction method with three visible 

bands, and Lyzenga06 correction method with six visible bands. In order to evaluate the improvement 

of spectral cover, the result of the accuracy test of higher spectral cover (six visible bands) is 

subtracted by the lower spectral cover (three visible bands) in both the Lyzenga81 and Lyzenga06 

corrections. Similarly, the result of the accuracy test of the Lyzenga06 correction is subtracted by the 

Lyzenga81 correction in both cases of three and six visible bands to evaluate the improvement of 

Lyzenga’s methods. 

4. Results and Discussion 

4.1. Performance of Image Correction 

The Gili Matra Islands’ shallow-water ecosystems have bottom types at various depths; hence, the 

Lyzenga method is suitable for application [7]. Satellite imagery of the Gili Matra coral reef ecosystem 

contains noise from the atmosphere and water body and thus the light-scattering and absorption noise 

must be corrected by applying Lyzenga’s correction methods. The results of both Lyzenga correction 

methods in the transformed radiance values are shown in Figure 4. The algorithms produce 

considerable correction of the noise based on the resulting images. 
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Figure 4. (a) Visualization of WorldView-2 spectral radiance; (b) transformed radiance of 

band blue/band 2 (X1) in Lyzenga81 correction; (c) depth-invariance (Y25) in Lyzenga81; 

(d) transformed radiance of band 2 (X1) in Lyzenga06; and (e) depth invariance (Y25) in 

Lyzenga06 correction. Images are represented using the band blue, and ratio of band 

blue/band red, respectively. 

 

Figure 4 shows that the Lyzenga06 correction method transformation generates a non-value (NaN) 

pixel for two object types, which are dense seagrass and bright sand (marked in Figure 4e). Sand 

radiance in very shallow water does not follow the assumption that radiance in the NIR band is 

absorbed completely by the water. Radiance emitted from the sand in any NIR band is higher than the 

absorption properties of the water. Meanwhile, the dense seagrass radiance is similar or slightly lower 
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in value to the radiance of the deep-water area, especially for low wavelengths, i.e., coastal and blue 

band. The radiance has low value and appears dark (Figure 4b,d) because the areas of seagrass 

absorbed the light. Based on Equation (6) of the Lyzenga06 correction method, the calculated visible 

bands, which are subtracted from the NIR band after multiplication with the α(λ) coefficient, produce a 

negative value of the log function in this case. In order to describe the NaN pixel that appears in the 

Lyzenga06 correction method, we perform a simple algebraic description, as below: 

log 𝐿 λ 𝑖 − 𝛼 λ 𝑖1. 𝐿𝑁𝐼𝑅1 − 𝛼 λ 𝑖2. 𝐿𝑁𝐼𝑅2 = 𝑁𝑎𝑁 

𝐿 λ 𝑖 < (𝛼 λ 𝑖0 + 𝛼 λ 𝑖1.𝐿𝑁𝐼𝑅1 + 𝛼 λ 𝑖2.𝐿𝑁𝐼𝑅2), then 

 𝐿 λ 𝑖 − 𝛼 λ 𝑖1.𝐿𝑁𝐼𝑅1 − 𝛼 λ 𝑖2.𝐿𝑁𝐼𝑅2 = 𝑛𝑒𝑔𝑎𝑡𝑖𝑣𝑒 𝑣𝑎𝑙𝑢𝑒  

log 𝐿 λ 𝑖 − 𝛼 λ 𝑖1. 𝐿𝑁𝐼𝑅1 − 𝛼 λ 𝑖2. 𝐿𝑁𝐼𝑅2 = log(− 𝑣𝑎𝑙𝑢𝑒) = 𝑁𝑎𝑁 

In other cases of coral reef ecosystems with different bottom-type characteristics, the reflectance of 

the bottom object is low in the NIR band. High reflectance of bottom type in shallow water is not only 

due to the high reflectance of the bottom, but also the adjacent effect. It is referred to as the effect of 

high reflectance emitted from objects in the coastal area, which are very close to the water body and 

being scattered in the atmosphere above the water area. The information recorded by the satellite not 

only consists of information of the water and spectral object below the surface, but also of the spectral 

object near the water body.  

Another research [16,20] has concluded that the application of two other NIR bands (NIR1 and 

NIR2) to WorldView-2 imagery is useful for the removal of sun glint (atmospheric noise). 

Furthermore, this study has discovered an additional advantage of utilizing two NIR bands of 

WorldView-2 imagery, which is the automatic masking of the land, shallow-water, and deep-water 

areas. The delineation between deep and shallow water can be correctly applied in pixels with low 

noise. However, for the case of the Gili Islands’ shallow-water coral reef ecosystems, some objects’ 

reflectance appear in the shallow-water area in the NIR band. This implies that the correction theory is 

not complete in the assumption that the NIR band does not include volume scattering or bottom-type 

reflectance. In reality, the sand object in the shallow water of the research area is very bright and 

exhibits a reflectance signal, even in the NIR band. In other words, the reflectance of the sand object is 

still greater than the water. This study also noticed that the NIR1 band (770–895 nm) is close to the 

visible domain and is still sensitive to bottom reflectance. The transformed radiance (X(λ)) for the 

Lyzenga81 and Lyzenga06 correction methods assumes that atmospheric and sea-surface scattering 

noise has been corrected. The results of the transformed radiance for each known bottom type are 

plotted in Figure 5 as a 2-D scatter plot. The scatter plot shows that the known object pixels do not fall 

on a perfect line. Moreover, the number of scattered pixels gradually increases with higher 

wavelengths (from X1 to X6). According to Lyzenga’s theory [7], different bottom types should lie on a 

straight line and parallel one another, as shown in Figure 1. The scattered distribution mentioned here 

probably occur because of two points. First, the atmospheric and sea-surface scattering noise has not 

been corrected perfectly. Second, the higher wavelengths contain higher noise because of the 

sensitivity to the water column. However, higher wavelength bands still usefully distinguish bottom 

type classes, specifically in combination with all bands. 
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Figure 5. Scatter plot matrix of transformed radiance of Lyzenga81 and Lyzenga06 

correction methods. 

 

4.2. Image Classification Analysis 

In the research area, sand, rubble, seagrass, and live coral reefs were the most abundant bottom 

types in the shallow coral reef ecosystem. Although these features have different spectral 

characteristics and they can be separated as homogeneous pixels, in reality, there can be significant 

intermixing between them, even with spatial resolution of 2 × 2 m. Furthermore, complex feature 

combinations, categorized as mixed bottom type, define inseparable objects in the field observations. 

A training point for five bottom types was created as a reference for the maximum likelihood 

classification. Based on combinations of the depth-invariance bands from the Lyzenga81 and Lyzenga06 

correction methods, using different numbers of visible bands, the classification results were obtained 

(Figure 6). 
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Figure 6. Image classification: (a) Lyzenga81 correction method for three visible bands; 

(b) Lyzenga06 correction method for three visible bands; (c) Lyzenga81 correction method 

for six visible bands; (d) Lyzenga06 correction method for six visible bands. 

 

Visual interpretation of Figure 6a,b, based on the combined depth-invariance indices of the three 

visible bands, shows a complex distribution, but most of which is misclassified. Both methods for  

this number of visible bands show the misclassification of rubble and seagrass. The combined  

depth-invariance indices of the three visible bands are unable to separate this information because 

seagrass and rubble are always presented with different percentage cover in each pixel. Figure 6c,d 

shows that the combination of depth-invariance indices for the six visible bands for each method could 

differentiate the coarse bottom-type classification. The mixed bottom type is frequently misclassified 

as seagrass; however, in the Lyzenga06 correction, the number of misclassifications is reduced. 

The techniques of accuracy assessment are based on statistical calculations derived from the 

confusion matrix, which compares the output of classified and control pixel data. Classification 

accuracies for each method, obtained with WorldView-2 imagery, are provided in Table 2, together 

with the overall accuracy and kappa coefficient. Individual bottom types exhibit different classification 

accuracies. Values of class definition similarity, at the coarse descriptive level, vary from 58% to 98%. 

These numbers represent the degree of uniformity among the factors defining each bottom type class. 

For instance, rubble is always very well classified (e.g., 93% to 98% user accuracy). Conversely, 

mixed bottom is poorly classified with the combined depth-invariance indices of the three visible 

bands (i.e., 66% to 69%), but the accuracy is higher for the six visible bands (i.e., 74% to 80%). The 

trigger could be because of the heterogeneity of bottom objects and because the low spectral data of 

mixed objects does not allow the objects to be separated accurately. The accuracy of identification of 

sand and seagrass is high (i.e., 72% to 97%) for both methods and combined depth-invariance indices. 
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Coral identification exhibits wide variation in accuracy (i.e., 58% to 86%). The highest overall 

accuracy of WorldView-2 imagery analysis is achieved using the Lyzenga81 correction method with 

the combined depth-invariance indices of the six visible bands. This achieved an overall accuracy of 

90% and it remained significantly high throughout the analysis (>80%) for each bottom type.  

The value of the overall kappa statistic exhibits a moderate value (0.71 and 0.73) for the application  

of three visible bands and it is high for the application of six visible bands (0.81 and 0.86). This 

statistic estimates the percentage of successful classifications compared with a random chance 

classification assignment. 

Table 2. Comparison of accuracy of bottom-type identification. 

  
Lyzenga06 with 3 

Visible Bands 

Lyzenga81 with 3 

Visible Bands 

Lyzenga06 with 6 

Visible Bands 

Lyzenga81 with 6 

Visible Bands 

Coral 78.08% 58.46% 88.56% 89.22% 

Mix Bottom 60.49% 62.57% 76.45% 87.61% 

Rubble 99.80% 100.00% 100.00% 100.00% 

Sand 90.18% 80.35% 94.02% 94.46% 

Seagrass 83.04% 90.42% 90.97% 93.40% 

Overall Accuracy 80.73% 78.29% 89.31% 92.86% 

Kappa 0.76 0.73 0.87 0.91 

Based on the classification results for all the cases, the rubble is located relatively close to the 

shoreline, as is seagrass that is mixed with rubble and sand in numerous parts of the island. On the 

other hand, corals were identified along the edge of the shallow area bordering the deeper water 

(escarpment area). 

Table 3 shows that the most influential factor for improving the accuracy in this case is spectral 

resolution rather than the method of image noise correction. The improvement of spectral resolution 

from three to six bands could enhance the overall accuracy by 28% and 16% for the Lyzenga81 and 

Lyzenga06 correction methods, respectively. On the other hand, it is not clear which noise correction 

method gives better overall accuracy; the Lyzenga06 correction method is slightly (2%) better for the 

case with three bands and the Lyzenga06 correction method is slightly (4%) better for the six band 

case. However, the noise correction method significantly affects the classification accuracy for some 

bottom types. For example, the accuracy for coral in the three-band case changes by 10% depending 

on the choice of the noise correction method. For the three visible bands, many misclassifications 

occur for both methods and each object except rubble. 

Theoretically, the Lyzenga06 correction method is able to increase the accuracy of bottom-type 

identification. However, the enhanced method could only improve the low spectral resolution, whereas 

for the high spectral resolution, this method reduces the accuracy. Additionally, the result shows that 

the basic Lyzenga81 correction algorithm is the best method for identifying bottom type using the 

applied combined depth-invariance indices of the six visible bands in the Gili Islands’ shallow-water 

coral reef ecosystem. The trigger could be because the NIR band applied in the Lyzenga06 correction 

is sensitive to bottom spectral reflectance and the adjacent effect; thus, the theory does not hold for 

correcting sea-surface scattering and atmospheric noise. In summary, spectral resolution is more 

important than noise correction for improving the accuracy of bottom-type identification. 
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Table 3. Effect of improvement on accuracy. 

  

Improvement by 

Lyzenga’s Method 

in 3 Visible Bands 

Improvement by 

Lyzenga’s Method 

in 6 Visible Bands 

Improvement by 

Spectral Coverage 

in Lyzenga81 

Improvement by 

Spectral Coverage 

in Lyzenga06 

Coral 19.62% −0.66% 30.76% 10.48% 

Mix Bottom −2.08% −11.16% 25.03% 15.96% 

Rubble −0.20% 0.00% 0.00% 0.20% 

Sand 9.83% −0.43% 14.10% 3.84% 

Seagrass −7.38% −2.44% 2.98% 7.92% 

Overall Accuracy 2.45% −3.55% 14.57% 8.57% 

Kappa 0.03 −0.04 0.18 0.10 

The classification level applied in this research is a coarse description of the bottom type  

(e.g., coral, seagrass, rubble, sand, and mixed bottom). It is possible to implement an intermediate–fine 

description classification level using high-resolution WorldView-2 imagery, if supported with 

appropriate field data. Applying the method for a large number of bottom materials poses some 

problems because of the similarity in the reflectance of several materials, such as vegetation and mud [6]. 

5. Conclusions 

In this study, Lyzenga’s bottom-type identification method was applied to WorldView-2 imagery 

for the first time. For the correction of the atmospheric and sea-surface scattering, two different 

approaches proposed by Lyzenga (Lyzenga06 and Lyzenga81) were applied. In addition, two different 

combinations of visible bands were used: all six of the visible bands of WorldView-2 and the three 

bands corresponding to common high-resolution multispectral sensors. 

The Lyzenga06 correction method, which utilizes the near infrared (NIR) bands, was more accurate 

than the Lyzenga81 correction method only for the case of three visible bands. This result indicates 

that the superiority of the Lyzenga06 correction method is case-dependent. Moreover, the Lyzenga06 

correction method could not be applied for two bottom types in very shallow water, i.e., dense seagrass 

and bright sand. 

The used of six visible bands in the identification accuracy was better than only three bands, 

regardless of the correction method. This result shows that a large number of visible bands of 

multispectral data, used for water-column correction, improve the accuracy of bottom-type 

identification in shallow-water coral reefs. Furthermore, this research only evaluated one scene of 

WorldView-2 imagery. Correspondingly, it is necessary to evaluate several sites with different 

characteristics to analyze the variability of shallow-water coral reef ecosystems. Therefore, future 

work should examine multi-site coral reef ecosystems; however, it is expected that the findings will 

probably be site-dependent. 
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