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A glimmering white is representative of the light which guides 

humanity in a new direction. One on the path of progress and 

development, the culmination of various ideas in fields of science 

such as spatial analysis. These research studies employ computer-

based systems and techniques in analyzing and mapping 

significant area coverage and geographical features. The top of the 

gem is representative of this because it depicts the earth in a virtual 

sense. 

 

These studies fall under the Industry, Energy, and Emerging 

Technology (IEET) Research Development Agenda, as they are in 

line with the goal of increasing the usage of computer-based 

systems in research and development. 
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Article Info   Abstract 
- 

Soil erosion is the leading cause of watershed degradation. It affects the 
Maasin Watershed Forest Reserve (MWFR), the main source of domestic 
water to Iloilo, as evidenced by reports of sedimentation that degrade the 
water supply of receiving communities. Hence, this study aims to assess the 
soil erosion risk within the MWFR using the Revised Universal Soil Loss 
Equation (RUSLE) and Geographical Information System (GIS) data. 
Geospatial data were processed to calculate the RUSLE factors using 
ArcGIS. The soil loss rates were determined by multiplying the factors, and 
were classified into erosion risk classes whose area covered was also 
measured. It was estimated that the erosion rate in the watershed is 40.7 
tons/ha/yr. High to very severe soil erosion risks occur in 63.6% of the 
MWFR which accounts for the watershed degradation The erosion map can 
be used in monitoring the soil erosion within the MWFR. 
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Introduction. - Soil erosion is one of the 

primary causes of land degradation around the world 
[1]. It is generally defined as the deterioration of the 
topsoil by physical forces such as rainfall, flowing 
water, ice, wind, gravity, or other natural agents that 
deposit soil elsewhere [2]. Among these factors, high 
erosive rainfall and consequent runoff due to slope 
steepness play a role in the displacement of the fertile 
topsoil [3]. The Philippines is highly susceptible to 
this problem with its steep topography, deforested 
uplands, and heavy rainfall events [4]. It is one of the 
country’s most pressing environmental issues and it 
has gravely threatened the sustainability of 
agricultural systems [5]. Watersheds sustain these 
systems by serving as a water source that farmlands 
receive in the form of irrigation [6]; however, soil 
erosion in watersheds has also become a widespread 
phenomenon [7]. 

 
Soil erosion causes significant changes in the 

water quality of watersheds [8]. It affects the 
hydrological cycle of watersheds through soil 
compaction, overground vegetation change, 
evapotranspiration change, infiltration change, and 
water holding capacity [9]. In addition, the 
continuous removal of the topsoil has led to soil 
degradation evidenced by the increasing sediment 
loads in rivers and water reservoirs [10]. Soil 
monitoring through mapping of soil erosion-prone 
areas has been identified to be an essential part of 
planning for dealing with environmental and natural 

resource management [11,12]. Through this, different 
model-based methods have been developed for soil 
erosion assessment. One of the most widely accepted 
empirical models for estimating soil erosion rate is 
the Universal Soil Loss Equation (USLE) developed 
by Wischmeier and Smith [13] due to its relative 
simplicity and standardized approach; however, an 
improved version of this has been developed, the 
Revised Universal Soil Loss Equation (RUSLE). The 
RUSLE [14] was developed due to the added 
availability of data and resources with a deeper 
understanding of the erosion process since the 
publication of USLE. It retains the equation of its 
predecessor with modifications in several of its 
factors. The factors of RUSLE are rainfall erosivity 
(R), soil length and steepness (LS), soil erodibility (K), 
cover management (C), and conservation practice (P).  

 
Previous studies have been conducted to map 

soil erosion with the use of RUSLE and GIS. The 
studies of Belayneh et al. [1] and Da Cunha et al. [15] 
both used RUSLE and GIS techniques to estimate the 
soil loss due to water erosion in the Gumara 
Watershed in Ethiopia and the watershed stream 
Indaia in Brazil, respectively. They were able to 
identify areas within the watersheds that had the 
highest risk of soil erosion making these areas 
possible priorities for soil erosion prevention 
programs. Mapping soil erosion-prone areas through 
RUSLE and GIS is an efficient way to help the local 
governments monitor and prevent watershed 
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degradation [7,16].  
 
The Maasin Watershed Forest Reserve (MWFR) 

is the main supplier of domestic water to Iloilo City 
and adjacent municipalities, as well as irrigation to 
agricultural lands within Central Iloilo, therefore it is 
urgent to address problems caused by soil erosion 
within the watershed such as siltation which may 
affect the water supply of the receiving communities. 
However, no published studies have been done to 
assess the soil erosion-prone areas within the MWFR 
even with its location, being at high risk for soil 
erosion [17]. 

 
With this, the research aimed to identify soil 

erosion risk areas within the MWFR using RUSLE 
and GIS. It specifically aimed to: 

 
(i) collect data on the RUSLE factors of rainfall 
erosivity (R), soil slope and length (LS), soil 
erodibility (K), cover management (C), and 
conservation practice (P) within the MWFR; 
 
(ii) estimate the annual soil erosion rate within 
the MWFR using the RUSLE based on available 
GIS data from 2010–2020; and 
 
(iii) assess the spatial distribution of soil erosion 
risk areas within the MWFR using the estimated 
annual soil erosion rates. 
 
Methods. - The data gathering procedure was 

divided into four parts: (1) collection of geospatial data 
for the RUSLE factors from online sources from 
2010–2020, (2) calculation of the RUSLE factors by 
processing the geospatial data, (3) calculation of the 
soil erosion rates and, (4) classification of soil erosion 
rates into erosion risk classes and assessment of its 
spatial distribution.  

 
Study Area.     The site studied was the Maasin 

Watershed Forest Reserve (MWFR) which is found in 
an aggregate of two critical watersheds found in Iloilo, 
the Tigum-Aganan Watershed, and is located within 
the municipalities of Maasin, Alimodian, and Janiuay, 
Iloilo. The MWFR is found at the UTM coordinates 
from 422,690 m to 435,800 m East and 1,203,730 m to 
1,214,480 m North with an area of 6,539.352 ha. 

Figure 1. Boundary of MWFR from City Environment and 
Natural Resources Office (CENRO) Region 6. 
 

Geospatial Data Collection.      The data for the mean 
monthly rainfall were collected from WorldClim, an 
online database. The Shuttle Radar Topography 
Mission (SRTM) digital elevation model (DEM) for the 
Philippines was downloaded from the United States 

Geological Survey (USGS) database. The soil type map 
and boundary shapefile of MWFR were obtained from 
CENRO Region 6. The 2010 land cover map from the 
PhilGIS website was also downloaded. The files were 
then clipped in ArcGIS, version 10.4 to focus on the 
MWFR. To ensure uniformity, all the raster layers 
were ensured to have pixel sizes of 30 m by 30 m 
through resampling by bilinear interpolation and 
were aligned with each other with the on-the-fly 
projection of ArcGIS. 

 
Calculation of RUSLE Factors.     For the R factor, 

the mean annual precipitation was first calculated by 
adding the raster layers for the mean monthly 
precipitation in the raster calculator before being 
clipped and resampled. The R factor was then 
calculated following the model by El-Swaify et al. [18] 
where P is the mean annual precipitation in mm and 
the R factor is measured in MJ·mm·(ha·h·year)–.  

 
𝑅 = 38.5 +  0.35 𝑃 

 
Equation 1. Formula for the R factor. 

 
For the LS factor, the model by Moore and Burch 

[19] was followed. The clipped SRTM DEM raster 
layer was processed to calculate the flow direction, 
flow accumulation, and slope in degrees which were 
required as inputs for the model. 

 
Table 1. Representative values of soil erodibility (K) for 
various Philippine Soils (David 1988). 

Soil Texture K Value 

Clay loam 0.30 

Clay 0.26 

 
For the K, C, and P factors, the categories within 

the soil type map and land cover map were assigned 
corresponding K, C, and P values obtained  from 
previous studies. The K values taken from the study of 
David [20], shown in Table 1 above, were assigned to 
each soil type present. The C values assigned to the 
different land cover categories were based on the 
study of David [20] in Table 2 while the P values were 
based on the study of David [20] and Delgado and 
Canters [21].  

 
Table 2. Estimated crop cover coefficient or C values for the 
common cover conditions of Philippine watersheds [18]. 

Land Cover C Value 

Bare soil 
 

Primary forest with dense undergrowth 
 

Second growth forest with good 
undergrowth and mulch cover 
 

Perennial crops 
 

Grassland, moderately grazed, burned 
occasionally 
 

Shrubs with  open, disturbed grassland 
 

Built-up 
 
Inland water 

1.0 
 

0.001 
 

0.006 
 

 
0.1–0.3 

 
0.2–0.4 

 
 

0.15 
 

1.00 
 

0.00 



 

108 | Aguilos et al.  

 

Calculation of Soil Erosion Rates.     The soil loss 
empirical model RUSLE is shown by Equation 1 below 
with A being the average soil loss per unit area 
measured in ton ha-1 yr-1 and the rainfall erosivity (R), 
slope length and steepness (LS), soil erodibility (K), 
land cover (C) and conservation practice (P) factors 
being the key parameters of the model. ArcGIS was 
used to multiply all the raster layers of the RUSLE 
factors to obtain a single raster file where the rates of 
soil loss within MWFR were shown. 
 

𝐴 =  𝑅 𝑥 𝐿𝑆 𝑥 𝐾 𝑥 𝐶 𝑥 𝑃 
 

Equation 2. Formula for the RUSLE model.  
 

Erosion Risk Classification and Spatial Distribution.     
The soil erosion rates were classified into low to very 
severe erosion risk classes following the classification 
from the study of Singh et al. [22] as reported by 
Salvacion [23] as shown in Table 3.  

 
Table 3. Classification of soil erosion rates into classes of soil 
erosion risk. 
Soil erosion rates (ton ha-1 

yr-1) Erosion risk class 

0 – 5 Low 

5 – 10 Moderate 

10 – 20 High 

20 – 40 Very high 

40 – 80 Severe 

> 80 Very severe 

 
To find the area covered by each erosion risk 

class, the raster layer of the soil erosion rates was first 
digitized into a vector layer. Polygons belonging to the 
same risk class were merged and their area covered in 
sq. km. was then determined using the field calculator 
feature in ArcGIS which calculates the polygon areas 
for each soil erosion class. The percentage of the area 
covered by each class was also calculated following 
Equation 3 below. 

% area covered = 
𝑎𝑟𝑒𝑎 𝑜𝑓 𝑠𝑜𝑖𝑙 𝑒𝑟𝑜𝑠𝑖𝑜𝑛 𝑟𝑖𝑠𝑘 𝑐𝑙𝑎𝑠𝑠

𝑙𝑎𝑛𝑑 𝑎𝑟𝑒𝑎 𝑜𝑓 𝑀𝑊𝐹𝑅 
 

 
Equation 3. Formula for percentage of area covered by soil 

erosion risk class.  
 

Results and Discussion. - The collected 
geospatial data were used to determine the RUSLE 
factors needed in calculating for the soil erosion rates 
within the boundary of the MWFR. The raster layers 
containing pixel values embedded and assigned for all 
the RUSLE factors were multiplied to generate the 
estimated soil erosion rates. These rates were then 
used to determine the erosion risk classes and their 
spatial distribution within the watershed. 

 
RUSLE Factors.     For the R factor, the annual 

rainfall data had values which ranged from 2,265–
3,088 millimeters within the MWFR. Using the model 
by El-Swaify et al. [18], it was found that the R factor 
had values ranging from 831.25–1,119.3 
MJ·mm·(ha·h·year)–1. The R factor within the MWFR 
generally increases from the south to the north of the 
watershed. Higher rainfall erosivity, which is due to 
higher annual rainfall, was observed in the mid or 

mountainous portion of the watershed as seen on 
Figure 2. 

 

 
Figure 2. Rainfall erosivity (R) factor for the MWFR. 

 
For the LS factor, the DEM file was found to have 

values ranging from 97–1,583 m above sea level. 
Following Moore and Burch [19], the calculated LS 
factors were found to range from 0–38.4307 with a 
mean of 1.04 as seen in Figure 3. The highest LS 
values were found in areas near the river, especially 
in the northwestern region of the MWFR where the 
elevation is relatively higher than the southeastern 
region of the MWFR. 

 

 
Figure 3. Slope length and steepness (LS) factor for the 
MWFR. 

 
The soil types present in the MWFR were 

identified to be the following: Alimodian clay loam, 
Alimodian soil, Umingan clay, and Mountain soil as 
seen in Figure 4. Undifferentiated soil types such as 
those of Alimodian and Mountain soil were also 
classified as clay loam. The values assigned were 0.3 
for the clay loam and undifferentiated soil, and 0.26 
for clay. In terms of soil textural class, the watershed 
is highly dominated by clay loam as seen in Figure 5.
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Figure 4. Soil types within the MWFR. 

 

 
Figure 5. Soil erodibility (K) factor within the MWFR. 

 
The C factor values were assigned to each of the 

land cover categories. The vegetation cover found 
within the MWFR are of the following: annual crop, 
built-up, closed forest, inland water, mangrove forest, 
open forest, open or barren, perennial crop, shrubs, 
and wooded grassland as seen in Figure 6. The values 
assigned ranged from 0–1 based on Table 2. Based on 
the acquired land cover map, the northern areas and 
some areas at the south of the watershed are occupied 
by open forests which have a very low C value of 
0.001, thus its presence can greatly reduce the soil 
erosion rates within these areas. 
 

 
Figure 6. Land cover within the MWFR. 

 
 Figure 7. Land cover management (C) factor for the MWFR. 
 

Due to the lack of information and data on the 
conservation practices within the MWFR, the P factor 
values were set to 1 for the land cover categories with 
the exception of the areas classified as inland water, 
which along with the C factor, were assigned the value 
0.  

 
Soil Erosion Rates.     The estimated soil loss rates 

found within the MWFR ranged from 0–9,406.37 
tons/ha/yr with a mean of 40.74 tons/ha/yr. After 
classifying the soil erosion rates, it was observed that 
all the erosion risk classes were present within the 
boundary of the MWFR as reflected in Figure 8. This 
data coincides with the raw geospatial data of each 
RUSLE factor multiplied to yield the soil erosion 
rates. Low erosion rates in the boundary of MWFR 
were mainly due to the presence of forests as based on 
its land cover map. According to the study of 
Gharibreza et al. [24], the absence of forests in the land 
cover management of catchments or watersheds 
hastens land degradation. Meanwhile, high to very 
severe soil loss rates were mostly found in mountain 
sides and around rivers where the slope is long and 
steep.  

 

 
Figure 8. Soil erosion rates and classes within the MWFR. 

 
Spatial Distribution of Erosion Risk Classes.     The 

area covered by each erosion risk classification was 
also determined. Using the area of the MWFR which 
is 65.39 sq. km., the percentage of the area covered by 
each erosion risk class was found to be 35.49% for low 
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risk, 0.50% for moderate risk, 4.80% for high risk, 
31.43% for very high risk; 20.38% for severe risk; and 
6.99% for very severe risk. The remaining 0.42% were 
the areas set to zero which are areas classified as 
inland water such as the river. 

 

 
Figure 9. Area covered by each soil erosion risk class in sq. 
km. 
 

It was found that the majority of the area within 
the boundary of the MWFR is at low risk of erosion 
with 35.49%; however, soil erosion is still imminent 
with the combined areas having high to very severe 
erosion risk composing 63.60% of the MWFR as 
shown in the graph in Figure 9. The mean soil erosion 
rate for the MWFR also falls under the severe erosion 
risk class which means that the MWFR generally 
experiences severe soil erosion. The severity of the 
soil erosion within the MWFR coincides with the 
information about its location according to recent 
hazard assessment reports and studies. The MWFR is 
found within an aggregate of  two critical watersheds, 
the Tigum-Aganan watersheds. The presence of 
MWFR in these two critical watersheds explains the 
prevalence of soil erosion within the MWFR. 
Additionally, findings of a study by Bito-onon [17] 
identified the municipality of Maasin as having a very 
high hazard index when it comes to typhoons, floods, 
and soil erosion, while Alimodian and Janiuay, have 
high and moderate hazard indices, respectively. The 
high hazard index to soil erosion of Maasin, the 
location of the MWFR,  supports the presence of 
severe soil erosion risk within the watershed. 

 
Limitations.     The study used the most recently 

updated data available from different online sources 
and databases, and government agencies, and coming 
from different years between 2010–2020. The 
researchers mainly relied on information that is 
available online. Furthermore, the soil erosion rates 
are only estimations which rely on the available data 
online without any on-site inspection of the MWFR 
due to the COVID-19 pandemic. Moreover, due to the 
absence of any recorded data on the conservation 
practices of the watershed, the values assigned for the 
P factor were only based on the C factor. Another 
limitation is the use of RUSLE which only accounts 
for soil loss through sheet and rill erosion, while 
ignoring the possibility of gully erosion and 
dispersive soils in a certain area. There is also no 
accounting for the deposition of sediment before 
reaching a waterway; hence, RUSLE is only a 
predictor of erosion for topsoils [25]. 

Conclusion. - This study demonstrates the 
utilization of RUSLE with GIS to model soil erosion 
rates within the MWFR. The MWFR was found to 
have a mean soil erosion rate of 40.74 tons/ha/yr, 
which generally classifies the MWFR as having severe 
soil erosion risk. Based on the soil erosion map and 
the spatial distribution for the erosion risk classes, 
63.6% of the MWFR was found to be at high to very 
severe risk of soil erosion and this may account to the 
degradation of the watershed. The results emphasize 
the urgent need to address the soil erosion in the 
watershed. The geological location of Maasin may 
contribute to the watershed degradation since the 
municipality has a high hazard index making it 
susceptible to natural disasters. Although the erosion 
rates are estimations, this soil erosion map can help 
the local government get a gist of priority areas in 
monitoring the soil degradation of the MWFR to 
prevent its adverse effects on the ecosystem and water 
quality. It can also show what causes the soil erosion 
in the area and provide visualization as to which parts 
of the MWFR may have high to very severe cases of 
erosion. With this, the government can be guided in 
preventing and addressing any rising problems within 
the watershed.  

 
Recommendations. - For further studies 

involving the soil erosion rates within the MWFR, an 
on-site inspection may be conducted for the cross-
referencing of the estimated soil erosion rates 
generated from the use of RUSLE and GIS data. A 
survey with the locals may also be conducted to verify 
the data for the RUSLE factors and identify the areas 
that experience severe soil erosion. This is to take note 
of essential information on the factors of soil erosion 
within the watershed which are not available online 
such as the conservation practices. Other sources of 
GIS data aside from those mentioned in the study 
may also be used. The application of the RUSLE 
model with readily available GIS data should be 
utilized more in monitoring the occurrence of soil 
erosion in critical watersheds in the country. Using 
the same methodology, comparisons may also be 
made between the soil erosion rates within the MWFR 
and other critical watersheds.  
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Article Info   Abstract 
- 

Shoreline change poses a significant threat to coastal environments 
and is exacerbated by climate change, hence, it should be monitored for 
better coastal management. This study aimed to determine the shoreline 
change in Tigbauan, Iloilo using remote sensing and GIS techniques. 
Eighteen Landsat 5 and 8 images from 1993 to 2020 were obtained using 
Global Visualization Viewer and processed in Quantum GIS. Shorelines 
were extracted from processed images and analyzed using the Digital 
Shoreline Analysis System (DSAS) in ArcGIS by calculating the net 
shoreline movement, shoreline change envelope, endpoint rate, and linear 
regression rate. Results showed that from 1993 to 2020, erosion had greater 
magnitude, rates, and occurrences than accretion. The average rate was -
1.022 m per year and erosion was forecasted for most areas in 2030 and 
2040. The results can help the government mitigate shoreline erosion risks 
and methods can be extended to other shorelines. 
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Introduction. - The rapid changing of shorelines 
caused by their high vulnerability to natural hazards 
such as floods, storm impacts, sea-level rise, and 
coastal erosion, pose a significant threat to coastal 
environments. With climate change accelerating the 
occurrence of these natural hazards, shoreline 
conditions are worsening and better coastal 
management is needed [1]. Shoreline data is 
fundamental for coastal management and thus, 
studies have investigated methods for the accurate 
detection, mapping, and monitoring of shorelines.  

 
Among the shoreline mapping methods, three 

main categories have emerged: field testing, aerial 
photography, and remote sensing [2]. Among the 
three mapping methods, remote sensing is preferred 
due to its ability to analyze small changes in the coast 
as a result of its very long spectral bands and good 
spatial resolutions. It is also cheaper and can be done 
through more convenient and accurate methods, 
such as satellite imagery [3]. To handle satellite data, 
geographic information system (GIS) programs were 
utilized with satellite imagery to extract shorelines 
and calculate parameters through computer-aided 
tools and methods that reduce manual errors and 
give researchers full control [4]. 

 
Hence, several researchers have studied 

shoreline change using both remote sensing and GIS 

techniques. Louati et al. [5] and Sutikno et al. [6] 
utilized Landsat images and the United States 
Geological Survey Digital Shoreline Analysis System 
(USGS DSAS) extension for ArcGIS Copyright© 
1995-2015 Esri. [7], Foti et al. [8] used Google Earth 
Pro and QGIS, while Flores and Siringan [9] utilized 
Landsat and QGIS. It is notable that among the 
satellite data used for shoreline studies, the Landsat 
series images have been proven to offer the best 
combination of performance and availability due to 
its open access, large coverage, and long-term data 
record features [10]. Among the GIS programs for 
shoreline studies, it was concluded that QGIS is more 
suitable for editing and georeferencing [11], while the 
DSAS extension of ArcGIS makes it a better program 
for shoreline change calculations [7]. 

 
Various statistical methods have also been 

studied and applied to quantify shoreline change, 
with the most common being the endpoint rate 
(EPR), average of rates (AOR), and linear regression 
rate (LRR) [1,12]. However, it is notable that EPR and 
LRR are more effective [13]. Thus, Landsat images, 
ArcGIS-DSAS, QGIS, and EPR and LRR were chosen 
for the analysis of the selected shoreline.  
 

Climate Central [14] identified Tigbauan, Iloilo 
as one of the many Philippine municipalities that will 
submerge by 2040. This finding, along with 

mailto:publiscience@wvc.pshs.edu.ph
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parameters such as land area, shoreline length, and 
anthropogenic activities, led to the selection of the 
Tigbauan Shoreline as the study area. It was verified 
by the local government unit that there is no data on 
the Tigbauan shoreline positions and changes.  More 
effective coastal management is necessary for these 
areas, which requires shoreline data [15,16]. Thus, the 
study aimed to determine the shoreline change in 
selected areas in Tigbauan, Iloilo using remote 
sensing and GIS techniques [10,12]. 

 
This study will provide the municipality with 

important data on shoreline positions, change values, 
and rates that can help improve their coastal 
management. Moreover, the methods can also be 
replicated to determine shoreline change in other 
areas. Specifically, this research study aimed to: 

 
(i) gather suitable Landsat 4-5 and 8 images from 
1993 to 2020 of the selected shoreline using the 
USGS Global Visualization Viewer (GloVis); 
 
(ii) apply cropping and image enhancement to 
Landsat images using QGIS 3.10.10 A Coruña; 
 
(iii) trace and extract the shorelines using QGIS; 
 
(iv) calculate the net shoreline movement (NSM) 
and shoreline change envelope (SCE) using the 
DSAS extension in ArcGIS 10.4; 
 
(v) calculate the shoreline change rate using the 
endpoint rate (EPR) and linear regression rate 
(LRR) methods in DSAS; and 
 
(vi) evaluate the shoreline change over the years. 
 
Methods. - The methods were divided into three 

main phases: (1) georeferencing of satellite images, (2) 
digitization of georeferenced images, and (3) 
shoreline analysis by calculating the shoreline change 
values and rate statistics.  

 
Study Area. The study area was chosen using 

four parameters based on previous shoreline change 
studies: (1) coastal risk projection of Climate Central 
[14], (2) land area, (3) shoreline length, and (4) locality 
and infrastructure risk [1,12,16]. The first parameter 
identified areas that will be submerged by 2040 [14]. 
The affected land areas were ranked since selecting 
larger areas would benefit more people. The shoreline 
lengths were ranked to minimize zoom and increase 
calculation accuracy. Settlements and infrastructure 
were also considered. Thus, as seen in Figure 1, the 
shoreline bordering Barangay 7 and Baguingin in 
Tigbauan, Iloilo was chosen. It faces the Panay Gulf 
near the Sibalom River and the observed nearby 
infrastructures are residential areas and vegetation 
approximately 15 m from the shoreline. 

 

 
Figure 1. (a) The study area in the Philippines. (b) The areas in 
Tigbauan, Iloilo projected to be below the annual flood level 
in 2040. (c) The shoreline in Tigbauan, Iloilo selected based 
on the set criteria. 
 

Satellite Image Georeferencing. Landsat 5 and 8 
images of the study area from 1993 to 2020 were 
obtained using GloVis. The images were chosen based 
on image clarity, cloud coverage, and time and date of 
image acquisition. The selection process involved 
scanning all the available images that were taken 
during the equinox, specifically within the months of 
August to September. Due to the lack of clear images 
during these months from 1993 to 1998, images from 
February and March were used instead.  The images 
with a clear view of the study area, minimal to no 
cloud cover, and acquisition times ranging from 9:00 
AM to 10:30 AM MPST were selected. Those not 
satisfying the criteria were excluded, resulting in non-
uniform intervals. The primary image acquisition 
date criterion was based on March 20 and September 
23 due to the presence of equinoctial tides. A total of 
18 Landsat images were used in the study, with five 
from the March equinox and 13 from the September 
equinox since during these months, the tidal 
amplitudes are at a maximum [17]. All images were 
subjected to visual comparisons and were ensured to 
have been georeferenced correctly, as determined by 
the lack of shifts in road alignment. 

 
Image Processing and Shoreline Extraction.      The 

acquired Landsat 4–5 and 8 images underwent image 
processing using QGIS. The raster images were first 
uniformly cropped to focus on the identified 
shoreline. The cropped images were then subjected to 
geometric and atmospheric corrections using the 
Semi-automatic Classification Plugin in QGIS [18], 
DOS1 atmospheric correction, and panchromatic 
image sharpening. Raster calculation was then 
performed on the Landsat bands using the Modified 
Normalized Difference Water Index (MNDWI) with 
the formula to extract the shoreline positions [19]. 

 
𝑀𝑁𝐷𝑊𝐼 = (𝐺𝑟𝑒𝑒𝑛 𝐵𝑎𝑛𝑑 −𝑀𝐼𝑅 𝐵𝑎𝑛𝑑)/(𝐺𝑟𝑒𝑒𝑛 𝐵𝑎𝑛𝑑

+𝑀𝐼𝑅 𝐵𝑎𝑛𝑑) 

 
Where:  
Green Band = green band number depending on 

Landsat type 
MIR Band = middle infrared band depending on 

the Landsat type 
 

Land and water features were further 
differentiated by utilizing a threshold value of zero in 
the raster calculator to produce a binary raster image 
which was then polygonized for shoreline tracing.  

 
Data Analysis.      The NSM, SCE, EPR, and LRR 

were calculated using DSAS in ArcGIS 10.4. Three sets 

http://faspselib.denr.gov.ph/sites/default/files/Publication%20Files/crmguidebook8.pdf
https://sci-hub.do/10.1016/j.ocecoaman.2019.105008
https://www.sci-hub.ren/https:/doi.org/10.3390/W9110816
https://sci-hub.do/10.1007/s13762-013-0196-1
https://www.researchgate.net/publication/232724072_Modification_of_Normalized_Difference_Water_Index_NDWI_to_Enhance_Open_Water_Features_in_Remotely_Sensed_Imagery
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of shoreline data were calculated and the separation 
of shoreline images was based on the image 
acquisition dates. The set 1 and 2 images were 
acquired near the March and September equinox 
respectively, while set 3 contained only the earliest 
and most recent shoreline. The shorelines included in 

each set are shown in Table 1. 
 

Table 1. Shoreline data used in each calculation. 

Set 
Shoreline 
Data (in 
years) 

# of 
shoreline

s 
Calculations 

 

1 1993, 1996-
1998 4 NSM, SCE, 

EPR, and LRR 
 

2 

2004, 2006, 
2008, 

2009, 2011, 
2013-2020 

13 NSM, SCE, 
EPR, and LRR 

 

3 1993, 2020 2 NSM and EPR  

The calculation of NSM, SCE, EPR, and LRR values was     
conducted using the calculate function in DSAS with a 90% 
confidence interval. ArcGIS-DSAS generated reports for the 
three sets. 

 
The NSM is the distance between the oldest and 

earliest shoreline data identified by DSAS based on 
the exact shoreline dates parameter inputted in 
ArcGIS. SCE is the greatest distance between each 
transect. For NSM, positive and negative values mean 
accretion and erosion respectively, while the SCE is 
always positive. Both NSM and SCE are in meters. For 
the EPR, DSAS divided the NSM by the time elapsed 
between the two shorelines but the variation of the 
rate over time was not considered. The LRR is the 
slope of the line generated by a least-squares 
regression fit to all available shoreline points for each 
transect. The regression line is the minimum sum of 
the squared residuals. The squared residual for a data 
point is the square of the offset distance from the 
regression line. Both rates are in meters per year. 
 

Results and Discussion. - The results and 
discussion were divided into six parts namely: 
acquired satellite images, processed satellite images, 
traced and extracted shorelines, shoreline change 
values, shoreline change rates, and shoreline 
forecasting. All values were generated using the 
ArcGIS-DSAS function and can be seen in the raw 
data tables found in the supplementary data section of 
the journal. Sets 1 and 2 each had a total of 283 
transects while set 3 had 294 transects in total.  

 
Acquired Satellite Images.     There were 18 Landsat 

images gathered in total, with nine Landsat 4-5 images 
from 1993 to 2011, and another nine Landsat 8 images 
from 2013 to 2020. The images obtained all had 
spatial resolutions of 30 m, contained clear views of 
the shoreline, and were captured near the two 
equinoxes during times ranging from 9:00 AM to 
10:30 AM MPST. The tide conditions varied with 
heights ranging from -0.03 m to 1.67 m. It was 
determined that three images in set 1, eight images in 
set 2, and one image in set 3 were taken during low 
tide. The lack of uniform conditions contributed to 
increased positional change due to the comparison of 
shorelines during high and low tides. The images 
from set 1 and set 2 were also taken in different 
monsoon seasons, which may affect the tidal 
conditions. No visible deviations were observed 

during the conduct of visual analyses, thus, the 
georeferenced images were concluded to be correct. 

 
Processed Satellite Images.     All satellite images 

were successfully subjected to image processing 
techniques starting with uniform cropping, 
atmospheric correction, and RGB enhancement. The 
enhanced images increased shoreline definition due 
to the color contrast in the land and water areas and 
the use of the water index enhanced the open water 
features and suppressed the built‐up land noise. This 
enabled the creation of binary raster images with 
clearly defined separations of the land and water 
features for easier shoreline extraction.  

 
Traced and Extracted Shorelines.     All vector images 

were cropped and traced based on the study area 
coordinates. The x-components were the same for all 
images. However, the y-components of the traced 
endpoints varied, showing that the shoreline changed 
over the years. The traced shoreline vectors had 
sharpened edges due to the 30 m x 30 m pixels, but 
were not subjected to smoothing to preserve the 
defined geographical accuracy of the shorelines. 
Three datasets, shown in Table 1, were then created 
where images taken near the same equinox were 
grouped together to ensure uniform conditions for 
shoreline analysis.  

 
Shoreline Change Analysis.    The shoreline change 

experienced in the study area was analyzed using the 
SCE and NSM values generated by ArcGIS-DSAS and 
can be found in the supplementary data section. 

 
Shoreline Change Envelope.    The SCE represents 

the greatest distance among all intersecting shorelines 
in a given transect. This alone does not indicate if the 
change is erosional or accretional since it is always 
positive. The SCE calculations involved set 1 and set 2 
shoreline data, shown in Figures 2.a and 2.b, 
respectively. 

 
The shorelines in set 1 had an average SCE 

distance of 30.50 m. The greatest distance of 96.24 m 
in transect 146 showed that the shoreline eroded from 
1993 to 1996. For set 1, 55 null values or transects with 
no observed shoreline position changes were 
generated, resulting in a minimum distance of 0. 
These null values were attributed to the low Landsat 
4-5 resolution which prevented the detection of 
changes below  30 m [20].  

 
For set 2, the 13 shorelines were calculated to have 

an average SCE distance of 61.54 m which is 
approximately two times greater than that of the 
previous set or an increase of 101.77%. The greatest 
distance observed in transect 61 showed that the 
shoreline accreted by 113.77 m from 2013 to 2020. In 
set 2, no null values were generated and a minimum 
distance of 30.01 m was observed in transect 8.  

 
The SCE values show that in the period from March 
1993 to 1998, shoreline changes ranged from 0 m to 
96.24 m while from September 2004 to 2020, changes 
ranged from 30.01 m to 113.77 m. These results do not 
indicate whether the observed changes are mostly 
erosional      or      accretional      and      thus,      require 
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supplemental data from the NSM values. However, it 
can be said that the greatest changes observed in sets 
1 and 2 are erosional and accretional respectively. 
 

Net Shoreline Movement.     The NSM represents the 
distance between the oldest and most recent 
shorelines for each transect. The NSM values of the 3 
sets were generated and analyzed in relation to the 
SCE values and contained both the negative or 
erosional and positive or accretional values. The NSM 
calculations involved all three sets of shoreline data, 
shown in Figures 3.a for set 1, 3.b for set 2, and 3.c for 
set 3. 

For set 1, among the 283 transects, 47% or 133 were 
erosional, 25.09% or 71 were accretional, while 27.9% or 
79 were null. The maximum negative value of -64.16 
m at transect 146 also had the greatest SCE of 96.24 m 
from 1993 to 1996. This suggests that from 1996 to 
1998, transect 146 accreted by 32.08 m. The shoreline 
changes from March 1993 to 1998 ranged from -64.16 
m to 63.17 m. The average distances indicate that 
despite having greater accretion in terms of 
magnitude, the presence of more erosional transects 
led to an average distance of -6.04 m, which is 
considered erosional. 

 
 

 
   (a)             (b) 
 

Figure 2. The shoreline change envelopes of (a) set 1, and (b) set 2. 
 

 
  (a)             (b)             (c) 
  

Figure 3. The net shoreline movements of (a) set 1, (b) set 2, and (c) set 3. 
 

 
  (a)             (b)             (c) 
 

Figure 4. The endpoint rates of (a) set 1, (b) set 2, and (c) set 3. 
 

 
   (a)              (b) 
 

Figure 5. The linear regression rates of (a) set 1, and (b) set 2. 
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Relative to set 1, the average erosion in set 2 
decreased by 13.58 m while the average accretion 
decreased by only 3.22 m.The positive distances were 
also greater than the negative distances. These show 
that from 2004 to 2020, more parts of the shoreline 
eroded but the accretional areas had greater changes 
resulting in an average of only -1.99 m, which is 
67.05% less than that of set 1.  

 
Set 3 had the most and least number of erosional 

and accretional transects with 90.82% and 9.18% of the 
total, respectively. The shoreline changes ranged 
from -103.37 m to 25.1 m. The high maximum erosion 
and number of erosional transects contributed to a 
high average erosion of -41.3 m, while the average 
accretion was only 19.25 m. Thus, the average NSM 
from 1993 to 2020 was -35.74 m. 

 
The average NSM in set 3 is significantly greater 

than that of sets 1 and 2. This high average can be 
attributed to the high shoreline erosion from 1998 to 
2004 since the changes during this period were not 
investigated due to image availability.   

 
Shoreline Change Rate Analysis.     The rate of 

change experienced by the shoreline was calculated 
using the EPR and LRR methods in ArcGIS-DSAS and 
can be found in the supplementary data section. 

 
Endpoint Rate.     The EPR calculates the shoreline 

change rate based on only two shorelines. The average 
NSM distances were divided by the time elapsed 
between the oldest and most recent shorelines to 
generate the EPR values. The EPR calculations 
involved all three sets of shoreline data, shown in 
Figures 4.a for set 1, 4.b for set 2, and 4.c for set 3. 

 
For set 1, the null transects prevented DSAS from 

determining the average CI associated with rates, 
reduced n, uncertainty, and transects with statistically 
significant erosion or accretion. The maximum rates 
for set 1 are significantly greater than that of the other 
sets while the average rates lowered to values closer to 
that of the other sets, leading to an EPR of -1.21 m per 
year. 

 
For set 2, 35.94% of the 192 erosional transects and 

96.70% of the 91 accretional transects were statistically 
significant. Accretional rates were also greater than 
the erosional rates. These explain why despite having 
more erosional transects, the average NSM and EPR 
of this set are low, leading to set 2 having the least EPR 
of -0.13±0.89 m per year. 

 
Set 3 had the lowest maximum erosion rate and 

an average erosion rate that is only 50.83% of set 1. 
However, it had the lowest accretion rates, leading to 
set 3 having the highest average EPR of -1.32±0.52 m 
per year.  

 
Linear Regression Rate.     The LRR used all 

available shorelines to determine the change rate and 
was performed for sets 1 and 2, shown in Figures 5.a 
and 5.b, respectively. 

 
The LRR of set 1 had fewer null transects than the 

EPR, showing that more changes occurred in 1996 and 
1997. The maximum rates increased by less than 1 m 
per year with the addition of the 1996 and 1997 
shorelines, but the average rates significantly 

increased by more than 100% of the EPR rates. This 
showed that the shoreline experienced more changes 
in 1996 and 1997 compared to just 1993 and 1998. 
However, the LRR of -1.23 m per year differed from 
the EPR by only 0.02 m, suggesting that despite 
having more changes, the erosion and accretion rates 
still balanced out to result in a similar average rate. 

 
The LRR of set 2, shown in Figure 5 (b), had more 

erosional and less accretional transects than the EPR. 
This was also true for transects with statistically 
significant erosion and accretion. These can be 
attributed to the shorelines that were not included in 
the EPR calculations. The average erosion and 
accretion rates were greater and lesser, respectively, 
than the EPR. The LRR of -1.22±0.72 m per year is 
nine times the EPR which also indicates that despite 
the few differences in the 2004 and 2020 shorelines, 
the shorelines between them experienced more 
erosion and less accretion, resulting in the high 
erosional LRR.  

 
Shoreline Forecasting.     Using the LRR of set 2, the 

DSAS forecaster predicted that in 2030 and 2040, 
erosion will occur in most transects while accretion is 
observed in areas near the shoreline ends but are 
mixed with erosional transects. The part of the 
shoreline from 10° 40' 7.413" to 10° 40' 19.7292"N 
latitude and 122° 23' 27.4266" to 122° 24' 12.4158"E 
longitude is expected to erode by 2030 and 2040 and 
these areas contain most of the human settlements in 
the study area. 

 
Figure 6. The forecasted shoreline positions for 2030 and 
2040. 
 

Limitations.     The study utilized shorelines from 
years with Landsat images that fit the set criteria, thus, 
not all years from 1993 to 2020 were included in the 
calculations. Due to availability, low-resolution 
images were utilized resulting in the presence of null 
transects which prevented the calculation of certain 
values. No physical investigations were conducted 
due to safety concerns amidst the pandemic. Further 
investigation of the factors affecting the identified 
shoreline changes, as well as the verification of the 
predicted shoreline positions, was not performed. 

 
Conclusion. - The shoreline change values 

showed that more parts of the shoreline eroded from 
2004 to 2020 but a greater magnitude of erosion was 
observed from 1993 to 1998. The erosion from 1993 to 
2020 was significantly greater than that of the other 
sets, suggesting that most occurred from 1998 to 2004. 
This was supported by the EPR and LRR calculations 
which showed that the 1993 and 2020 shorelines also 
had the least accretion rates and the most and least 
transects with statistically significant erosion and 
accretion respectively. It can be concluded that the 
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shoreline in Tigbauan, Iloilo experienced more 
erosion than accretion in both occurrence and 
magnitude from 1993 to 2020. The average shoreline 
change rates ranged from -0.13 to -1.32 m per year, 
showing that the shoreline is eroding at an average 
change rate of -1.022 m per year. The average LRR 
from September 2004 to 2020 was used to forecast 
that erosion will continue in 2030 and 2040 for the 
majority of the shoreline. These data can be used to 
improve the municipality’s coastal management by 
identifying which areas are vulnerable to shoreline 
erosion and coastal area loss. 

 
Recommendations. - More shoreline images 

with better resolutions are recommended to provide 
more accurate shoreline change rates. An effective 
smoothing function with a clearly defined accuracy 
may also be applied to extracted shoreline vectors 
prior to shoreline calculation. Moreover, adding the 
tidal level and monsoon season to the image criteria 
and considering the digitization uncertainty will 
enable more uniform shoreline conditions and 
accurate calculations. Physical shoreline inspection 
should be conducted to obtain more information that 
could contribute to the analysis. Supplementary data 
such as daily rainfall, typhoon tracks, and conducted 
human activities are recommended to understand the 
factors affecting shoreline change. Lastly, the 
shoreline change rate should be verified further so it 
can be utilized to accurately predict future shoreline 
positions. 

 
Acknowledgment. - The authors would like to 

extend their gratitude to the external panelists and 
reviewers who, through imparting their wisdom, have 
helped improve the quality of the study. 

 
References 
 
[1] Armenio E, Serio FD, Mossa M, Petrillo AF. 2019. 

Coastline evolution based on statistical analysis 
and modeling. Natural Hazards and Earth 
System Sciences. 19(9): 1937–1953.  

 
[2] Aryastana P, Ardantha IM, Candrayana KW. 2018. 

Coastline change analysis and erosion 
prediction using satellite images. MATEC web 
of conferences. 197: 13003. 

 
[3] Parthasarathy KSS, Deka PC. 2019. Remote sensing 

and GIS application in assessment of coastal 
vulnerability and shoreline changes: a review. 
ISH Journal of Hydraulic Engineering. 1–13.  

 
[4] Kostecki R. 2018. Application of the spatial 

database for shoreline change analysis and 
visualisation: Example from the western polish 
coast, southern Baltic sea. Quaestiones 
Geographicae. 37(3): 25–34. 

 
[5] Louati M, Saïdi H, Zargouni F. 2014. Shoreline 

change assessment using remote sensing and 
GIS techniques: a case study of the Medjerda 
delta coast, Tunisia. Arabian Journal of 
Geosciences. 8(6): 4239–4255.  

 
[6] Sutikno S, Sandhyavitri A, Haidar M, Yamamoto 

K. 2017.  Shoreline change analysis of peat soil 
beach in bengkalis island based on GIS and RS. 

IACSIT International Journal of Engineering 
and Technology. 9(3): 233–238. 

 
[7] Thieler E, Himmelstoss E, Zichichi J, Ergul A. 2017. 

Digital Shoreline Analysis System (DSAS) 
version 4.0—An ArcGIS extension for 
calculating shoreline change. U.S. Geological 
Survey Open-File Report. 2008–1278. 

 
[8] Foti G, Barbaro G, Bombino G, Fiamma V, 

Puntorieri P, Minniti F, Pezzimenti C. 2019. 
Shoreline changes near river mouth: case study 
of Sant’Agata River (Reggio Calabria, Italy). 
European Journal of Remote Sensing. 52(4): 
102–112.  

 
[9] Flores PC, Siringan F. 2020. Shoreline Change in 

Response to the Construction of a Flood Canal 
in Jaro, Iloilo City, Philippines. IEEE India 
Geoscience and Remote Sensing Symposium 
(InGARSS). 134-137. 

 
[10] Liu Y, Wang X, Ling F, Xu S, Wang C. 2017. 

Analysis of coastline extraction from Landsat-
8 OLI imagery. Water. 9(11): 816. 

 
[11] Friedrich C. 2014. Comparison of ArcGIS and 

QGIS for Applications in Sustainable Spatial 
Planning [thesis]. [Masterarbeit]: University of 
Vienna. 

 
[12] Deepika B, Avinash K, Jayappa KS. 2013. 

Shoreline change rate estimation and its 
forecast: remote sensing, geographical 
information system and statistics-based 
approach. International Journal of 
Environmental Science and Technology. 11(2): 
395–416. doi:10.1007/s13762-013-0196-1. 

 
[13] Foster ER, Savage RJ. 1989. Methods of Historical 

Shoreline Analysis, in: Proc. Coastal Zone ’89, 
ASCE, New York, USA. 

 
[14] Climate Central Organization. Coastal Risk 

Screening Tool: Sea level rise and coastal flood 
risk maps. Climate Central. [accessed 2020 
December 12]. Available from: 
https://coastal.climatecentral.org/map. 

 
[15] Department of Environment and Natural 

Resources, Bureau of Fisheries and Aquatic 
Resources of the Department of Agriculture, 
and Department of Interior and Local 
Government. 2001. Philippine Coastal 
Management Guidebook No. 8: Coastal Law 
Enforcement. Coastal Resource Management 
Project of the Department of Environment and 
Natural Resources, Cebu City, Philippines, 164 
p. 

 
[16] Bañas JCC, Subade RF, Salaum DN, Posa CT. 

2019. Valuing vanishing coasts: The case of 
Miagao coastline in Southern Iloilo, 
Philippines. Ocean & Coastal Management.  

 
 
 
 



 

118 | Co et. al 

 

[17] Sridharan S. 2017. Solar and lunar tidal 
variabilities in GPS-TEC and geomagnetic field 
variations: Seasonal as well as during the 
sudden stratospheric warming of 2010. Journal 
of Geophysical Research: Space Physics. 122(4): 
4571–4587.  

 
[18] Congedo L. 2020. Semi-Automatic Classification 

Plugin Documentation Release 7.0.0.1.  
 

[19] Xu H. 2006. Modification of Normalized 
Difference Water Index (NDWI) to Enhance 
Open Water Features in Remotely Sensed 
Imagery. International Journal of Remote 
Sensing. 27. 3025–3033. 

 
[20] White K, Asmar HME. 1999. Monitoring 

changing position of coastlines using Thematic 
Mapper imagery, an example from the Nile 
Delta. Geomorphology. 29(1-2): 93–105. doi: 
10.1016/s0169-555x(99)00008-2. 

https://www.researchgate.net/publication/344876862_Semi-Automatic_Classification_Plugin_Documentation_Release_7001_Luca_Congedo?channel=doi&linkId=5f960043299bf1b53e45d59a&showFulltext=true
https://www.researchgate.net/publication/344876862_Semi-Automatic_Classification_Plugin_Documentation_Release_7001_Luca_Congedo?channel=doi&linkId=5f960043299bf1b53e45d59a&showFulltext=true

