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Abstract
Shoreline analysis helps to understand the coastal dynamism for decision making in coastal
management. As there are still doubts in transect-based analysis, this study attempts to understand the
in�uence of transect intervals in shoreline analysis. Shorelines were delineated on high-resolution satellite
images in Google Earth Pro for twelve beaches in Sri Lanka under different spatial and temporal scales.
Shoreline change statistics were calculated using Digital Shoreline Analysis System in ArcGIS 10.5.1
software under 50 transect interval scenarios and in�uence of the transect interval for shoreline change
statistics were interpreted using standard statistical methods. Transect Interval Error was calculated with
respect to the 1 m scenario as this has the best beach representation. Results revealed that there is no
any signi�cant difference (p > 0.05) of shoreline change statistics between 1 m scenarios and 50 m
scenario in each beach. Further, it was found that the error was extremely low up to 10 m scenario and
then after it was subject to �uctuate in an unpredictable manner (R2 < 0.5). Overall, the study concludes
that the in�uence of the transect interval is negligible and 10 m transect interval is ideal in shoreline
analysis for the highest e�cacy in small sandy beaches. 

Introduction
The shoreline can be considered as one of the most dynamic boundaries (Mukhopadhyay et al. 2012;
Hapke et al. 2011; Rongxing Li, Liu, and Felus 2001) in the coastal environment laid between land and
water (Boak and Turner 2005) which is frequently subject to short-term (Ali and Narayana 2015) or long-
term changes (Fenster, Dolan, and Morton 2001). This dynamism can occur from both natural activities
such as wind, currents, tides, waves, sea-level rise, extreme events etc. (Quashigah, Addo, and Kodzo
2013; Pajak and Leatherman 2002; Ali and Narayana 2015) and anthropogenic activities such as human
constructions, sand mining etc. (Rongxing Li, Ma, and Di 2002; Oyedotun, Ruiz-Luna, and Navarro-
Hernández 2018) and is observable in sandy beaches under the states of accretion or erosion (Abeykoon
et al. 2021; Dolan, Fenster, and Holme 1991). Further, it has been identi�ed that the 24% of the sandy
beaches in the world are eroding at the rate exceeding 0.5 m/year (Luijendijk et al. 2018). This
unprecedented coastal change could in�uence greatly on social, environmental and economic
aspects (Fleming et al. 2018; Ervita and Marfai 2017; Quante and Colijin 2016) of the community directly
or indirectly. Gradually, this can grow up to a global issue as an ample amount of people is concentrated
in the vicinity of beaches in most parts of the world as a result of the population growth and the
resources depletion (Crowell et al. 2007). 

De�nition, scale, method and accuracy are key concerns in shoreline mapping (Yao et al. 2015; Dang et
al. 2018; Dewidar and Frihy 2010) as they determine the reliability of the study. Shoreline position has
been de�ned in many ways such as land-water line, dry-wet line, vegetation line etc. (Gens 2010; Boak
and Turner 2005) corresponding to a pre-de�ned datum (Liu, Sherman, and Gu 2007; Boak and Turner
2005). Tide-coordinated shorelines were also used in some studies when shorelines were de�ned in order
to mitigate the errors introduced from tidal actions (Ron Li, Di, and Ma 2001; Hapke et al. 2011; Rongxing
Li, Ma, and Di 2002). 
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Many shoreline research studies have focused on regional, national and global scales (Bertacchini and
Capra 2010; Abeykoon et al. 2021; Luijendijk et al. 2018) compared to the local scale
mapping (Warnasuriya et al. 2020; Warnasuriya, Gunaalan, and Gunasekara 2018). Therefore,
understanding the shoreline dynamism under local scale (in small beaches or pocket beaches) mapping
 has found to be very important (Warnasuriya et al. 2020) in terms of coastal zone
management (Elnabwy et al. 2020; Chen et al. 2005; Boateng, Wiafe, and Jayson-Quashigah 2017) and
disaster management perspectives (Baig et al. 2020). 

However, it is not an easy task to determine the temporal and spatial changes of individual beaches in a
comprehensive basis due to its high heterogeneity, high complexity and high dynamism (Warnasuriya et
al. 2020). On the other hand, conventional �eld surveys are very expensive, time consuming and labor
intensive (Liu, Sherman, and Gu 2007; Warnasuriya, Kumara, and Alahacoon 2014; Natesan et al. 2013).
But, continuous monitoring is needed to understand and interpret the characteristics of beaches and their
dynamisms properly ( Makota, Sallema, and Mahika 2004; Sesli et al. 2009; White and El Asmar 1999).
Nevertheless, understanding the coastal dynamism is a challenging task with the existing scienti�c
method in terms of effectiveness, e�ciency and reliability (Warnasuriya et al. 2020). 

It has been identi�ed that the using remote sensing and GIS techniques is very popular in shoreline
studies (Liu, Sherman, and Gu 2007; Zagórski, Jarosz, and Superson 2020; Appeaning Addo, Jayson-
Quashigah, and Kufogbe 2012; Nassar et al. 2019; Niya et al. 2013; Ahmad and Lakhan 2012; Yasir et al.
2020), because they provide platforms to execute shoreline change analysis effectively and
e�ciently (Warnasuriya et al. 2020) over the conventional �eld surveys (Lipakis, Chrysoulakis, and
Kamarianakis 2005). Remote sensing technology has been widely used in shoreline studies (Toure et al.
2019) during past few decades through aerial photography (Rongxing Li et al. 2008; Chaaban et al. 2012;
Ford 2013), satellite imagery (Baig et al. 2020; Elnabwy et al. 2020), LiDAR technology (Terefenko et al.
2019) and Drone photography (Lowe et al. 2019). However, still satellite images are very popular among
the scientists as they are readily available in the most cases compared to the other aforementioned
remote sensing techniques.

Image resolution is one of the key factors to be considered when extracting information under different
mapping scales. As far as the accuracy is concerned, high-resolution satellite images (Warnasuriya,
Gunaalan, and Gunasekara 2018; Ford 2013; Warnasuriya et al. 2020) are found to be more effective in
shoreline studies under local scale mapping (large-scale maps) in small beaches which can be
considered as pocket beaches. But, availability of such high-resolution satellite images is limited for the
most studies due to high cost and limited coverage. Currently, there are satellite images available even
around 30 cm spatial resolution obtained specially from latest Worldview satellites. Other than that, high-
resolution images are provided by the satellites; GeoEye, QuickBird, IKONOS, SPOT, Pleiades etc. They
provide satellite images with spatial resolution from 0.31 m to 2.00 m (Warnasuriya, Gunaalan, and
Gunasekara 2018; Warnasuriya et al. 2020). Google Earth Pro has been found as an ideal source for high-
resolution satellite images as it provides some of them for free of charge under the maximum zoom level
and it updates time to time with new high-resolution satellite images. Although the spatial resolution is
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not given for high-resolution images in Google Earth platform, this was inferred by Warnasuriya et al. in
2018 and 2020 referring to the original sources of image provider such as Maxar technologies (previously
Digital Globe), CNES/Airbus etc. and considering minimum possible identi�able features from the
images. 

However, it is not just enough to have high-resolution images unless there is a proper mechanism to
quantify shoreline changes. Dolan et al in 1991 introduced some Shoreline Change Statistics (SCS)
which are very helpful to analyze shoreline changes quantitatively. Later these methods have been
incorporated into Digital Shoreline Analysis System (DSAS) developed by USGS (Himmelstoss et al.
2018) which is one of the widely used software for shoreline change analysis in the recent past
(Oyedotun, Ruiz-Luna, and Navarro-Hernández 2018; Baig et al. 2020). Warnasuriya et al. also tried to
develop new methods and considerations for shoreline change analysis by means of DSAS and Google
Earth Pro in 2018 and 2020. According to those studies, it was identi�ed that resolution, eye-altitude,
digitizing error, georeferencing error (shift error), tidal error, wave runup error and zonation are key
in�uential factors in shoreline uncertainties. But, still there are some factors to be further evaluated in
transect based shoreline change analysis with regard to coastal morphology and selected transect
intervals when interpreting the overall statistics for individual beaches. Therefore, this study attempts to
understand the in�uence of those factors on SCS under different transect interval scenarios. 

Materials And Methods
Study area

The study was carried out in twelve sandy beaches which are recreationally important in southern coast
of Sri Lanka (Figure 1). Speci�cations of each beach are given in the Table 1.   

Data collection

Shorelines were delineated from Google Earth Pro software on time series high-resolution satellite
images for aforementioned twelve beaches (Table 1) having three different morphological features
namely convex, concave and straight (Figure 2) representing four beaches for each category. They were
manually digitized referring to the land-water boundary (instantaneous shoreline) under 300 m eye-
altitude (Warnasuriya et al. 2020). Then all the digitized shorelines were saved as Keyhole Markup
Language (KML) �le format. The major reason for the selection of land-water boundary as the
instantaneous shoreline in this study is that this is the most identi�able and convenient line to be
visualized from high-resolution satellite images from Google Earth Pro. 

Table 1. Speci�cation of the delineated shorelines
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Beach Year
range

No. of
shorelines

Approximate
length (m)

Latitude Longitude Beach
morphology

Pareiwella 2003-
2020

14 174 6.022800° 80.800768° Convex

Polhena 2005-
2020

28 177 5.936192° 80.526007° Convex

Galle fort 2002-
2020

23 362 6.024602° 80.219759° Convex

Weligama 2005-
2020

23 400 5.959403° 80.421676° Convex

Ussangoda 2003-
2020

14 716 6.092852° 80.986199° Concave

Dikwella 2006-
2020

16 484 5.960113° 80.684232° Concave

Mirissa 2005-
2020

23 1049 5.944701° 80.459139° Concave

Unawatuna 2002-
2020

26 1272 6.009405° 80.247881° Concave

Hikkaduwa 2003-
2020

22 1108 6.137365° 80.099051° Straight

Kalamatiya 2009-
2019

14 5857 6.085899° 80.953386° Straight

Rekawa 2005-
2020

18 4256 6.044914° 80.843008° Straight

Koggala 2002-
2020

26 4011 5.992579° 80.310814° Straight

Note: Information in this table was derived from Google Earth Pro. Spatial resolution is between 0.31 m to
2.00 m as evident in Warnasuriya et al. 2020.

Data processing

Shorelines in KML format were converted into shape�le (.shp) from ArcGIS 10.5.1 software and saved
them in a personal geodatabase. They were projected in WGS 84 –UTM –zone 44N projection and
ensured the appropriate appending of shorelines in each beach. Date �eld and Uncertainty �eld were
added to the attribute table of each set of shorelines and the data were fed appropriately. Uncertainty was
assumed as zero in this study as this is not a key consideration in this study. But, it is very important to
consider the uncertainty due to georeferencing, tidal effect, wave action and human error due to digitizing
when interpreting coastal geomorphological changes. It was identi�ed that the uncertainty of shoreline
studies using Google earth is about 9.06±3.15 (Warnasuriya et al. 2020). A baseline was created for each
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beach manually at landside to have the best representation of the appended shorelines for each beach.
Then digital transects were cast under 50 different Transect Interval Scenarios (TISs) from 1 m to 50 m
with 1m gap (1 m, 2 m, 3 m, ……..., 50 m) for each beach using DSAS 5.0 tool in ArcGIS 10.5.1 software
(Figure 3). TISs were limited up to 50 m because the smallest beach has the length of 174 m which can
occupy at least two or three transects and when increasing the TISs, number of replicates can be reduced
up to one. Each TIS was then used to calculate SCS for each beach. 

Data analysis 

Data were analyzed using the DSAS 5.0 tool in ArcGIS 10.5.1 software to calculate SCS such as Shoreline
Change Envelope (SCE), Net Shoreline Movement (NSM), End Point Rate (EPR) and Linear Regression
Rate (LRR) for each TIS under each beach (Himmelstoss et al. 2018).   Descriptive statistics such as
Average, Standard Deviation (SD), Maximum (Max.) and Minimum (Min.) values were also calculated for
each TIS under each beach using MS Excel 2016 software. Then the average values of each SCS
(dependent variable) were plotted against the transect interval (independent variable) and subsequently,
the regression analysis was implemented for each beach using MS Excel 2016 software to understand
whether there are clear trends of SCS with the TISs or not. Independent sample T-test was applied to
check whether there is a signi�cant difference of SCS between Most Beach Representative Scenario
(MBRS) and Least Beach Representative Scenario (LBRS) from SPSS 16.0 software. 1 m TIS was
considered as the MBRS assuming the 100% representation of the beach while 50 m TIS was considered
as the LBRS representing 2% of the beach with respect to the MBRS.  Error of the Average Shoreline
Change Statistics (ASCS) in each TIS was calculated with respect to the ASCS of MBRS (reference value
in the error estimation) for each beach (Eq. (1)) and this error was named as Transect Interval Error (TIE).
Note that when the reference value is a plus value, overestimations are denoted by plus values while
underestimations are denoted by minus values in the results derived from the Eq. 1. But, when the
reference value is a minus value, overestimations are denoted by minus values while underestimations
are denoted by plus values in the results derived from the Eq.1.

Where, Xi is the ASCS (SCE or NSM or EPR or LRR) in ith TIS and X is the ASCS of MBRS which is the
reference value in this error estimation.  

This error (TIE) was also plotted against the transect interval to understand the pattern of error change
with the increasing of TISs.  The descriptive statistics were also calculated to estimate Average, SD, Max.
and Min. values of the error in each beach. One-Way ANOVA statistical test was applied in SPSS 16.0
software to check whether there is a signi�cant difference in TIE of ASCS among the beaches with and
without considering the beach morphology. Null hypothesis in this regard is ‘there is no any signi�cant
difference in TIE among beaches in terms of ASCS’ and the alternative hypothesis is the opposite of that.
Further, the average TIE of each ASCS were compared under �ve different scenarios namely, �rst 10 m,
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�rst 20 m, �rst 30 m, �rst 40 m and �rst 50 m to understand the best transect interval range to be selected
in transect based shoreline change analysis. Flow chart of the methodology is given in Figure 4.     

Results And Discussion
Average Shoreline Change Statistics (ASCS) showed that some �uctuations were observed under
different Transect Interval Scenarios (TISs) with respect to the Most Beach Representative Scenario
(Table 2). Changing patterns of the ASCS; SCE (Figure 5), NSM (Figure 6), EPR (Figure 7), LRR (Figure 8)
against the TIS are different among beaches and they are unpredictable. Regression values of each
graph (Figure 5-8) also tells us that there are no any de�nite trends of ASCS (R2 < 0.5).

Table 2. ASCS of MBRS as the reference value used in the error estimation for each beach 

Beach SCE (m) NSM (m) EPR (m/year) LRR (m/year)

Pareiwella 35.15±8.99 0.05±7.5 0.003±0.46 -0.47±0.37

Polhena 28.87±5.77 1.35±13.95 0.09±0.93 0.0004±0.92

Galle Fort 12.52±4.16 1.25±4.62 0.07±0.26 0.18±0.37

Weligama 37.78±14.36 28.2±25.45 1.98±1.79 1.16±1.22

Ussangoda 17.09±4.53 -2.19±5.94 -0.13±0.35 0.12±0.33

Dikwella 13.36±2.83 -5.59±3.17 -0.39±0.22 -0.29±0.2

Mirissa 38.71±8.01 2.7±8.01 0.18±0.53 0.07±0.17

Unawatuna 50.56±8.51 15.8±13.87 0.89±0.78 1.88±0.82

Hikkaduwa 27.27±7.23 -8.31±12.14 -0.49±0.72 -0.3±0.76

Kalamatiya 46.83±13.15 17.03±21.54 1.77±2.24 0.11±1.27

Rekawa 39.04±12.81 4.64±30.47 0.31±2.17 0.17±1.18

Koggala 50.83±18.44 -7.48±10.09 -0.42±0.57 0.09±0.64

Note: Minus values are erosions and plus values are accretions 

Overall, the scatter plots (Figure 5-8) show that when increasing transect intervals, dispersion of the ASCS
values is also increased. But, there are many cases showed almost similar values at the tail end of the
TISs with respect to the MBRS. This indicates that transect interval doesn’t always in�uence on ASCS in
small beaches in a similar way. Interestingly, it was further observed that some beaches such as
Pareiwella (Figure 6a, 7a) and Polhena (Figure 6b, 7b, 8b) had both positive (accretion) and negative
(erosion) values of NSM, EPR and LRR for different TISs. This situation can mislead the interpretation
when describing the overall status of beach in terms of accretion or erosion. However, the descriptive
statistics (Table 3 and 4) showed that the measure of dispersion (such as SD and range) of the SCS is
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negligible for almost all the beaches with slight exceptions in Pareiwella, Polhena and Weligama beaches
at times. This was further proved by the independent sample T-test (Table 5) as there was no any
signi�cant difference (P > 0.05) between the MBRS and the LBRS in each beach.  In terms of beach
physical processes, all the beaches can be considered as re�ective beaches representing high (Pareiwella,
Ussangoda, Dikkwella, Kalamatiy and Rekawa) and moderate (Polhena, Galle Fort, Weligama, Mirissa,
Unawatuna, Hikkaduwa and Koggala) energy zones according to the Sri Lankan wave climate. High
energy zone is de�ned as the places where the wave height is from 0.6 m to 3.5 m while the moderate
energy zone having the wave height from 0.3 m to 3.3 m (Survey Department of Sri lanka 2007).  Tide
variation for all the beaches are between 0.4 m and 0.6 m. 

Table 3. Descriptive statistics for SCE and NSM in each beach

Beach SCE (m) NSM (m)

Mean SD Max. Min. Mean SD Max. Min.

Paraiwella 36.24 4.61 47.98 29.08 -0.75 3.62 3.48 -10.23

Polhena 29.47 1.47 33.19 26.84 1.39 1.43 5.54 -1.85

Galle fort 12.58 0.37 13.85 11.83 1.54 0.42 2.89 0.92

Weligama 38.07 2.40 44.89 34.00 28.33 2.78 34.96 20.36

Ussangoda 17.05 0.24 17.78 16.27 -1.71 0.25 -0.91 -2.33

Dikwella 13.37 0.17 13.86 12.94 -5.65 0.25 -5.11 -6.63

Mirissa  38.65 0.25 39.42 37.94 2.66 0.16 3.16 2.29

Unawatuna 50.53 0.19 50.93 49.98 15.76 0.19 16.13 15.03

Hikkaduwa 27.35 0.27 28.43 26.93 -8.33 0.32 -7.53 -9.11

Kalamatiya 46.73 0.50 47.68 45.05 17.11 0.45 18.40 15.97

Rekawa 38.43 0.52 39.76 36.26 -4.77 1.09 -0.25 -7.09

Koggala 50.85 0.14 51.29 50.53 -7.45 0.13 -7.15 -7.78

Note: Minus values are erosions and plus values are accretions 

Table 4. Descriptive statistics for EPR and LRR in each beach
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Beach EPR (m) LRR (m)

Mean SD Max. Min. Mean SD Max. Min.

Paraiwella -0.05 0.22 0.21 -0.63 -0.45 0.13 -0.2 -0.69

Polhena 0.09 0.09 0.37 -0.12 -0.02 0.09 0.27 -0.21

Galle fort 0.09 0.029 0.169 0.05 0.20 0.02 0.28 0.17

Weligama 1.99 0.19 2.45 1.43 1.16 0.13 1.45 0.82

Ussangoda -0.001 0.0005 0 -0.003 -0.001 0.0004 0 -0.002

Dikwella -0.40 0.02 -0.36 -0.47 -0.29 0.009 -0.26 -0.31

Mirissa  0.18 0.01 0.21 0.15 0.07 0.008 0.08 0.05

Unawatuna 0.89 0.01 0.91 0.85 1.87 0.01 1.89 1.85

Hikkaduwa -0.49 0.02 -0.44 -0.54 -0.30 0.02 -0.25 -0.35

Kalamatiya 1.78 0.05 1.92 1.66 0.10 0.03 0.17 0.01

Rekawa -0.33 0.08 -0.02 -0.50 -0.23 0.03 -0.08 -0.31

Koggala -0.42 0.007 -0.40 -0.44 0.10 0.005 0.12 0.09

Note: Minus values are erosions and plus values are accretions 

Table 5. Independent sample T-test signi�cant values (P) between 1m and 50m scenarios
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Beach SCE NSM EPR LRR

Paraiwella 0.054 0.066 0.067 0.529

Polhena 0.823 0.812 0.81 0.767

Galle fort 0.803 0.587 0.591 0.885

Weligama 0.965 0.865 0.864 0.818

Ussangoda 0.713 0.892 0.889 0.987

Dikwella 0.984 0.989 0.998 0.961

Mirissa  0.953 0.963 0.964 0.81

Unawatuna 0.788 0.974 0.972 0.94

Hikkaduwa 0.874 0.868 0.864 0.901

Kalamatiya 0.973 0.767 0.767 0.708

Rekawa 0.92 0.827 0.82 0.864

Koggala 0.95 0.767 0.772 0.906

However, TIE of the ASCS revealed that under some TISs there were small overestimations while there
were small underestimations in the other TISs (Table 6). 

Table 6. Average TIE within 50 m TISs in each beach   
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Beach SCE (m) NSM (m) EPR (m/year) LRR (m/year)

Pareiwella 1.09±4.61 -0.8±3.62 -0.05±0.22 0.02±0.13

Polhena 0.6±1.47 0.05±1.43 0.003±0.09 -0.03±0.09

Galle Fort 0.05±0.38 0.29±0.42 0.02±0.02 0.02±0.02

Weligama 0.29±2.4 0.14±2.78 0.009±0.19 0.005±0.13

Ussangoda -0.04±0.24 4.3E-06±0.3 0.0003±0.02 0.0003±0.01

Dikwella 0.01±0.17 -0.06±0.24 -0.004±0.02 -0.002±0.009

Mirissa -0.06±0.25 -0.03±0.16 -0.002±0.01 -0.002±0.008

Unawatuna -0.03±0.19 -0.05±0.19 -0.003±0.01 -0.002±0.01

Hikkaduwa 0.08±0.27 -0.02±0.32 -0.001±0.02 -0.00074±0.02

Kalamatiya -0.095±0.5 0.078±0.45 0.008±0.05 -0.0047±0.03

Rekawa 0.014±0.25 -0.04±0.32 -0.003±0.02 -0.002±0.01

Koggala 0.03±0.14 0.03±0.13 0.001±0.007 0.002±0.005

Table 7. Average TIE within 50 m TISs in each beach morphology 

Beach SCE (m) NSM (m) EPR (m/year) LRR (m/year)

Convex 0.51±0.45 -0.08±0.49 -0.005±0.03 0.005±0.02

Concave -0.03±0.03 -0.04±0.03 -0.002±0.002 -0.002±0.001

Straight 0.008±0.08 0.01±0.05 0.001±0.005 -0.001±0.003

Out of all beaches, Pareiwella beach had the most uncertainty in shoreline change analysis with average
TIE values; 1.09±4.61 m, -0.8±3.62 m, -0.05±0.22 m/year and 0.02±0.13 m/year for SCE, NSM, EPR and
LRR respectively while the least uncertainty is varied among the beaches with respect to ASCS (Table 6).
When the beach morphology is considered, it was identi�ed that the highest average TIE was given by the
convex-beach while the lowest of that is given by the straight-beach (Table 7).  The highest
overestimation of SCE was observed in Pareiwella beach (12.83 m) under the transect interval 50 m while
the lowest overestimation was also observed in Pareiwella beach (0.0007 m) under the transect interval 2
m. The highest underestimation of SCE was also observed in Pareiwella beach (-6.06 m) under the
transect interval 30 m while the lowest underestimation was observed in Unawatuna beach (-0.00025 m)
under the transect interval 10 m (Figure 9; Table 8). 

Table 8. Overestimation and underestimation of SCE in each beach
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Beach Max.
overestimation

Max.
underestimation

Min.
overestimation

Min.
underestimation

Pareiwella 12.83 -6.06 0.000704 -0.2139

Polhena 4.31 -2.035 0.010118 -0.00912

Galle Fort 1.32 -0.69 0.00695 -0.00355

Weligama 7.11 -3.77 0.036059 -0.13581

Ussangoda 0.68 -0.82 0.005005 -0.02676

Dikwella 0.5 -0.41 0.001055 -0.00791

Mirissa 0.71 -0.76 0.01002 -0.0083

Unawatuna 0.36 -0.58 0.00518 -0.00025

Hikkaduwa 1.16 -0.34 0.004045 -0.00225

Kalamatiya 0.85 -1.77 0.017258 -0.00613

Rekawa 0.67 -0.85 0.002372 -0.0072

Koggala 0.46 -0.3 0.000971 -0.00091

The highest overestimation of NSM was observed in Weligama beach (6.75 m) under the transect interval
34 m while the lowest overestimation was observed in Rekawa beach (0.00016 m) under the transect
interval 3 m. The highest underestimation of NSM was observed in Pareiwella beach (-10.27 m) under the
transect interval 50 m while the lowest underestimation was observed in Koggala beach (0.000171 m)
under the transect interval 2 m (Figure 9; Table 9). 

Table 9. Overestimation and underestimation of NSM in each beach
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Beach Max.
overestimation

Max.
underestimation

Min.
overestimation

Min.
underestimation

Pareiwella 3.43 -10.27 0.138417 -0.11632

Polhena 4.19 -3.19 0.016078 -0.09402

Galle Fort 1.64 -0.33 0.005542 -0.01317

Weligama 6.75 -7.83 0.049536 -0.07129

Ussangoda -0.97 0.67 -0.00709 0.008869

Dikwella -1.03 0.47 -0.00075 0.000937

Mirissa 0.46 -0.40 0.001549 -0.00095

Unawatuna 0.32 -0.78 0.003911 -0.00052

Hikkaduwa -0.79 0.78 -0.002 0.001003

Kalamatiya 1.37 -1.06 0.016104 -0.00165

Rekawa 0.91 -0.80 0.00016 -0.0039

Koggala -0.30 0.32 -0.00047 0.000171

The highest overestimation of EPR was observed in Weligama beach (0.47 m/year) under the transect
interval 34 m while the lowest overestimation was observed in Koggala beach (-4.9x 10-5 m/year) under
the transect interval 2 m The highest underestimation of EPR was observed in Pareiwella beach (-0.62
m/year) under the transect interval 50 m while the lowest underestimation was observed in Dikwella
beach (6.91 x 10-5 m/year) under the transect interval 2 m (Figure 10; Table 10). 

Table 10. Overestimation and underestimation of EPR in each beach
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Beach Max.
overestimation

Max.
underestimation

Min.
overestimation

Min.
underestimation

Pareiwella 0.21 -0.62 0.0083 -0.00842

Polhena 0.28 -0.21 0.000686 -0.00637

Galle Fort 0.09 -0.01 0.000274 -0.00164

Weligama 0.47 -0.54 0.002952 -0.00505

Ussangoda -0.05 0.04 -0.0003 0.000487

Dikwella -0.07 0.03 -0.00013 6.91E-05

Mirissa 0.03 -0.02 0.000314 -0.00026

Unawatuna 0.01 -0.04 0.00028 -9.5E-05

Hikkaduwa -0.046 0.04 -0.00033 0.0007

Kalamatiya 0.14 -0.11 0.00155 -0.00017

Rekawa 0.06 -0.05 0.000122 -0.00031

Koggala -0.01 0.01 -4.9E-05 0.000103

The highest overestimation of LRR was observed in Weligama beach (0.29 m/year) under the transect
interval 34 m while the lowest overestimation was observed in Koggala beach (2.64 x 10-5 m/year) under
the transect interval 7 m.  The highest underestimation of LRR was observed in Weligama beach (-0.34
m/year) under the transect interval 36 m while the lowest underestimation was observed in Unawatuna
beach (1.3 x 10-5 m/year) under the transect interval 26 m (Figure 10; Table 11). 

Table 11. Overestimation and underestimation of LRR in each beach 
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Beach Max.
overestimation

Max.
underestimation

Min.
overestimation

Min.
underestimation

Pareiwella -0.21 0.27 -0.00453 0.001043

Polhena 0.26 -0.21 0.004608 -0.00451

Galle Fort 0.09 -0.01 0.000341 -8.4E-05

Weligama 0.29 -0.34 0.003408 -0.00158

Ussangoda 0.04 -0.04 0.000482 -5.4E-05

Dikwella -0.02 0.02 -8.7E-05 1.42E-05

Mirissa 0.011 -0.02 7.81E-05 -0.00011

Unawatuna 0.01 -0.02 0.000502 -1.3E-05

Hikkaduwa -0.04 0.04 -0.00163 0.000303

Kalamatiya 0.06 -0.09 0.000274 -0.00045

Rekawa 0.03 -0.05 0.000375 -0.00089

Koggala 0.02 -0.0068 2.64E-05 -6.4E-05

According to the One-Way ANOVA test, there was a signi�cant difference (P < 0.05) in the TIE of SCE
while there was no any signi�cant difference (P > 0.05) in the TIE of NSM, EPR and LRR among all the
beaches without morphological consideration (all the beaches were simultaneously considered). It was
identi�ed that there was no any signi�cant difference (P > 0.05) in the TIE of ASCS (SCE, NSM, EPR and
LRR) in convex (Pareiwella, Polhena, Galle Fort and Weligama) and concave (Ussangoda, Dikwella,
Mirissa and Unawatuna) morphologies. Although, the TIE of the ASCS such as NSM, EPR and LRR in
Straight beaches had no signi�cant difference (P > 0.05), there was a signi�cant difference (P < 0.05) in
TIE of SCE among the beaches represent the straight (Hikkaduwa, Kalamatiya, Rekawa and Koggala)
morphology (Table 12).  

Table 12. Results of the ANOVA test for TIE difference among beaches under different scenarios
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Individual beach as one category

Statistics P-
value

Signi�cance Null
hypothesis

Categories used in ANOVA test 

SCE 0.006 Different Reject Pareiwella, Polhena, Galle Fort, Weligama,
Ussangoda, Dikwella, Mirissa, Unawatuna,
Hikkaduwa, Kalamatiya, Rekawa, Koggala NSM 0.065 No Accept

EPR 0.118 No Accept

LRR 0.57 No Accept

Beach morphology as one category

SCE 0.001 Different Reject Convex, Concave, Straight 

NSM 0.807 No Accept

EPR 0.795 No Accept

LRR 0.51 No Accept

Individual beach in one morphological feature as one category

SCE 0.251 No Accept Convex (Pareiwella, Polhena, Galle Fort,
Weligama)

NSM 0.104 No Accept

EPR 0.143 No Accept

LRR 0.107 No Accept

SCE 0.429 No Accept Concave (Ussangoda, Dikwella, Mirissa,
Unawatuna)

NSM 0.604 No Accept

EPR 0.514 No Accept

LRR 0.597 No Accept

SCE 0.044 Different Reject Straight (Hikkaduwa, Kalamatiya, Rekawa,
Koggala) 

NSM 0.27 No Accept

EPR 0.214 No Accept

LRR 0.397 No Accept

 However, the TIE was extremely low within the �rst 10m (Table 13-15) TISs while the error rapidly
�uctuates when increasing the TISs in all the beaches for all ASCS (Figure 9-10). But, it was further
observed that in some beaches under some ASCS, there were very close results between the MBRS and
the LBRS as represents in Figure 5d, 5f, 5g, 5i, 6d, 6f, 7d, 7f, 8d, 8f, 8k, 8l etc. 

Table 13. Average TIE of the �rst 10 m to �rst 50 m scenarios. 
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Scenario SCE NSM EPR LRR

First 10 m 0.018±0.032 -0.015±0.081 -0.00094±0.005 -0.001±0.005

First 20 m 0.024±0.113 0.051±0.14 0.0038±0.01 0.001±0.007

First 30 m 0.043±0.121 0.042±0.127 0.003±0.009 0.001±0.006

First 40 m -0.025±0.22 0.065±0.209 0.004±0.013 -0.001±0.009

First 50 m 0.162±0.349 -0.035±0.26 -0.0019±0.016 0.0006±0.011

Table 14. Average TIE within �rst 10 m TISs in each beach  

Beach SCE (m) NSM (m) EPR (m/year) LRR (m/year)

Pareiwella 0.05±0.34 -0.05±0.51 -0.003±0.03 -0.005±0.01

Polhena 0.04±0.13 -0.24±0.33 -0.02±0.02 -0.02±0.02

Galle Fort 0.006±0.05 0.001±0.05 7.83E-05±0.002 0.0005±0.003

Weligama 0.1±0.35 0.12±0.41 0.008±0.03 0.006±0.02

Ussangoda -0.015±0.05 0.014±0.02 0.00096±0.002 0.00097±0.001

Dikwella -0.00094±0.02 -0.002±0.01 -0.00012±0.001 4.17E-06±0.0008

Mirissa 0.011±0.05 -0.019±0.03 -0.0013±0.002 -0.00039±0.001

Unawatuna 0.014±0.02 0.014±0.03 0.0008±0.002 0.00086±0.002

Hikkaduwa 0.015±0.04 -0.03±0.08 -0.002±0.005 -0.0018±0.004

Kalamatiya -0.011±0.05 0.015±0.03 0.002±0.003 -0.003±0.005

Rekawa -0.004±0.03 -0.008±0.06 -0.00051±0.005 0.0006±0.002

Koggala 0.007±0.02 0.004±0.008 0.0002±0.0005 0.0003±0.0004

Table 15. Average TIE within �rst 10 m TISs in each beach morphology 

Beach SCE (m) NSM (m) EPR (m/year) LRR (m/year)

Convex 0.05±0.04 -0.04±0.15 -0.003±0.01 -0.004±0.01

Concave 0.002±0.01 0.002±0.02 9.15E-05±0.001 0.0004±0.0007

Straight 0.002±0.01 -0.006±0.02 -0.0002±0.002 -0.0008±0.002

Although the errors are very low, when giving the overall status of the beach, it should be always used one
of the better beach representative scenarios (1 m to 10 m) for highly complex beaches as there is a risk of
misinterpretation whether the overall beach is subject to erode or accrete as Pareiwella and Polhena
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beaches performed erosion and accretion in different TISs which was already described with respect to
the Figures 6, 7 and 8 earlier. When compare TIE in ASCS among the three different morphological types
of beaches (Table 7,15), it was identi�ed that the TIE is high in the beach having the convex morphology
with special reference to the Pareiwella beach compared to the other two morphological beach types.
Warnasuriya et al. in 2020 found that the Pareiwella beach was drastically in�uenced by the 2004 Indian
Ocean tsunami following a natural recovery up to a certain extent and this was also obvious from the
shoreline distribution shown in Figure 2 for Pareiwella beach. Therefore, this can be the main reason for
having high uncertainty when increasing the TISs. When the shorelines are in�uenced by extreme events
such as tsunami (Ali and Narayana 2015), storms (Fenster, Dolan, and Morton 2001) etc., it is not ideal to
use single baseline for shoreline change analysis as this doesn’t help to cast transects representing the
whole beach due to its heterogeneity. However, this type of issue was mitigated by Warnasuriya et al. in
2020 through zonation to describe the SCS for distinct zones creating different baselines according to the
beach shape and aspect (morphology).

Conclusion
This study revealed that selected transect interval doesn’t in�uence signi�cantly on SCS in transect-based
analysis with centimeter level uncertainties within 1 m to 50 m TISs for the small beaches with
approximate length between 174 m to 5857 m irrespectively its beach morphology. Although the overall
TIE is negligible, there are slight changes of the error of SCS among the three different beach
morphologies. Convex beach performed highest error compared to the other two types namely concave
and straight. Further, the study found that TIE was unpredicted with the increasing of the transect interval
as there are many �uctuations at the tail end. As the result of this, overestimations and underestimations
could be observed at times. Interestingly, the �uctuation of the error is very low within the �rst 10 m TISs.
On the other hand, when comparing the error occurred from transect interval with digitizing error, shifting
error and wave runup error (Warnasuriya et al. 2020), this TIE is negligible. But, when the error increased
with the beach complexity, it is better to incorporate this error in shoreline change analysis to calculate
the uncertainty. Although, 1 m is the MBRS, any transect interval can be selected between 1m to 50m for
SCS giving the uncertainty. If the beach is highly complexed, it is better to select the transect interval
within �rst 10m. This depends upon the required accuracy and the e�ciency of the study. Normally, when
processing large number of transects in DSAS, it takes more time to complete the calculation. Therefore,
in big data analysis, this should be a key consideration. As far as the beach length is concerned, for long
beaches it is possible to use transect intervals higher than 1m depending upon its complexity. However, it
is important to implement a proper study to understand the shoreline complexity and develop relationship
between TIE and shoreline complexity. Further, the in�uence of manually created baseline for transect
orientation and SCS should also be evaluated in future studies. When giving the overall status of highly
dynamic beaches in terms of erosion and accretion, it is better to use one of the TISs less than 10m.
Findings of this study would be useful for the researchers when selecting the transect interval in shoreline
studies in both computer-based and �eld-based analysis. Finally, the study would like to suggest to go for
an integrated approach including transect-based, area-based (Anfuso et al. 2016) and volume-based
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analyses, when carrying out comprehensive studies to interpret the beach dynamism by incorporating the
shoreline uncertainty calculated from remote sensing, GIS and �eld survey technologies (Zagórski,
Jarosz, and Superson 2020).
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Figure 1

Study area
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Figure 2

Beach morphology and shoreline distribution patterns 

Note: Most appropriate shape under full extent was used to classify beaches through visual interpretation
on high-resolution satellite images on Google Earth Pro 
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Figure 3

Shorelines, baseline and transects arrangement (example)
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Figure 4

Flow chart of the methodology
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Figure 5

Average SCE against TISs for each beach
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Figure 6

Average NSM against TISs for each beach
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Figure 7

Average EPR against TISs for each beach
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Figure 8

Average LRR against TISs for each beach
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Figure 9

TIE against TIS (SCE and NSM)
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Figure 10

TIE against TIS (EPR and LRR)


