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ABSTRACT 

 

Understanding the dynamics of the relationship between shoreline change 

and mangrove forest cover change is important for a foundation in 
mangrove and coastal forest management. The study aimed to analyze 

multitemporal changes in mangrove cover and shoreline in coastal areas 

and to investigate the correlation between these changes from 2011 to 
2024. The research used remote sensing data to derive mangrove cover 

changes and detect shoreline changes from Landsat images acquired in 

2011, 2015, 2019, and 2024. Land cover changes were examined using the 

operational land imager sensor, bands 3 and 6 of Landsat 8 images and 
bands 2 and 5 of Landsat 5 images, and shoreline changes were measured 

using the digital shoreline analyses system (DSAS). The result showed a 

reduction of 580.07 ha (26.48%) in mangrove cover area over eight years 
(2011‒2019), followed by an increase of about 1,931.59 ha (54.54%) in 

2024. Low abrasion (0.01‒108.41 m) and low accretion (0–106.78 m) per 

four-year interval dominate in shoreline change. However, the Pearson 
correlation showed a moderate but non-significant association between 

changes in mangrove cover and shoreline changes (r = 0.307, p = 0.266). 

These results demonstrate that the correlation between mangrove cover 

change and shoreline change is non-linear, suggesting that shoreline 
change is affected not only by mangrove change but also by various other 

factors, including sedimentation events. It indicates that additional factors, 

including geomorphological dynamics, significantly influence mangrove 
forest dynamics.  

 

1. Introduction 

Indonesia is an archipelago that sits between the Asian continent and Australia, as well as 

the Pacific and Indian Oceans. Indonesia is an archipelagic country with 99,093 km of coastline 

(BPS 2016). This coastline is a transition zone between land and sea that changes shape and 

location over time (Nath et al. 2021). Dense vegetation, especially mangroves, can protect land 

from storms, waves, abrasion, and tsunamis (Zaitunah et al. 2018). Coastal ecosystems are still 

under stress and disturbance from both natural and human activities, in any case (Lovelock and 

https://doi.org/10.23960/jsl.v14i1.1259
https://sylvalestari.fp.unila.ac.id/
file:///D:/Mia%20Putri%20Utami,%20S.T.,%20M.Ling/JSL/Other/Template%20and%20Notes/samsuri@usu.ac.id
https://creativecommons.org/licenses/by-nc/4.0/
https://creativecommons.org/licenses/by-nc/4.0/
https://orcid.org/0000-0003-4377-6653
https://orcid.org/0000-0002-7131-1397
https://orcid.org/0009-0002-5496-9987
https://orcid.org/0000-0002-2051-2498
https://orcid.org/0009-0001-8652-4352


Samsuri et al. (2026)   Jurnal Sylva Lestari 14(1): 160-178 

 

 161 

Brown 2019), this results in changes to vegetation cover and coastal areas, either in the form of 

abrasion (i.e., erosion or loss of land) and accretion (i.e., sediment deposition or land expansion) 

of coastal areas. 

The North Sumatra coast is one of the coastal areas experiencing pressures from human 

population growth and the expansion of oil palm plantations (Zaitunah 2019). It includes the 

coastal areas in Labuhanbatu regency, located in the eastern part of the province. It is important to 

understand the dynamics of coastal areas by measuring shoreline changes, which is necessary for 

managing them (Mishra et al. 2020). The coastal region, vital to state and community income, is 

under immense pressure from human activities such as settlements and industry, leading to 

significant changes (Lubis et al. 2017).  

Detection and monitoring of shoreline changes are essential for assessing potential hazards 

in coastal areas (Armenio et al. 2019; Baig et al. 2020), as they are important considerations when 

making decisions and developing management strategies for coastal areas as soon as possible and 

as precisely as possible. In this regard, the remote sensing technology can provide fast and accurate 

information to support management strategies (Iskandar et al. 2024), to mitigate anthropogenic 

impact in coastal areas (Kennish 2022), and to make the best management decisions through the 

integration of biophysical and socio-economic data in coastal management (Arfan et al. 2023; 

Mishra et al. 2020). Land use patterns are influenced by socio-cultural conditions and economic 

factors, leading to changes in land use for economic activities, particularly in developing countries 

like Indonesia. 

However, most previous studies focus primarily on periods of continuous mangrove loss and 

shoreline retreat (Goldberg et al. 2020). In contrast, long-term analyses that capture both 

degradation and recovery phases of mangrove ecosystems remain limited. Many other studies 

describe the spatial relationships between mangrove distribution and shoreline change, but do not 

statistically test their strength and significance over long time periods (Nguyen et al. 2015). 

Therefore, they cannot adequately illustrate the potential influence of other controlling factors, 

such as large-scale sediment accretion, hydrodynamic processes, and anthropogenic activities, 

because these factors have not been identified, particularly on sediment-dominated and muddy 

shorelines such as those along the east coast of Sumatra. 

Furthermore, Landsat satellite observations before 2019 (about 27 years) revealed rapid 

mangrove expansion following extensive accretion events, which were rarely incorporated into 

mangrove shoreline studies (Macreadie et al. 2023; Zhai et al. 2019). The knowledge gap regarding 

whether mangrove recovery primarily drives shoreline accretion or, conversely, is a response to 

the geomorphological processes that initially created suitable substrate for mangrove formation is 

a question this study must address. Therefore, the non-linear relationship between mangrove cover 

change and shoreline dynamics is examined in a coastal mangrove ecosystem. Therefore, this 

study analyzes multitemporal changes in land use and land cover (LULC), particularly mangrove 

forests, and shoreline position in the coastal area of Labuhanbatu Regency, North Sumatra. This 

study also identifies changes in mangrove cover using Landsat imagery from 2011, 2015, 2019, 

and 2024; analyzes shoreline change rates using the Digital Shoreline Analysis System (DSAS); 

and evaluates the statistical relationship between changes in mangrove cover and shoreline 

dynamics. The findings are expected to contribute to a better understanding of non-linear 

mangrove–shoreline interactions and to provide scientific support for coastal management and 

mangrove restoration strategies in sediment-dominated tropical coastal environments. 
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2. Materials and Methods 

2.1. Research Location 

The research was conducted in the coastal area of Labuhanbatu Regency, North Sumatra 

Province, Indonesia (Fig. 1). Data analysis was conducted at the Forest Management Laboratory, 

Faculty of Forestry, Universitas Sumatera Utara. The data analysis stage for the image and map is 

shown in the flowchart (Fig. 2). 

 
Fig. 1. Map of the research site in Labuhanbatu regency, North Sumatra Province, Indonesia. 

 

2.2. Tools and Materials 

The tools employed included data collection tools and data analysis tools. The data collection 

tools were a global positioning system (GPS), a digital camera, a tally sheet, and a roll meter. 

ArcGIS 10.8 and Er Mapper 7.0 were used to process and analyze satellite imagery data. The 

materials used were ground check data, Landsat images, and an administrative map. 

 

2.3. Data Collection  

Primary data were collected through on-site verification, while secondary data were obtained 

from government agencies (Geospatial Information Agency, Indonesia) and from Landsat Level 1 

images from 2011, 2015, 2019, and 2024 (Table 1). Other Landsat images, such as those from 

Landsat 7 in 2011, were excluded because they contain a significant amount of cloud cover (more 

than 20%), making them unsuitable for optimal analysis. Additionally, the Landsat images were 

geometrically and radiometrically corrected and then cropped.  
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Fig. 2. Imagery and spatial analysis flowchart. 

 

Table 1. Properties and date of acquisition were used in the research 

Landsat type Date acquisition Time acquisition Elevation Azimuth 

Landsat 8 2019-09-05 03:34:59.20 63.64187455 80.17286112 

 2015-04-19 03:34:09.23 62.49412011 71.45895115 

 2024-07-24 09:29:37.00 57.62996177 56.43202731 

Landsat 5 2011-02-19 03:24:45.07 54.66628712 114.47696773 

 

Geometric correction improves image accuracy by restoring pixel locations on Earth's 

surface, while radiometric correction adjusts pixel values influenced by atmospheric conditions. 

Image cropping focuses on boundaries and simplifies analysis. This study uses multi-temporal 

Landsat imagery, so radiometric correction is required. Images of higher quality (year 2015) are 

used as references for radiometric corrections. The PIF pixel values in the target and reference 

images were analyzed using simple linear regression for each spectral band, as recommended by 

Schott et al. (1988), which has become a reference in recent multi-temporal remote sensing studies 

(Canty and Nielsen 2019; Wu et al. 2018; Syariz et al. 2019). Multi-temporal Landsat imagery 

radiometric correction using the multiple date image normalization (MDIN) method based on 

pseudo-invariant features (PIF). Radiometric correction aims to correct pixel values to their true 

values and typically considers atmospheric disturbance factors as the main source of error (Zhu et 

al. 2015), since Landsat records exhibit varying radiometric interference. Objects that have not 

changed are deep water bodies, bare soil, and building roofs (Wu et al. 2018). This approach is 

widely used in coastal change analysis because it does not require field atmospheric data and is 

effective for long-term multi-temporal studies (Chen et al. 2022). The normalized images were 
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then used for shoreline extraction and analyzed using the digital shoreline analysis system (DSAS) 

to quantitatively calculate the direction and rate of coastal abrasion and accretion (Himmelstoss et 

al. 2018; Himmelstoss et al. 2021). 

 

2.4. Data Analysis 

2.4.1. Land cover of the coastal area 

Three-band images (6, 5, 4) of Landsat 8 and (5, 4, 3) of Landsat 5 were composited to make 

the new composition easier to interpret. A composite band is a process of combining bands in an 

image to simplify remote sensing processing. The composite bands used to identify LULC classes 

were 6, 5, and 4 of Landsat 8 and 5, 4, and 3 of Landsat 5, because these bands have high 

reflectance values for vegetation, water, and bare land. Supervised classification is a process for 

obtaining various land classifications by characterizing classes using a known sample of pixels 

created within a training area. In this study, the maximum likelihood method was used in ArcGIS 

10.8 because it can quantitatively assess spectral response variance and correlation when 

classifying unknown pixels. The accuracy test was conducted to determine the error rate in the 

sample area classification process by comparing satellite image classifications with field data. If 

the accuracy test value exceeds 85% of Kappa’s accuracy, the results can be used. 

 

2.4.2. Delineation of water and land boundaries 

The determination of water and land boundaries was carried out using the ratio formula. 

Rationing is used to compare the brightness value of images. This ratio value can distinguish fine 

wetlands and detect different types of water bodies (Acharya et al. 2016; Jensen 1986). Brightness 

values are increasingly relevant in imaging functions and computer capabilities due to their utility, 

contextual relevance, and ease of normalization. The brightness value is very important for 

detecting shoreline changes because it enables more effective data measurement and analysis than 

the reflectivity value. For ease of measurement, high-contrast difference, change detection, and 

analysis, brightness values are preferred (Kumar and Mutanga 2017; Cheng et al. 2024), and they 

also improve accuracy (Li et al. 2020). Topographic conditions, shadows, or seasonal changes 

affect brightness values (BV), or the level of imaging brightness at a given location, as calculated 

using Equation 1. 

BV𝑖𝑗𝑟 =
BV𝑖𝑗𝑘

BV𝑖𝑗𝑙
  (1) 

where BVijr is the output ratio in row ‘i’ column ‘j’, BVijk is the BV at the exact location as the band 

6, and BVijl is the BV in bands 3, 6.  

The rationing process was performed using Er Mapper 7.0. The resulting rationing data were 

digitized to delineate water and land areas. To distinguish water and land areas in the rationing 

process, the processing used Landsat 8 imagery in bands 6 and 3, and Landsat 5 imagery in bands 

5 and 2. 

 

2.4.3. Calculation of coastline change 

Shoreline change was calculated using the digital shoreline analysis system (DSAS) software 

(Baig et al. 2020; Himmelstoss et al. 2018; Sebat and Salloum 2018). The statistical method used 

to analyze the endpoint rate (EPR) is described by Baig et al. (2020) and Ghosh and Mistri (2021). 
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EPR calculates shoreline changes by dividing the distance between the oldest and most recent 

shorelines over a period of time (Baig et al. 2020). As a baseline, using the 2011 coastline; 

furthermore, comparing with the coastlines in 2015 and 2019, and comparing 2019 with 2024; and 

calculating the rate of coastline change. Field measurements and field examinations to validate the 

results of the calculation of shoreline changes, as well as to ensure the difference in position 

between land and sea. The classification of coastal erosion and accretion levels was performed 

using the K-Means algorithm on the rate of coastal change derived from DSAS for each transect. 

The number of clusters was set to 7 (K = 7), representing high abrasion, moderate abrasion, low 

abrasion, stable (0), low accretion, moderate accretion, and high accretion. The K-Means 

algorithm groups transects based on the similarity of the rate of coastline change, minimizing the 

Euclidean distance to the cluster center (centroid). The iteration process continues until cluster 

membership stabilizes. 

The study calculated changes in coastline length using EPR and produced a map showing 

the magnitude of the shoreline change (y). Overlays of mangrove land-cover maps from different 

years produce a map of mangrove forest change (x). Every change from mangrove forests to non-

mangroves is given a score of 1, and no change (i.e., mangroves remaining) is given a score of 0. 

The map of coastline change is overlaid with a map of mangrove forest change, enabling 

identification of coastal shifts and mangrove forest changes. Variables Y and X were then analyzed 

for correlation using Pearson’s correlation analysis. Pearson's correlation coefficient was used to 

examine the relationship between LULC and coastline change, assuming a normal distribution of 

the data. The formula used is Equation 2 as follows.  

r =
∑ 𝑥𝑦 −  

∑ 𝑥 − ∑ 𝑦
𝑛

√(∑ 𝑥
2

−
(∑ 𝑥)

2

𝑛
)(∑ 𝑦

2
−

(∑ 𝑦)
2

𝑛
)

 (2) 

where r is the correlation, x is the mangrove forest change value, y is the shoreline change, and n 

is the number of samples. 

 

3. Results and Discussion  

3.1. Results 

3.1.1. LULC of the coastal area in 2011, 2015, 2019, and 2024 

Based on 225 points of observation, eight land-cover types were identified in the field: water 

bodies, dry land forests, mangrove forests, built-up areas, bare land, coastal (beach), oil palm 

plantations, and shrubs. The accuracy value of the 2019 LULC classification results using the 

Kappa accuracy method is 89.07%. The accuracy results must meet the USGS requirements, 

specifically an interpretation accuracy of more than 85%. Land-cover maps for 2011, 2015, 2019, 

and 2024 in the coastal area of the Labuhanbatu Regency are shown in Fig. 3.  

Table 2 shows that palm oil plantation cover increased the most from 2011 to 2019, followed 

by dryland forest, built-up area, and water bodies, while beach LULC experienced the largest 

reduction. The LULC category that underwent the most significant expansion in area from 2011 

to 2019 was the built-up area at 71.56%, followed by dryland forest at 69.58%, oil palm plantations 

at 66.63%, and water bodies at 5.94%, while the LULC class that underwent the most significant 

decrease in area from 2011 to 2019 was the beach at 80.37%, followed by shrubs at 30.76%, 
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mangrove forest at 26.48%, and bare land at 18.51 %. The difference lies in LULC during the 

2019‒2024 period, with increases in mangrove forests (54.53%) and coastal areas (80.46%). On 

the other hand, dryland forests (22.13%) and oil palm plants experienced a slight decrease in area 

(0.45%).  

 
(a) 

 
(b) 

 
(c) 

 
(d) 

Fig. 3. LULC maps of the coastal area of Labuhanbatu Regency in: (a) 2011, (b) 2015, (c) 2019, 

and (d) 2024. 

 

Table 2. LULC changes in the coastal area of Labuhanbatu Regency between 2011 and 2024 

No Landcover 
2011-2015 2015-2019 2011-2019 2019-2024 

(ha) % (ha) % (ha) % (ha) % 

1 Waterbody 97.47 2.04 186.78 3.83 284.25 5.94      104.27  2.02 

2 Dryland forest 702.75 21.22 1,601.59 39.9 2,304.34 69.58 -1,017.53  -22.13 

3 Mangrove -186.73 -8.52 -393.34 -19.62 -580.07 -26.48   1,931.59  54.53 

4 Built-up area 687.90 49.06 315.41 15.09 1,003.31 71.56      332.14  12.13 

5 Bare land -1,271.51 -27.65 420.57 12.64 -850.94 -18.51      387.58  9.37 
6 Beach -473.11 -19.77 -1,449.89 -75.53 -1,923.00 -80.37   1,933.86  80.46 

7 Palm oil plantation 1,092.41 16.62 3,286.21 42.88 4,378.62 66.63 -48.94  -0.45 

8 Shrubs 935.49 7.94 -4,560.44 -35.85 -3,624.94 -30.76 -3,625.53  -79.94 
Notes : (+) increase; (-) decrease. 

 

3.1.2. Changes in mangrove forest cover in 2011–2024 

The study reveals that only one LULC, mangrove forest, is directly adjacent to the coastline 

and falls under the authority of the Indonesian Ministry of Forestry. This protected forest surrounds 

the coastal area of Labuhanbatu Regency. Other LULCs include water bodies, dryland forests, 
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built-up areas, bare land, oil palm plantations, beaches, and shrubs. Table 3 presents changes in 

mangrove forest cover and percentage for 2011–2015, 2015–2019, and 2011–2019, while Table 

4 presents changes in the coastal area. The total coastal area in Labuhanbatu Regency is 39,546.59 

ha. Based on Table 4, mangrove forest cover in the area declined from 2011 to 2019, with 

decreases of 8.52% from 2011 to 2015 and 19.62% from 2015 to 2019. Mangrove forest area 

increased by 0.24% between 2011 and 2015, while the largest increase occurred from 2019 to 2024 

at 1,424.90 ha. 

 

Table 3. Area and percentage of mangrove forest cover and non-mangrove forest in the coastal 

area of Labuanbatu Regency 

No LULC 
2011 2015 2019 2024 

(ha) % (ha) % (ha) % (ha) % 

1 Mangrove 2,191.01 5.54 2,004.28 5.07 1,610.94 4.07 3,542.53 8.97 

2 Non-

mangrove 

37,454.28 94.71 37,542.31 94.93 37,935.65 95.93 36,004.05 91.03 

3 Total 39,546.59 100.00 39,546.59 100.00 39,546.59 100.00 39,546.59 100.00 

 

Table 4. Percentage of area changes of mangrove forest and non-mangrove forest in the coastal 

area of Labuhanbatu Regency 

No LULC change 2011-2015 2015-2019 2011-2019 2019-2024 

(ha) % (ha) % (ha) % (ha) % 

1 Mangrove to non-

forest 

-186.73 -8.52 -393.34 -19.62 -580.07 -26.48 -227.33 -14.00 

2 Non-forest to 
mangrove 

88.03 0.24 393.34 1.05 481.37 1.29 1,424.90 3.95 

 

3.1.3. Shoreline change in the eastern coastal Labuhanbatu Regency 

Analysis of coastline changes identified changes over several periods (Table 5). Meanwhile, 

overlaying the map of coastal change with the map of changes in mangrove forest cover shows the 

positions of abrasion and accretion based on mangrove forest cover changes (Table 6). These data 

indicate that mangrove forests tend to promote accretion, or an increase in land area, whereas non-

forested mangrove areas tend to trigger coastal abrasion. 

 

Table 5. Changes in the extent of shoreline abrasion and accretion in the coastal area in 2011, 

2015, 2019, and 2024 

Period (year) Abrasion (ha) Accretion (ha) 

2011‒2015 367.68 520.45 

2015‒2019 214.72 387.88 

2011‒2019 296.12 491.73 
2019‒2024 16.82 1,710.90 

 

Table 6. Overlay the results of LULC change and shoreline change in the coastal area 

No  Landcover change Area (ha) Coastline change Area (ha) 

1 Mangrove – non mangrove 106.64 Abrasion 62.28 

2 Mangrove – mangrove 210.10 Accretion 85.38 

3 Mangrove – mangrove 123.25 Accretion 262.60 
4 Mangrove – mangrove 367.71 Accretion 47.82 

5 Non mangrove – mangrove 187.15 Accretion 8.66 

6 Non mangrove – non mangrove 974.81 Abrasion 103.43 
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No  Landcover change Area (ha) Coastline change Area (ha) 

7 Mangrove – mangrove 348.16 Accretion 34.57 

8 Mangrove – mangrove 363.65 Accretion 69.50 
9 Non mangrove – non mangrove 1,086.62 Abrasion 43.38 

10 Non mangrove – non mangrove 3,306.54 Accretion 46.92 

11 Non mangrove – non mangrove 1,865.41 Accretion 196.78 

12 Non mangrove – mangrove 181.32 Accretion 222.58 
13 Non mangrove – mangrove 199.05 Accretion 13.94 

14 Mangrove – non mangrove 30.94 Abrasion 11.68 

15 Mangrove – non mangrove 64.07 Abrasion 76.28 

 

3.1.4. Mangrove change and shoreline change correlation 

The study analyzed the correlation between shoreline changes and changes in mangrove 

coverage in coastal areas using statistical tests. The Pearson correlation coefficient showed a 

moderate positive relationship, with a value near 0. However, the p-value was 0.266, indicating no 

significant effect of land-cover changes on shoreline changes (Table 7). The distribution of 

mangrove cover change and coastline is illustrated in Fig. 4. 

 

Fig. 4. Mangrove forest coverage change and shoreline change. 

 

Table 7. Pearson correlation result analysis 

Correlations LULC change Shoreline changed 

LULC change Pearson Correlation 1 0.307 

Sig. (2-tailed)  0.266 

N 15 15 

Shoreline changed Pearson Correlation 0.307 1 

Sig. (2-tailed) 0.266  

N 15 15 
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3.2. Discussion 

3.2.1. LULC change of the coastal area in 2011–2015 

The largest increase in the percentage of LULC classes was in the built-up area, at 49.06% 

(Fig. 5a). This is consistent with data from the local government’s central statistics agency, which 

reports that the population in the coastal area of Labuhanbatu Regency, mainly in the Panai Hilir 

District, increased from 35,839 in 2011 to 37,222 in 2019. This population increase will directly 

affect demand for residential areas because human activities (Zonkouan et al. 2022) require land 

for housing (Samsuri et al. 2022). 

 
(a) 

 
(b) 

  
(c) 

  
(d) 

Fig. 5. LULC change percentage of the coastal area between: (a) 2011‒2015, (b) 2015‒2019, (c) 

2011‒2019, and (d) 2019‒2024. 

 

The largest decrease was in bare land, with 27.65%. LULC change between 2011 and 2015 

(Fig. 5a) increased due to the conversion of areas into built-up areas and oil palm plantations, 

affecting mangrove areas (Eddy et al. 2017; Ibharim et al. 2024). Coconut and oil palm plantations 

have emerged as major drivers of mangrove loss, accounting for 18.0% and 4.7% of forest changes 

in Indonesia, respectively (Eddy et al. 2017; Himmelstoss et al. 2018). The trend is also observed 

in Malaysia, where oil palm plantations have encroached upon mangrove areas (Ibharim et al. 

2024). Economic interests and a lack of awareness about the importance of the mangrove 

ecosystem often drive this conversion. Effective conservation requires recognizing mangroves’ 

socio-economic importance and implementing policies that weigh conservation benefits against 

conversion costs (Acharya 2016). 
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3.2.2. LULC change of the coastal area in 2015–2019 

Fig. 5b shows LULC changes from 2015-2019, with oil palm plantations experiencing the 

largest increase of 42.88% due to conversions from other LULC. According to Tatar et al. (2015), 

oil palm plantations can contribute to economic growth by creating jobs and generating income 

for the surrounding communities. The coastal areas experienced a 75.53% decrease due to 

accretion or sedimentation, a process driven by wave- and current-induced shoreline displacement 

into aquatic ecosystems (Anthony et al. 2015; Valderrama-Landeros et al. 2020). According to 

Angkotasan (2017), waves, wind, and tides are key drivers of abrasion and accretion, with waves 

influencing currents and sediment movement, thereby altering the shoreline. 

 

3.2.3. LULC change of the coastal area in 2011–2024 

The study shows that LULC changes between 2011 and 2019 increased or decreased (Fig. 

5c), with the largest increase in built-up areas at 71.56%. This is due to population growth and 

increased demand for limited land resources, leading to competition for land use and changes in 

development to meet population needs and improve living standards. The coastal area experienced 

the largest decrease in LULC area, with 80.37%, due to accretion processes. This increase in land 

area is influenced by waves, ocean currents, and geological factors (Nikolakopoulos et al. 2019). 

Case studies from Popoh Beach, East Java, demonstrate significant accretion from 2015‒2021, 

totaling 18.79 ha of land gain, with sand and clay sediment types dominating over abrasion 

processes despite an average wave energy of 1.5 kW/m per year (Miranda et al. 2023). Conversely, 

in Padang Pariaman, geological factors, including lithology, rock type, and topography, combined 

with climate variables such as rainfall and temperature, account for 62% of coastline change, with 

abrasion as the dominant process (Maulana and Prarikeslan 2024). Similarly, excessive accretion 

can harm coastal communities, ecosystems, and river mouths, as accretion processes occur in 60% 

of the Amapá Coastal Zone, affecting 14 of the 20 villages under observation and causing 

infrastructure damage and further saltwater incursion (Baia and Junior 2025). 

Mangrove forests in Indonesia are being significantly reduced by human activities, including 

logging, primarily for aquaculture, plantations, agriculture, settlements, infrastructure 

development, and firewood (Cahyaningsih et al. 2022; Richards and Friess 2016). It aligns with 

the global situation that illegal logging and conversion, often carried out by surrounding 

communities, are causing significant damage to mangrove forests (Bhagarathi and DaSilva 2024). 

However, between 2019 and 2024, the area of mangrove forests increased by 1,931.59 ha. This 

increase was due to a significant shift from non-forest cover to mangrove forests (Table 4). This 

increase in area is also possible due to the existence of a reasonably wide accretion in 2024 of 

1,710.90 ha (Table 5). 

 

3.2.4. Changes in the shoreline in the coastal area  

Two types of Landsat imagery, Landsat 5 and Landsat 8, are used at appropriate intervals to 

detect shoreline changes, with Landsat 8 band 6 particularly effective. When combined with bands 

4 (red) and 5 (near-infrared), it is effective at identifying coastal ecosystems and their temporal 

changes. Likewise, bands 5 (shortwave infrared), 4 (near infrared), and 3 (red) in Landsat 5 

imagery are also effective. The ratio of Landsat 5 band 2 and Landsat 8 band 3, combined with 
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Landsat 5 band 5 and Landsat 8 band 6, provides the most effective image ratio for extracting 

coastlines, especially on muddy beaches in mangrove forests (Figliomeni et al. 2023). 

The study categorized coastline changes in 2011, 2015, 2019 (Fig. 6), and 2024 (Fig. 7) 

using image digitization results, revealing five classes: high abrasion, medium abrasion, low 

abrasion, medium accretion, and high accretion (Table 8).  

  

  

Fig. 6. Map of land coastline changes of the coastal area in Labuhanbatu Regency in 2011, 2015, 

and 2019. 

 

Table 8. Classification of the rate of shoreline change in 2011, 2015, and 2019  

No Abrasion class EPR (m/4 year) Line length (m) (%) 

1 High abrasion -321.97 − -215.19  4,406.23 0.49 

2 Moderate abrasion -215.19 − -108.41  22,940.55 2.53 

3 Low abrasion  -108.41 − -0.01  414,022.24 45.60 

4 Stable 0  30,737.45 3.39 

5 Low accretion 0 − 106.78  390,050.65 42.96 

7 Moderate accretion 106.78 − 213.56 45,880.54 5.05 

 

The coastline changes from 2011 to 2019 were dominated by low abrasion and low accretion 

classes; meanwhile, in 2024, it is dominated by moderate abrasion and accretion (Table 9). The 

total amounted to 337.016.64 m (37.21%). The coastline changes slightly over 4 years, from -

14.67 m to 31.17 m. This loss rate is lower than the erosion rate along the coast of Selangor, 

Malaysia, which is 50% (Daud et al. 2021). The activities of the surrounding community cause 

abrasion and accretion of the coast. The tides also influence it. Similarly, the Narrabeen 

embayment in Australia exhibits highly variable morphodynamic responses to moderate-to-high 

wave energy, with episodic storm events driving both erosion and accretion throughout the year 
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(Zhou et al. 2018). Prolonged exposure to large waves along the coast will result in both abrasion 

and accretion. High tides transport mud into deeper waters; if left uncontrolled, this can cause the 

shoreline to sink or erode through abrasion.  

  

 
Fig. 7. Map of land coastline change of the coastal area in the Labuhanbatu Regency for 2019 to 

2024. 

 

The changes in the coastline from 2011 to 2019 were dominated by low abrasion and low 

accretion classes (Table 8); meanwhile, in 2024, they are dominated by moderate abrasion and 

accretion (Table 9). Along 414,022.24 m, coastal abrasion was low, ranging from -108.4 to -0.01 

m per 4 years. Low abrasion, at -108.41 ‒ -0.01 m/4 years, affects coastal areas, causing loss of 

residential land and livelihoods, and impacting the quality of life and the surrounding community’s 

livelihoods. As is also the case on the east coast of Minahasa, coastal retreats of 23‒43 m between 

1980 and 2020 have reduced the area of residential land and damaged residential infrastructure 
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(Warouw et al. 2024); coastal abrasion in Central Java has reduced people's livelihoods (Riptanti 

et al. 2024). Coastal residents, such as fishermen, rely on natural resources that can be affected by 

activities such as industry, reclamation, settlement, and agriculture. These activities can increase 

pollution and massive erosion, exacerbate social conflict, reduce people’s incomes, and erode the 

cultural aspects of coastal communities.  

 

Table 9. Changes in the coastline in the period 2019–2024 

No Classification EPR (m) Line length (m) % 

1 High abrasion -321.97 − -215.19 0 0.00 

2 Moderate abrasion -215.19 − -108.41 1,191.42 0.43 

3 Low abrasion  -108.41 − -0.01 414.15 0.15 

4 Stable 0 21.17 0.01 

5 Low accretion 0 − 106.78 190,234.29 68.49 

6 Moderate accretion 106.78 − 213.56 85,889.61 30.92 

7 High abrasion 213.56 − 318.7 0 0.00 

 

Low accretion and abrasion can harm ecosystems by increasing erosion, coastal change, and 

habitat loss for mangroves and wildlife, particularly on beaches with multiple river mouths. 

According to Chien and Tung (2018), wave-dominated coastal environments exhibit different 

accretion patterns, as demonstrated at Lach Van, Vietnam, where shoreline accretion occurs at ~10 

m/yr on both sides of the river mouth due to sediment transport over the long coastal area. 

 

3.2.5. Coastline changes and LULC changes relation  

This study identified a moderately correlated relationship (Table 7) between changes in 

mangrove cover and shoreline change, involving anthropogenic factors indirectly driving the 

changes. The complex relationship between shoreline change and mangrove change is significant 

along the east coast of Labuhanbatu (Wan et al. 2019). A similar finding was observed in Takalar 

Regency, Indonesia, where a positive correlation between shoreline change and mangrove density 

was observed; however, the correlation was not statistically significant (p > 0.05). It suggests that 

other factors may have a greater impact (Inaku et al. 2020). Similarly, a study conducted in 

Rangsang Barat, Indonesia, also found that mangrove forest destruction was associated with 

changes in shoreline erosion and accretion rates. This situation emphasizes the importance of 

mangroves in coastal defense (Mubarak et al. 2020). A similar situation also occurred along the 

Pati coastline in Indonesia, where a moderate correlation (R = 0.299) was observed between 

changes in mangrove density and shoreline modification. Higher mangrove densities tend to cause 

accretion (Inaku et al. 2020). Therefore, in developing mangrove forest management strategies, 

one guideline is the condition of the mangrove forest habitat and shoreline dynamics. 

 

4. Conclusions 

The use of composite bands 3 and 6 of Landsat 8 and bands 2 and 5 of Landsat 5, as well as 

the digital shoreline analysis system (DSAS), provides a fairly good distinction between coastline 

and land cover changes in Labuhanbatu Regency, North Sumatra. The study found a non-linear 

pattern of mangrove dynamics, with a reduction in the extent of mangrove forests in the 

Labuhanbatu District, amounting to a 580.07 ha (26.48%) decrease from 2011‒2019, followed by 



Samsuri et al. (2026)   Jurnal Sylva Lestari 14(1): 160-178 

 

 174 

an increase of about 1,351.52 ha in 2024. The coastline changes from 2011‒2019 were dominated 

by low abrasion and low accretion classes; meanwhile, in 2024, it is dominated by moderate 

abrasion and accretion. Statistical analysis of Pearson correlation indicated a moderate but 

statistically non-significant relationship (r = 0.307, p = 0.266) between mangrove cover changes 

and shoreline dynamics, suggesting that other factors (e.g., waves, tides, human activities) may 

also influence coastal morphology. The existence of forest degradation and recovery events over 

a reasonably long period addresses the research gap in understanding the linear tidal relationship 

between changes in mangrove cover and coastlines. Research also shows that mangrove 

improvement is likely triggered by geomorphological processes rather than solely by shoreline 

accretion. From the perspective of forest management, this study emphasizes the need to integrate 

sedimentation dynamics processes in mangrove restoration and protection strategies. 
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