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INTRODUCTION

Indonesia is a nation heavily dependent on 
its oceans for development and global integration 
(Rochwulaningsih et al., 2019), it also serves as 
an important reservoir of biodiversity (Gunawan 
et al., 2022). However, this unique relationship 
is now at risk due to the detrimental impact of 
human activities such as marine litter. As one of 
the top five contributors to plastic waste in global 
oceans, Indonesia faces significant threats to its 
coastal and marine ecosystems (Cordova et al., 

2022; Cordova and Nurhati 2019; Lebreton et al., 
2012; Lestari and Trihadiningrum 2019; Phelan 
et al., 2020; Sakti et al., 2023; van Emmerik 
Schwarz 2020). Marine litter can significantly 
impact economic stability because of the adverse 
perception, especially in the marine tourism des-
tination (Grelaud and Ziveri 2020).

In Indonesia, the economy of the Bali Prov-
ince depends on tourism destinations (culture and 
ecology), one of which is marine tourism; nowa-
days, it is particularly susceptible to the dangers 
posed by marine debris (CNN Indonesia, 2021; 
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Hajar, 2019; Mauludy et al., 2019; Suteja et al., 
2021). The presence of such debris jeopardizes 
various variables within these invaluable ecosys-
tems. On the basis of the data from the Indonesian 
Ministry of Environment and Forestry (2020), In-
donesia generates approximately 13 million tons of 
unmanaged waste per year, with plastic accounting 
for the second highest proportion (17.10%) after 
food waste. In the Bali Province alone, daily waste 
generation amounts to 4,281 tons or an annual total 
of 1.5 million tons (Muhajir 2019).

Marine litter is a major issue in coastal and 
marine ecologies, and it is currently a significant 
concern in our society (Gonçalves et al., 2022). 
Marine litter originates from land and enters the 
ocean through rivers, coastal erosion, and extreme 
events (Cordova et al., 2022; Geraeds et al., 2019; 
González-Fernández and Hanke, 2017; Liro et al., 
2020; Maharjan et al., 2022; Meijer et al., 2021; 
Sakti et al., 2023; van Emmerik, Roebroek, et 
al., 2020; van Emmerik, Seibert, et al., 2020; van 
Lieshout et al., 2020; Vriend et al., 2020). Over 
time, a substantial amount of this litter accumu-
lates on beaches, which is a risk and possible ad-
verse effects (Pinto et al., 2021). Several studies 
reported on the adverse effects of marine litter to 
environments, marine biota and human blood (Ar-
geswara et al., 2021; Lam et al., 2022; Leslie et al., 
2022). Thus, it is crucial to study the litter distri-
bution, accumulation and its abundance; it can be 
used to effectively manage coastal areas affected 
by marine litter (García-Rivera et al., 2018; Mer-
lino et al., 2020; Miladinova et al., 2020).

Various studies have been conducted on the 
topic of coastal and marine litter, focusing on as-
pects such as the types, quantities, distribution, 
and sources of these pollutants. Traditionally, re-
searchers have relied on the methods involving 
data recording and statistical sampling to investi-
gate beach litter by going to the location (Cordova 
and Nurhati 2019; Hardesty et al., 2021; Schuyler 
et al., 2020; Secretariat of the Convention on Bio-
logical Diversity, 2016). However they are costly, 
time-consuming, and require many people (Mer-
lino et al., 2020; Schuyler et al., 2020).

In recent years, remote sensing techniques 
have been utilized to enhance the understanding 
of litter abundance, distribution patterns, and dy-
namics in marine and coastal environments. These 
techniques include balloon- and aircraft-based 
imaging systems as well as satellite imagery that 
enables the detection and quantification of litter 
worldwide (Cózar et al., 2021; Freitas et al., 2021; 

Garcia-Garin et al., 2021; Goddijn-Murphy et al., 
2018; Kako et al., 2012; Kikaki et al., 2020; Maxi-
menko et al., 2019; Serafino and Bianco 2021; 
Topouzelis et al., 2020). The use of Unmanned 
Aerial Vehicles (UAV) has significantly increased 
for environmental monitoring purposes. These au-
tonomous aerial platforms have proven to be effec-
tive tools for identifying and quantifying litter in 
coastal environments. Their ability provides high-
resolution images and affordability, UAV offer a 
viable solution for conducting operational macro-
litter (>2.5 cm) surveys across various ecosystems, 
including beach areas (Andriolo et al., 2020, 2021, 
2022; Bak et al., 2019; Bao et al., 2018; Garcia-
Garin et al., 2021; Geraeds et al., 2019; Goddijn-
Murphy et al., 2022; Martin et al., 2018; Merlino 
et al., 2021, 2020; Topouzelis et al., 2019, 2020).

However, the utilization of UAV for monitor-
ing beach litter has yet to be widely documented 
in the research literature, especially in Indonesia. 
UAVs are equipped with radio remote-control de-
vices and programmable control systems that al-
low them to operate autonomously or under com-
puter guidance. These advanced systems produce 
high-resolution products with precise measure-
ments using cost-effective cameras (Mandirola et 
al., 2021; Xiao et al., 2022).

Addressing the knowledge gap regarding ma-
rine litter is crucial for developing effective strate-
gies to combat this problem. Insufficient informa-
tion hinders the understanding of potential eco-
logical impacts, such as changes in species com-
position due to litter. By identifying the areas with 
high concentrations of marine litter, its effects can 
be better predicted and preventative measures can 
be taken against land-based leakage (González et 
al., 2016; Haseler et al., 2018; Veiga et al., 2016). 
This study investigated the use of low-cost UAV 
technology for studying and identifying marine 
litter on beaches. The aim was to provide a techni-
cal reference, including threshold values, for mon-
itoring beach litter. Through this work, it is sought 
to increase the utilization of affordable UAVs in 
enhancing the understanding of litter quantity, 
composition, and changes along coastlines.

MATERIALS AND METHODS

Brief description of study location

The location of study is situated at Batu 
Belig Beach in the Badung Regency area of Bali, 
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Indonesia (8.6742447°S and 115.1459553°W, 
Figure 1). This beach, located on the shore of the 
Indian Ocean and facing directly towards the Bali 
Strait, is a sandy beach with minimal gravel and 
pebble content. Numerous studies have indicat-
ed that there is an accumulation of litter on this 
stretch of beach throughout the year, particularly 
during the west monsoon season from December 
to April. The litter originates from both land-
based sources as well as anthropogenic activi-
ties associated with sea-based sources. Accord-
ing to the estimates provided by Bali Partnership 
(2019), approximately 3000 kg/day to 6000 kg/
day of litter flows out from nearby rivers into the 
vicinity of the Batu Belig Beach, which poses po-
tential hazards for this study area.

Experimental design

The flowchart illustrating the experimental 
design is presented in Figure 2. The aim of this 
study was to develop a streamlined system that 
can be effectively implemented by one person, 
minimizing resource requirements from prepa-
ration to data visualization. The experimen-
tal design encompasses four stages: planning 
and executing UAV missions; processing UAV 
images; conducting post-image analysis; and 

validating results and generating maps depicting 
litter abundance.

UAV mission planning

This study utilized a DJI Mavic 2 Pro, a com-
mercial drone equipped with 1” 20-megapixel 
CMOS camera sensor and 77° FOV (https://www.
dji.com/mavic-2). The drone was operated through 
the DJI Go 4 apps on an iPhone XR, using dronelink 
mission planner software available on IOS and an-
droid (https://www.dronelink.com/) to scan specific 
areas autonomously. Prior to this, the Area of Inter-
est (AoI) was defined using QGIS 3.28.5-Firenze, 
its purpose is to obtain an accurate and specific lo-
cation. A series of photographs were captured un-
der various operational conditions, as mentioned 
earlier. The camera was consistently positioned 
to investigate the ground at a 90° angle with au-
tomatic settings. To achieve photo alignment, the 
UAV speed was adjusted at different altitudes to 
ensure an overlap of more than 70% between each 
successive photo and the previous one. The reso-
lution of the orthoimage photos was determined to 
be less than 2.5 cm/pixel when taken at an altitude 
of 60 meters above ground level. The extent of the 
experimental area surveyed by the UAV varied de-
pending on its altitude and spanned approximately 

Figure 1. Location of study
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300 meters. The relations between altitude with the 
pixel size resolution is given by Ground Sample 
Distance (GSD) shown in Eq. 1 (Aber et al., 2019).

	 𝐺𝐺𝐺𝐺𝐺𝐺 = ( 𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆 𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤ℎ 𝑖𝑖𝑖𝑖 𝑚𝑚𝑚𝑚
𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖 𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤ℎ 𝑖𝑖𝑖𝑖 𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝) × 𝐻𝐻𝑔𝑔/𝑓𝑓 (1) 

 

 𝑉𝑉0 = {𝑄𝑄𝑄𝑄 − 1.5 × 𝐼𝐼𝐼𝐼𝐼𝐼 𝑜𝑜𝑜𝑜 𝑇𝑇0
𝑄𝑄𝑄𝑄 + 1.5 × 𝐼𝐼𝐼𝐼𝐼𝐼 𝑜𝑜𝑜𝑜 𝑇𝑇1

 (2) 

 
 𝑛𝑛 = 𝑁𝑁/(1 + Ne2)  (3) 
 
 𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃 = 𝑇𝑇𝑇𝑇

𝑇𝑇𝑇𝑇+𝐹𝐹𝐹𝐹 (4) 
 
 𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅 = 𝑇𝑇𝑇𝑇

𝑇𝑇𝑇𝑇+𝐹𝐹𝐹𝐹 (5) 
 
 𝑓𝑓1𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 = 2×𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃×𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅

𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃+𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅   (6) 
 
 𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴 = 𝑇𝑇𝑇𝑇+𝑇𝑇𝑇𝑇

𝑇𝑇𝑇𝑇+𝑇𝑇𝑇𝑇+𝐹𝐹𝐹𝐹+𝐹𝐹𝐹𝐹  (7) 
 
 𝐴𝐴𝐿𝐿 = 𝐴𝐴𝑇𝑇 − 𝐴𝐴𝑛𝑛𝑛𝑛  (8) 
 

	 (1)

where: Hg – altitude or average height above the 
ground in meter and f – the lens focal 
length of camera in mm.

UAV image processing

Immediately, the images taken were au-
tomatically aligned to generate an orthophoto 

using SfM-MVS photogrammetry method and 
by QGIS 3.28.5-Firenze for post-image process-
ing and analyzing. The SfM-MVS photogram-
metry method follows the workflow proposed by 
Over et al. (2021). 

Post-image processing

Subsequently, the orthophoto undergo post-
processing through an analysis of reflectance 
image values using a box-plot method. This ap-
proach involves creating a visual representation 
of the data distribution without imposing any 
limitations. The box plot technique has been 

Figure 2. Experimental design flowchart
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commonly utilized to identify quartile and inter-
quartile ranges, as well as outliers in data sets. 
Quartile ranges provide insights into centrality, 
dispersion, and shape of the data distribution. 
Outliers can be identified using boxplot analysis, 
shown in Eq. 2 (Wang et al., 2023).

	

 𝐺𝐺𝐺𝐺𝐺𝐺 = ( 𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆 𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤ℎ 𝑖𝑖𝑖𝑖 𝑚𝑚𝑚𝑚
𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖 𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤ℎ 𝑖𝑖𝑖𝑖 𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝) × 𝐻𝐻𝑔𝑔/𝑓𝑓 (1) 

 

 𝑉𝑉0 = {𝑄𝑄𝑄𝑄 − 1.5 × 𝐼𝐼𝐼𝐼𝐼𝐼 𝑜𝑜𝑜𝑜 𝑇𝑇0
𝑄𝑄𝑄𝑄 + 1.5 × 𝐼𝐼𝐼𝐼𝐼𝐼 𝑜𝑜𝑜𝑜 𝑇𝑇1

 (2) 

 
 𝑛𝑛 = 𝑁𝑁/(1 + Ne2)  (3) 
 
 𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃 = 𝑇𝑇𝑇𝑇

𝑇𝑇𝑇𝑇+𝐹𝐹𝐹𝐹 (4) 
 
 𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅 = 𝑇𝑇𝑇𝑇

𝑇𝑇𝑇𝑇+𝐹𝐹𝐹𝐹 (5) 
 
 𝑓𝑓1𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 = 2×𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃×𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅

𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃+𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅   (6) 
 
 𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴 = 𝑇𝑇𝑇𝑇+𝑇𝑇𝑇𝑇

𝑇𝑇𝑇𝑇+𝑇𝑇𝑇𝑇+𝐹𝐹𝐹𝐹+𝐹𝐹𝐹𝐹  (7) 
 
 𝐴𝐴𝐿𝐿 = 𝐴𝐴𝑇𝑇 − 𝐴𝐴𝑛𝑛𝑛𝑛  (8) 
 

	 (2)

where: V0 denotes the edge of the outlier, QL de-
note the lower (25th percentile) and QU 
denote the upper (75th percentile) quar-
tiles, which indicate that 25% of all ob-
servations have data values that are be-
low or above the corresponding quartile 
values, respectively, and IQR denotes the 
interquartile range between QL and QU, 
which covers 50% of observations. The T0 
and T1 is minimum and maximum thresh-
old, respectively. If no has fliers in the 
box-plot, T0 is equal to the min value and 
T1 is equal to the max value.

Validation

To determine the sample for validation, Sl-
ovin’s Formula with confidence level 85% and 
confidence interval 15% is used, the formula 
shown in Eq. 3 (Mandal and Dey, 2022).

	

 𝐺𝐺𝐺𝐺𝐺𝐺 = ( 𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆 𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤ℎ 𝑖𝑖𝑖𝑖 𝑚𝑚𝑚𝑚
𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖 𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤ℎ 𝑖𝑖𝑖𝑖 𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝) × 𝐻𝐻𝑔𝑔/𝑓𝑓 (1) 

 

 𝑉𝑉0 = {𝑄𝑄𝑄𝑄 − 1.5 × 𝐼𝐼𝐼𝐼𝐼𝐼 𝑜𝑜𝑜𝑜 𝑇𝑇0
𝑄𝑄𝑄𝑄 + 1.5 × 𝐼𝐼𝐼𝐼𝐼𝐼 𝑜𝑜𝑜𝑜 𝑇𝑇1

 (2) 

 
 𝑛𝑛 = 𝑁𝑁/(1 + Ne2)  (3) 
 
 𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃 = 𝑇𝑇𝑇𝑇

𝑇𝑇𝑇𝑇+𝐹𝐹𝐹𝐹 (4) 
 
 𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅 = 𝑇𝑇𝑇𝑇

𝑇𝑇𝑇𝑇+𝐹𝐹𝐹𝐹 (5) 
 
 𝑓𝑓1𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 = 2×𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃×𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅

𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃+𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅   (6) 
 
 𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴 = 𝑇𝑇𝑇𝑇+𝑇𝑇𝑇𝑇

𝑇𝑇𝑇𝑇+𝑇𝑇𝑇𝑇+𝐹𝐹𝐹𝐹+𝐹𝐹𝐹𝐹  (7) 
 
 𝐴𝐴𝐿𝐿 = 𝐴𝐴𝑇𝑇 − 𝐴𝐴𝑛𝑛𝑛𝑛  (8) 
 

	 (3)

where:	n – number of samples, N – total popu-
lation (total litter calculated in attribute 
table QGIS software), e – error tolerance 
(level).

The validation process involves the use of a 
confusion matrix, where orthophoto is utilized as 
the validating images. The confusion matrix (as 
depicted in Figure 3) represents the validating 
classes on the y-axis and the prediction classes 
on x-axis. True Positive is used to denote the cor-
rectly predicted litter classes, while False Nega-
tive refers to the valid litter that was incorrectly 
predicted as no litter. Similarly, true negative 
indicates correctly predicted no litter, whereas 
False Positive signifies the instances where litter 
was classified erroneously. These values can be 
employed for various statistical measurements 
including precision, recall, f1 score, and accuracy 
(Papakonstantinou et al., 2021). 

The calculation for precision is provided in 
Eq. 4 (Papakonstantinou et al., 2021), which is 

the proportion of correctly predicted litter to the 
total number of litters. On the other hand, recall 
is defined as a metric that represents the percent-
age of accurately classified predictions out of all 
detected litter instances shown in Eq. 5 (Papakon-
stantinou et al., 2021).

	

 𝐺𝐺𝐺𝐺𝐺𝐺 = ( 𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆 𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤ℎ 𝑖𝑖𝑖𝑖 𝑚𝑚𝑚𝑚
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Nevertheless, when dealing with imbalanced 
datasets, both methods have limitations in accu-
rately assessing the models’ performance. There-
fore, it is necessary to combine them into a single 
statistical calculation known as the harmonic 
mean value or f1 score (Eq. 6) (Papakonstantinou 
et al., 2021). The accuracy of identifying tiles 
throughout the entire dataset can be measured us-
ing Eq. 7 (Papakonstantinou et al., 2021).
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The last processing is generated litter cover-
age map by using grid 5 × 5 m or 25 m², using the 
equation shown in Eq. 8 is proposed.
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where: AL – litter coverage in area [m2], AT – total 
area/grid 5×5 m or 25 m² [m2], AnL – area 
with no litter coverage [m2].

Figure 3. The illustration of confusion 
matrix (Papakonstantinou et al., 2021)
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RESULTS AND DISCUSSION

UAV mission and orthophoto results

This study is the first instance of conducting a 
comprehensive experimental design at Batu Belig 
Beach in Bali, Indonesia by integration of the 
UAV missions and Geographic Information Sys-
tems (GIS) approaches with a thresholding meth-
od. Traditionally, researchers have utilized data 
collection and statistical sampling techniques to 
examine beach litter (Cordova and Nurhati 2019; 
Hardesty et al., 2021; Schuyler et al., 2020; Sec-
retariat of the Convention on Biological Diver-
sity, 2016). However, these previous methodolo-
gies are both costly and time-consuming, as they 
require personnel to physically visit the location 
for data collection using line transects (Merlino et 
al., 2020; Schuyler et al., 2020). Typically, three 
lines are drawn from the boundaries affected by 
waves to the boundaries between sand and land 
(such as scrub or buildings) at each location. This 
method requires 3–5 people who spend around 
40–50 minutes per location depending on their 
proficiency and experience level (Schuyler et al., 
2020). Furthermore, the previous approach lacks 
repetitive spatial and temporal coverage. In terms 
of classification, it heavily relies on personnel 
judgment based on their expertise and experi-
ence (Andriolo et al., 2021; Merlino et al., 2021) 
Another issue is accessibility; often, monitoring 
locations are difficult to reach and pose potential 
safety hazards (Yang et al., 2022). 

To address these challenges in beach litter 
monitoring, this methodology that leverages low-
cost commercial UAV integrated with GIS is pro-
posed (Jakovljevic et al., 2020; Lo et al., 2020). 
In contrast to the adopted approach, they have de-
veloped a methodology for this study that offers 
several advantages. Firstly, it significantly reduc-
es costs in repeatable use and time consumption 
by allowing the data collection to be carried out 
by just one person. This method also allows for 
spatiotemporal repetition and enables the study 
of larger areas of interest. In terms of data pro-
cessing, it has implemented a simplified approach 
using threshold reflectance values along with the 
assistance of box-plot analysis. The aim was to 
make the data processing as easy and efficient as 
possible, even for researchers without extensive 
knowledge in this area. 

The UAV type used was a DJI Mavic 2 Pro, 
with Global Positioning System (GPS) and Global 

Navigation Satellite System (GLONASS); thus, 
this UAV allows communicating with several ex-
isting satellite communications. This is related 
to the coordinates produced accuracy on ortho-
photo. This mission is conducted without Ground 
Control Points (GCP), however orthophoto result 
has the required quality. It will improve the ef-
ficiency of time and human resources, and rep-
etition observations. Repetition observations are 
important in determining abundance characteris-
tics over the time (Haseler et al., 2018). The mis-
sion was carried out on April 11th, 2023, at 12.20 
PM Central Indonesian Times (WITA), with fair 
weather condition and a wind speed of 6.70 m/s 
from the west. During this study, the season is the 
transition from rainy to dry season, 1 (one) hour 
before the mission start, there was drizzling rain.

The flight altitude was set at 60 m above 
ground level, this is because of the location char-
acteristics. Previous studies used lower altitudes, 
Gonçalves et al. (2020) carried out studies at 20 m 
above sea level. Batu Belig Beach is an area with 
many tourist attractions and accommodations. 
Here, there are tall trees, such as coconut trees, 
like normal beaches in tropical areas. The result 
of orthophoto is shown in Figure 4, with pixel 
size ~1.35 cm/pixel is produced. This pixel size 
can capture beach litter objects with more than 
2.5 cm, as shown in Figure 5. A macro litter shape 
can be represented with a minimum of 4×4 pixels 
(approximately 2.71 cm) on Figure 5 displays a 
comparison between litter capture at altitudes of 
6 m (Figure 5a) and 60 m (Figure 5b), using a size 
reference of 22 cm². On the basis of the experi-
ment, it provides advantages in the form of obser-
vation speed (1.8 ha in 6 minutes 38 seconds) and 
safety in the areas containing higher trees.

Data and accuracy analysis

The data processing finished in less than 60 
minutes, starts with extracting Digital Number 
(DN) on pixel scale, filtering DN to get threshold 
value, binary classification (applied thresholding 
method), and calculating covering area by litter 
abundance. In advance of thresholding analysis, 
visual screening on orthophoto is conducted. The 
obtained findings are not grouped into the materi-
al sources but based on its color, because the UAV 
used was a small-UAV with normal RGB-camera, 
like mentioned in section UAV mission planning. 
However, plastic litter are grouped into 8 differ-
ent litter categories (Figure 6), i.e. another object 
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with blue color (Figure 6a); plastic bag with black 
color (Figure 6b); plastic bag with blue color 
(Figure 6c); plastic bag with green color (Figure 
6d); plastic bag with red color (Figure 6e); plas-
tic bag with transparent color (Figure 6f); plastic 
bag with white color (Figure 6g); and Styrofoam 
(Figure 6h). Most of them are white plastic bags 
and Styrofoam. These findings are interesting in 
investigating the sources, especially Styrofoam. 
Compared to Suteja et al. (2021), who conduct-
ed their manual investigation at the near loca-
tion (Petitenget and Legian Beach) of Batu Belig 
Beach at 2021, the most of litter is plastic, both in 
rainy and dry season. In this location, the authors 
found the unique organic litter dumping which 
originates from cultural activities (ceremonial fa-
cilities) and results of peeling coconut by local 
people, shown in Figure 7. In fact, litter dumping 
can only be found in the Bali Areas. Contrasting 

to Cordova and Nurhati (2019) at Jakarta Bay, 
they did not found it, which is due to the differ-
ences of culture root even though the study was 
also conducted in Indonesia. On this beach, by 
visual observation during this experiment, the lit-
ter stranded is dominated by organic matter in-
cluding wood and leaves, which is because of its 
location near the Yeh Poh River mouth and trans-
ported from upstream. 

Then, by using “Point Sampling Tools” QGIS 
3.28.5-Firenze, each sample (Figure 6) is extract-
ed to obtain the DN of reflectance value including 
sand (as a limitation). In order to obtaining the 
threshold value based on the DN reflectance val-
ue, the box-plot method is developed by Python 
code (https://github.com/madeoka/BoxPlot), the 
result is shown in Figure 8 for the box-plot figure 
and its statistics are shown in Table 1, 2, and 3 for 
red, green and blue band, respectively. 

Figure 4. Orthophoto of the area of interest at 60 m altitude

Figure 5. Litter with size 22 cm²: (a) 6 m altitude and (b) 60 m altitude
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Figure 6. Points sampling profile in each category: (a) another object with blue color; (b) plastic bag 
with black color, (c) plastic bag with blue color, (d) plastic bag with green color, (e) plastic bag with red 

color, (f) plastic bag with transparent color, (g) plastic bag with white color, (h) styrofoam, (i) sand

Figure 8 shows the DN value characteristics 
or profile of red, green, and blue bands for each 
sample or objects. Figure 8a shows the profile 
of another object with a blue color; blue band 
has a higher value, reaching DN is equal to 255, 
whereas red and green band are lower than that. 
It is related to the color profile of the object. Fig-
ure 8b shows the profile of plastic bag with black 

color; due to this object having black color, the 
value of RGB bands is lower and approaches 
zero. However, that profile does not attain the 
perfect zero value; this occurs because the objects 
on the orthophoto are mixed with another color 
especially white color from sunlight emitted. Fig-
ure 8c shows the profile of plastic bag with blue 
color; this was classified as plastic bag, rather 
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Table 1. Red band reflectance values analysis by box-plot method

Object name

Statistical summary

Red Band (DN)

Min Mean Max T0 Q1 Median Q3 T1 IQR

Another object with blue color 7 97 212 63 90 132 69

Plastic bag with black color 26 70 155 52 62 87 140 36

Plastic bag with blue color 0 62 191 21 56 102 81

Plastic bag with green color 22 127 218 76 131 174 98

Plastic bag with red color 106 199 250 131 186 208 223 37

Plastic bag with transparent color 60 168 214 104 154 176 188 34

Plastic bag with white color 187 225 249 189 216 229 234 18

Styrofoam 120 236 255 185 227 251 255 28

Sand 84 133 179 86 122 135 146 24

Table 2. Green band reflectance values analysis by box-plot method

Object name

Statistical summary

Green Band (DN)

Min Mean Max T0 Q1 Median Q3 T1 IQR

Another object with blue color 89 172 226 127 160 171 182 206 22

Plastic bag with black color 28 67 147 48 58 82 133 34

Plastic bag with blue color 108 183 255 152 183 203 51

Plastic bag with green color 90 173 248 129 180 211 82

Plastic bag with red color 45 117 211 88 113 134 203 46

Plastic bag with transparent color 115 182 230 130 169 185 195 26

Plastic bag with white color 185 228 254 191 219 232 238 19

Styrofoam 113 237 255 208 236 252 255 19

Sand 83 128 173 117 129 141 24

Figure 7. Organic dumping by local activities
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than another object with blue color (Figure 8a) 
based on its shape and color. Then, the authors 
obtained the profile with blue and green bands are 
higher DN values, reaching 255, where the red 

band is lower than both bands. blue and green 
bands are reaching 255 because the object color 
is mixed between blue and green color, close to 
ocean green color (RGB: 72, 191, 145). Figure 8d 

Table 3. Blue band reflectance values analysis by box-plot method

Object name

Statistical summary

Blue Band (DN)

Min Mean Max Q1 Median Q3 IQR

Another object with blue color 103 199 255 117 178 201 219 41

Plastic bag with black color 31 70 140 53 64 85 132 32

Plastic bag with blue color 116 175 255 149 171 192 43

Plastic bag with green color 60 141 205 112 137 170 59

Plastic bag with red color 35 128 225 98 122 157 59

Plastic bag with transparent color 108 179 224 134 168 183 191 23

Plastic bag with white color 195 232 253 224 236 243 20

Styrofoam 102 236 255 225 241 247 252 11

Sand 89 125 167 115 124 135 165 20

Figure 8. The box-plot summaries of the point sampling profile in each category from Figure 
6. (a) another object with blue color, (b) plastic bag with black color, (c) plastic bag with 
blue color, (d) plastic bag with green color, (e) plastic bag with red color, (f) plastic bag 

with transparent color, (g) plastic bag with white color, (h) styrofoam, and (i) sand
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shows a plastic bag with green color; because the 
color is green, so this object is dominant in green 
band (DN=248) and other bands are lower. Figure 
8e shows a plastic bag with red color profile; of 
course, the dominant band is red band (DN=250), 
and other bands are lower. Figure 8f shows a plas-
tic bag with transparent color profile; because of 
these objects are transparent, the DN values are 
disturbed by background such as sand or other lit-
ter. The obtained finding shows the median of col-
or profiles for each band are 176, 185, and 183 (R, 
G, and B). Figure 8g shows the profile of plastic 
bag with white color; theoretically in RGB com-
posite white color is formed by RGB band with 
value 255. However, the value of each DN does 
not reach 255, the value is 249, 254 and 253 for R, 
G, and B respectively. Its value is disturbed by its 
shadow, this is related to the plastic texture which 
is not flat. Next is the most interesting object to 
pay attention to, namely styrofoam, shown in Fig-
ure 8h. This object has higher value compared to 
other objects with DN equal to 255 for all bands. 
The higher values are related to the perfect reflec-
tion by the object because the Styrofoam material 
characteristic in this location is flat shape. Figure 
8i shows the profile of sand, the DN values have 
interval 86–179, 83–173, and 89–165 for red, 
green and blue band, respectively. Thus, some 
samples require cutting or excluding their inter-
val values by sand to clearly establish threshold 
value. Therefore, after excluding DN from sand, 
the threshold for each sample (Tables 1, 2, and 3) 
are generated into Table 4 in using T0 and T1 as 
minimum and maximum threshold values, respec-
tively. If there are no values of T0 and T1, the au-
thors used T0 from min and T1 from max as values 
mentioned in Eq. 2. Table 1 shows the red band 

statistical value with the maximum value of styro-
foam (DN=255) and the minimum value is plastic 
bag with blue color (DN = 0). It means styrofoam 
has perfect reflectance, as mentioned above and 
plastic bag with blue color does not have red band 
characteristics or influence. Table 2 shows the 
green band statistical value, the maximum value 
also by styrofoam (DN = 255) and same reason as 
Table 1, while the minimum value is plastic bag 
with black color (DN = 28). The last is Table 3, 
which shows blue band statistical value, the maxi-
mum value is from styrofoam, so the authors could 
draw the conclusion that styrofoam has a perfect 
reflectance value and is near white color (R, G, B 
= 255, 255, 225), while the minimum value giving 
by plastic bag with black color. As mentioned in 
Tables 2 and 3, a plastic bag with black color has 
a minimum value because that is equal to black 
(R, G, B = 0, 0, 0), while this value does not attain 
the perfect value to black, because the shape of an 
object and its disturbance by sunlight. Fortunately, 
two categories of litter which is the most litter do 
not need to be excluded. Therefore, the blue band 
was selected in this study due to its wide range of 
values from 165 to 255. Table 4 shows the thresh-
old reflectance values after excluding DN value of 
sand (lower than 165 for blue band).

Figure 9 shows the experiment by using 
threshold selected was applied in using binary 
classification. Figure 9a depicts the clipping area 
determined through processing in the blue band, 
while Figure 9b displays the results obtained 
through grid-based thresholding. In Figure 9b, 
the selected grid locations for validation were 
shown with blue color rectangle (6 locations), 
chosen randomly using the “Random selection” 
command available in QGIS 3.28.5-Firenze. The 

Table 4. The threshold reflectance values

Object

Reflectance value (DN)

Red Green Blue

T0 T1 T0 T1 T0 T1

Another object with blue color 179 255 173 255 165 255

Plastic bag with black color 179 255 173 255 165 255

Plastic bag with blue color 179 255 173 255 165 255

Plastic bag with green color 179 255 173 255 165 255

Plastic bag with red color 179 255 173 255 165 255

Plastic bag with transparent color 179 255 173 255 165 255

Plastic bag with white color 189 255 190.5 255 195 255

Styrofoam 185 255 207.5 255 224.5 255

Sand (excluded) 0 179 0 173 0 165
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Figure 9. Experimental result: (a) clipping location by processing area in blue band; (b) 
result by applying the thresholding method with grid; (c) zooming grid selection

Figure 10. Map of percentage of litter area coverage in grid 25 m²

zoomed-in views are displayed in Figure 9c based 
on the grid location for validation.

In evaluation, the Slovin’s formula was ap-
plied to calculate the required number of samples, 
yielding a result of 44.4 (rounded to 44) samples 
for a total population of 43, 435-pixel groups rep-
resenting litter. Subsequently, these samples were 
distributed across a grid measuring 5×5 m consist-
ing of 252 grids shown in Figure 8b. By dividing 
the total number of grids by the number of sam-
ples, it was determined that each sample would 
cover approximately 5.6 (rounded up to 6) per 
grid. Same as grid selection, sample selection was 
random using the “Random selection” command. 
The validity of the obtained results was assessed 

using a confusion matrix, the calculated outcomes 
of which are depicted in Table 5. The obtained 
findings demonstrate a precision rate of 85%, 95% 
recall rate, 89% f1-score value, and 80% of over-
all accuracy score. As mentioned in Table 4, the 
threshold range for detection is set between values 
ranging from 165 to 255 while taking into con-
sideration the exclusion of sand. These methods 
prove to be effective specifically when identifying 
plastic bags with white color and Styrofoam, as 
these tend to be the most prevalent types of litter 
found within this location. It should be noted, the 
validation results did not yield any true negative 
predictions, meaning no instances where actual 
litter was correctly identified as non-litter items.
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Monitoring results and discussion

The final outcome culminates in the produc-
tion of a visualization the distribution of litter 
coverage across a grid size of 25 m². That moni-
toring result is presented in Figure 10, wherein 
varying shades ranging from white to red depict 
an ascending progression in the percentage value 
indicative of litter coverage area. Specifically, 
this scale ranges from 0% up to 14.52%, corre-
sponding to an actual measurement encompass-
ing a range between 0 m² and approximately 3.63 
m² (in 100% is 25 m²). Compared to Bao et al. 
(2018) and Papakonstantinou et al. (2021), the 
litter abundance map by using 25 m2 - grid with 
overlapping the result of thresholding method has 
been proposed in this research given the stranded 
patterns, range, location, litter coverage and pos-
sibility sources of litter more clearly. In order to 
compare with traditional sampling method (Cor-
dova and Nurhati 2019; Hardesty et al., 2021; 
Schuyler et al., 2020; Secretariat of the Conven-
tion on Biological Diversity, 2016), this method 
provides more specific litter location information 
but is limited to litter characteristic types.

The adopted experiment methodologies are 
slightly different from the approach taken by Bao 
et al. (2018) in terms of assist of box-plot method. 
Contrasting with the new method in adopting ar-
tificial intelligence (Anadkat et al., 2019; Conley 
et al., 2022; Gonçalves et al., 2020; Kraft et al., 
2021; Kylili et al., 2019; Martin et al., 2018; Naz-
erdeylami et al., 2021; Papakonstantinou et al., 
2021; Pinto et al., 2021; Wolf et al., 2020), the 
method adopted by the authors is friendly in us-
ing thresholding method. It is because it is easy 
and faster to adapt to different locations, with no 
requirement for complicated new training data 
if has different litter characteristics. Another ad-
vantage of this method compared to the latest 

method, i.e. artificial intelligence, is in area cov-
erage. It only uses object classification without 
measuring the shape of litter abundance. Last but 
least, the thresholding method does not require 
operators with strong data analysis (Bao et al., 
2018) and processing knowledge with minimal 
effort and fault possibility. Once again, binary 
classification of litter and non-litter by threshold 
value, it is done by “raster calculator” in QGIS 
3.28.5-Firenze and the last task is calculating the 
percentage of coverage area covered by litter. No 
less important is that in data processing, high PC 
computation is not needed.

However, this method has limitations, one 
corresponds to the reflectance value interval, 
which falls within or below the range of sand val-
ues. In the study location, unique litter categories 
that differ from other studies have been observed 
(Bao et al., 2018; Cordova and Nurhati, 2019; De-
idun et al., 2018; Duhec et al., 2015; Faizal et al., 
2019, 2020; Jakovljevic et al., 2020; Maharjan et 
al., 2022; Moy et al., 2018; Papakonstantinou et 
al., 2021, 2021; Suteja et al., 2021). It should be 
noted that these litter categories are greatly influ-
enced by local habits and culture (Carmi 2019; 
Kiessling et al., 2017; Liu et al., 2013; Mecho et 
al., 2021; Williams et al., 2016). In this location 
near the river mouth, there is wood stranded from 
upstream events; these events are also one of the 
study challenges in this location.

CONCLUSIONS

This study aimed to develop a comprehen-
sive beach litter monitoring system by integrating 
UAV and GIS. The UAV was used by a small-
UAV, it offers several advantages, including ex-
tensive coverage and high-detail data collection 
as needed. This method presents a viable alterna-
tive for enhancing beach litter monitoring efforts. 
In this study, the classification of litter reflec-
tance was achieved through the box-plot method, 
which involved analyzing the reflectance values 
of each category, to establish accurate threshold 
values. By employing GIS, the delineated ar-
eas with litter and non-litter areas based on the 
threshold values were conducted. To ensure re-
liability and validity, the Slovin’s Formula was 
utilized to determine the required total sample 
for validation purposes. This proposed monitor-
ing system is user-friendly as it only requires one 
person and effectively captures dominant forms 

Table 5. Matric accuracy
Matric Value

TP 34

FP 6

FN 3

TN 0

Precision 0.85

Recall 0.92

f1 score 0.89

Accuracy 0.80



74

Ecological Engineering & Environmental Technology 2024, 25(5), 61–78

of litter, which are plastic bags with white color 
and styrofoam. Additionally, this study proposed 
calculating abundance using percentage measure-
ments within square-meter areas.

Inconsequential, this approach still has limi-
tations and requires refinement, particularly in 
the reflectance value interval, which is covered 
by sand reflectance values. Notably, local cus-
toms and culture have a significant impact on 
litter classifications. The study area is near the 
river mouth, and there is timber stranded from 
upstream occurrences, which is also one of the 
study’s obstacles. Moving forward, there are two 
main tasks to address given the complexity of 
objects in the images: enhancing image sharp-
ness through preprocessing techniques such as 
super-resolution methods and implementing deep 
learning methods like pixel-wise or semantic seg-
mentation for object classification at a pixel level. 
Last but not least, improving these results by us-
ing spectral cameras installed on UAVs.
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