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Abstract: Monitoring activities on the dynamics of water shrinkage at Lake Limboto are essential to the lake’s 
ecosystem’s recovery. A remote sensing technology functions to monitor the dynamics of lake inundation area; this 
allows one to produce a comprehensive set of spatial and temporal data. Such complex satellite dataset demands extra 
time, greater storage resources, and greater computing capacity. The Google Earth Engine platform emerges as the 
alternative to tackle such problems. The present study aims to explore the capability of Google Earth Engine in 
formulating spatial and temporal maps of the inundation area at Lake Limboto. A total of 345 scenes of Landsat image 
on the study area (available during the period of 1989–2019) were involved in generating a quick inundation area map 
of the lake. The whole processes (pre-processing, processing, analysing, and evaluating) were automatized by using the 
Google Earth Engine interface. The evaluation of mapping result accuracy indicated that the average score of F1-score 
and Intersection over Union (IoU) was at 0.88 and 0.91, respectively. Moreover, the mapping results of the lake’s 
inundation area from 1989 to 2019 showed that the inundation area tended to decrease significantly in size over time. 
During the period, the lake’s area also shrank from 3023.8 ha in 1989 to 1275.0 ha in 2019. All in all, the spatiotemporal 
information about the changes in lake area may be treated as a reference for decision-making processes of lake 
management in the future.  

Keywords: Google Earth Engine, Lake Limboto, lake shrinkage, Landsat, remote sensing, water index 

INTRODUCTION 

The problem of surface area shrinkage at Lake Limboto, as 
reported by SUBEHI et al. [2016], has developed into an alarming 
state. The shrinkage is mainly caused by sedimentation that enters 
the lake at a massive rate [JICA 2002]. The alarming negative 
impacts of the shrinkage have raised serious concerns about the 
urgency to monitor the dynamics of the lake’s environment 
[PUTRA et al. 2013]. A remote sensing technology is applicable in 
monitoring the dynamics of lake surface water to yield variability 
of spatial and temporal information in continuous manner 
[HUANG et al. 2018]. The spatiotemporal information functions as 
the supporting data in formulating lake management decisions. 
That being mentioned, activities of lake monitoring have been 
incorporated into the priority list of the Lake Limboto ecosystem 
recovery program carried out by the national and regional 
governments [KLHK 2015]. 

Previous studies have discussed the utilisation of remote 
sensing satellite data in mapping out the dynamics of land and 
water resources [ACHARYA et al. 2018; BOLANOS et al. 2016; DINKA, 
CHAKA 2019; ERAKU et al. 2019; HARDY et al. 2019; REZZAG BARA 

et al. 2019]. The aforementioned studies, however, only addressed 
the implementation of satellite images in a short period or with 
limited numbers of images (i.e., one scene) [NGUYEN et al. 2019]. 
On top of that, despite involving computer software, the existing 
literature still uses a conventional method of image processing. 
The limitations found in previous studies have been addressed by 
more recent studies that incorporated cloud computing techno-
logy [WANG et al. 2020]. 

The present work lays its basis on the notion that remote 
sensing satellite technology has been implemented to produce the 
satellite image data of Lake Limboto from 1989 to 2019. The 
recording process has yielded numbers of satellite images 
available for data processing. Such large-sized images, if down-
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loaded and processed manually, will require longer time to 
execute. Therefore, a platform that features the optimal capability 
of storing and computing such datasets is highly substantial to 
automatize the image downloading and processing activity. One 
of the geospatial platforms that are capable of accommodating 
such needs is Google Earth Engine or GEE [GORELICK et al. 2017]. 
As a cloud-based platform, GEE features a high computing 
performance to process and analyse large-sized geospatial data 
[KUMAR, MUTANGA 2018]. The platform is also supported by a web 
interface environment that enables the users to access wide ranges 
of remote sensing image data stored within existing public 
catalogs without having to download them [GORELICK et al. 2017]. 
It is worth noting, however, that the implementation of such 
a technology in monitoring activities of the dynamics of land and 
water resources is still limited and thus becomes an open field for 
exploration [TAMIMINIA et al. 2020]. 

The present work aims to explore the GEE platform’s 
performance in mapping out the spatiotemporal variabilities of 
Lake Limboto inundation from 1989 to 2019. Regarding that, the 
study relies on the GEE to access the Landsat images, conduct 
image processing procedures, and evaluate the mapping results. 
Within this study, all available Landsat images within the period 
of 1989–2019 in the GEE catalog are involved in extracting the 
Limboto Lake inundation area by applying the water index 
algorithm. On top of that, the preprocessing, processing, and 
analysis procedures are automatized by using the GEE interface. 
The mapping results are then juxtaposed with the data produced 
by Global Surface Water within the period of 1994–2019 available 
in the GEE catalog. 

MATERIALS AND METHODS 

STUDY AREA 

The research study area encompassed Lake Limboto and its 
surroundings (Fig. 1), located in Gorontalo province, on the 
north side of Sulawesi Island. The overall area size is 910.04 km2 

in size [PUTRA et al. 2013]. The lake holds water from 23 rivers 
located on the south, west, and north side of the lake. The lake’s 
inundation area is formed by five mainstem rivers, viz., Rintenga, 
Alopohu, Marisa, Meluopo, and Biyonga. The lake’s runoff flows 
to the Gorontalo bay through Tapodu River, located at the 
southeast end of the lake [JICA 2002; YUNGINGER et al. 2018]. 

GEOSPATIAL DATASET 

The study employed datasets from Landsat imagery and data 
produced by Global Surface Water. Both datasets are accessible in 
the GEE’s images collection public catalog [GORELICK et al. 2017]. 
From the Landsat image collections, the study involved TM, 
ETM+, and OLI Top-of-Atmosphere (ToA) reflectance (path 113 
and row 60) from 1 January 1989 to 31 December 2019 (Tab. 1). 
The Landsat optical images were applied because the data are 
available for free with 30 m spatial resolution and 16-days 
temporal resolution. In addition to that, the Landsat satellite 
images were commonly applied in monitoring the dynamics of 
surface water for a long duration, as conducted by HUANG et al. 
[2018], WANG et al. [2018] and WANG et al. [2019]. Along with the 
Landsat imagery dataset, the study also involved datasets from 
Global Surface Water by the European Commission’s Joint 
Research Centre (JRC), i.e., JRC Yearly Water Classification 
History (currently available in v1.2) [PEKEL et al. 2016]. The 
dataset from Global Surface Water was used to evaluate the lake 
inundation map yielded by the GEE platform. 

DATA PRE-PROCESSING 

GEE is a cloud-based computing application that provides 
facilities for scientific research and access to many remote 
sensing datasets [TAMIMINIA et al. 2020]. This platform can be 
accessed via a web browser connected to the internet. This 
application has an interface in the form of a code editor that 
allows users to develop the algorithms of remote sensing dataset 
processing [AMANI et al. 2020]. Therefore, all image processing 
steps in this study were written in the JavaScript programming 
language through the code editor panel in GEE. 

The pre-processing was conducted in the following steps: 
firstly, the authors accessed the Landsat images in the GEE’s 
catalog, filtered the image based on path and row, and determined 
the study area coverage. A total of 345 scenes of Landsat images 
from different sensors (TM, ETM+, and OLI) were accessed 
through the GEE’s catalog. These images were available as image 
collections and had the same spatial resolution of 30 m × 30 m. 
From 2013 through 2019, as the Landsat 8 OLI began to operate, 
the images produced were relatively high in number. It is worth 
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Fig. 1. Study area: a) Sulawesi Island, b) Lake Limboto; source: own 
elaboration 

Table 1. Image collections used in this study 

Dataset Time (DD.MM. 
YYYY) 

Image 
count 

Applica- 
tion 

Landsat 4 TM images 10.04.1989– 
10.01.1991 3 

inundated 
area map-

ping 

Landsat 5 TM images 26.05.1991– 
21.07.2000 39 

Landsat 7 ETM+ images 02.12.1999– 
30.03.2014 143 

Landsat 8 OLI images 20.04.2013– 
30.09.2020 160 

JRC Yearly Water  
Classification History 
(v1.2) images 

1991–2019 – result  
evaluation  

Source: own elaboration. 
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noting that the image data in 1992–1993 were not available in the 
GEE catalog. 

Following the above step was the application of a cloud- 
masking function by appointing a cloud score to every pixel in the 
image. This function is available in GEE to mask pixels in each 
image that has a cloud score value greater than a threshold. In this 
study, the threshold was set at 20. The threshold value was 
determined based on subjective interpretation [OKORO et al. 
2016]. The final stage in the preprocessing was the calculation of 
Normalized Difference Water Index (NDWI) [MCFEETERS 1996] 
and Normalized Difference Vegetation Index (NDVI) [ROUSE 

et al. 1973] using the formula in Table 2. The NDWI and 
NDVI have been used in previous studies to detect water features 
and vegetation using satellite data [WANG et al. 2018]. The 
misclassification of mixed objects (vegetation-water) by NDWI 
could be minimised by using NDVI [WANG et al. 2019]. This 
water index calculation was applied to each image. 

Based on the NDWI and NDVI formula in Table 2, the near- 
infrared (NIR) referred to the near-infrared band score, while the 
green referred to the green band score, and red referred to the red 
band score in the Landsat images. The water feature in the NDWI 
score will yield a positive score [MCFEETERS 1996], while that in 
NDVI will yield a negative score [ROUSE et al. 1973]. The final 
outputs of the stage were NDWI and NDVI image collection. 

INUNDATED AREA MAPPING 

The NDWI and NDVI image collection retrieved from the previous 
stage comprised series of observations. One year of the set would 
consist of several images. Thus, one would require to compose the 
images resulted within a year into a single image that represents 
the particular year. The process was conducted by applying the join 
and quality mosaic methods available in the GEE platform. The 
methods were chosen because the images were collected at 
different times, so this affected the pixel value of an object [Google 
Earth Engine 2020]. The quality mosaic method composited 
images based on the maximum NDVI and NDWI values so that 
a cloud-free image was obtained [STUHLER et al. 2016]. A composite 
image for each period was generated from this process. 

The composed image was then used to extract the 
inundation area by classifying the image pixels into two classes, 
i.e., water and non-water area. The classification needs a threshold 
value, by which this study applied the Otsu method [OTSU 1979]. 
In previous studies, the threshold value for NDVI and NDWI was 
zero [MCFEETERS 1996; ROUSE et al. 1973]. In that regards, 
adjustment of the threshold value based on the pixel image value 
can improve classification accuracy [BUMA et al. 2018]. 

The Otsu method works with the assumption that the image 
contains two classes in which the pixel histogram has a bimodal 
distribution. The threshold value is obtained by finding a single 
value that separates the two classes based on the largest variance 
between classes [DU et al. 2016]. In this study, the calculation of 
the threshold value was generated dynamically and automatically 
through the GEE’s interface by adapting the JavaScript code 
written by CLINTON [2017]. These calculations were applied to 
NDVI and NDWI images, respectively. Based on this threshold 
value, an extraction process was carried out to separate water and 
non-water. The criteria “NDWI > threshold and NDVI < 
threshold” were used to classify objects as water or non-water. 
Pixels that match the criteria were classified as water. The output 
of this process was maps of inundation areas from 1989 to 2019 
and annual inundation area values. Further, the authors applied 
a long-term trend test by employing a Mann–Kendall test 
[KENDALL 1975; MANN 1945] to identify the presence of 
a monotonic trend (increasing or decreasing). Sen’s method was 
also applied to calculate the true slope of the trend [SEN 1968]. 
These two tests were done by using Excel software. 

ACCURACY ASSESSMENT 

An accuracy assessment to evaluate the mapping results of the 
inundation area was conducted by applying the confusion matrix 
approach. The confusion matrix provides information of 
comparison between the prediction result and reference image 
[BUMA et al. 2018; MAXWELL, WARNER 2020]. As for the reference 
image, the authors involved JRC Yearly Water Classification 
History images available in the GEE catalog. The “Permanent 
Water” attribute class at the JRC data was selected to be compared 
with the “Water” class at the mapping results. Since the 1989– 
1993 JRC data was unavailable, the comparison was only 
performed for the mapping results in the period of 1994–2019. 
The comparison results in the form of a confusion matrix were 
then applied as a reference to calculate the performance criteria. 
Since only two classes were involved (water and non-water), the 
calculated performance criteria only consisted of Producer’s 
Accuracy (PA), User’s Accuracy (UA), F1-score, and Intersection 
over Union (IoU) [MAXWELL, WARNER 2020; WANG et al. 2020]. 
The accuracy assessment results (consisting of four performance 
criteria) were made for each annual image based on the 
classification results in the period of 1994–2019. 

RESULTS 

PERFORMANCE EVALUATION RESULTS 

Table 3 displays the results of performance evaluation, consisting 
of Producer’s Accuracy (PA), User’s Accuracy (UA), F1-score, 
and Intersection over Union (IoU). The evaluation was 
conducted for 26 images as the extraction result of the Lake 
Limboto inundation area from 1994 to 2019. As shown in 
Table 3, in F1-score criteria, 22 of 26 images arrived at 0.80–0.97 
range, while the rest four images were at 0.64–0.79 range. 
Meanwhile, in IoU criteria, 25 images arrived at 0.80–0.98 range. 
The results of the performance evaluation show that the results 
of inundated area extraction are consistent with the reference 
map. 

Table 2. The formula of water indices used for water feature 
extraction 

Index Formula Reference 

NDWI NDWI = (green – NIR) / (green + NIR) MCFEETERS [1996] 

NDVI NDVI = (NIR – red) / (NIR + red) ROUSE et al. [1973]  

Explanations: NDWI = Normalized Difference Water Index, NDVI = 
Normalized Difference Vegetation Index, NIR = near-infrared. 
Source: own elaboration. 
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SPATIOTEMPORAL DISTRIBUTION  
OF LAKE INUNDATION AREA IN 1989–2019 

Figure 2 presents 29 maps of the annual lake inundation area 
during 1989–2019. The map was generated from the automation 
of the inundation extraction process by using water index in the 
GEE interface. The blue polygon in the figure indicates the 
presence of water and acts as the border of the lake inundation 
area; image composite was used as a background image. On top of 
that, the size of the inundation area was different in each 
observation year. The largest inundation area (3023.80 ha) was 
found in 1989, while the smallest inundation area was in 2016, at 
971.90 ha. Based on the Mann–Kendall test, the inundation area 

of Lake Limboto showed a significantly decreasing trend at the 
significance level of 0.01 (p-value = 0.00008) over the last 30 years 
(Fig. 3). Overall, the area of the lake which has shrunk from 1989 
to 2019 was 1933.74 ha. 

DISCUSSION 

Water index is an index that is often used to map the dynamics of 
changes in lake inundation, and previous studies have mainly 
used remote sensing images to calculate inundation area changes 
[ACHARYA et al. 2018; ERAKU et al. 2019; JIANG et al. 2014]. In this 
study, to get a better understanding of the long-term changes in 
Lake Limboto, all the available Landsat images from 1989 to 2019 
were used and analysed with the same index. 

This study used a different approach to investigate the 
spatial-temporal variation of inundation areas in Lake Limboto 

Table 3. Results of performance evaluation for each image based 
on the classification results from 1994 to 2019 

Year 
Evaluation acc. to 

PA UA F1-score IoU 

1994 0.97 0.95 0.96 0.97 

1995 0.98 0.89 0.93 0.94 

1996 0.94 0.87 0.91 0.92 

1997 0.96 0.88 0.92 0.94 

1998 0.97 0.96 0.96 0.97 

1999 0.98 0.87 0.92 0.93 

2000 0.96 0.83 0.89 0.89 

2001 0.99 0.80 0.89 0.87 

2002 0.98 0.94 0.96 0.96 

2003 0.99 0.96 0.97 0.98 

2004 0.96 0.92 0.94 0.95 

2005 0.97 0.93 0.95 0.96 

2006 0.90 0.89 0.90 0.91 

2007 0.95 0.93 0.94 0.95 

2008 0.67 0.61 0.64 0.65 

2009 0.76 0.82 0.79 0.86 

2010 0.84 0.72 0.77 0.82 

2011 0.96 0.80 0.87 0.89 

2012 0.93 0.79 0.86 0.89 

2013 0.87 0.75 0.80 0.88 

2014 0.94 0.74 0.83 0.91 

2015 0.99 0.82 0.90 0.94 

2016 0.87 0.89 0.88 0.95 

2017 0.76 0.74 0.75 0.85 

2018 0.92 0.87 0.89 0.92 

2019 0.99 0.76 0.86 0.93  

Explanations: PA = Producer’s Accuracy, UA = User’s Accuracy, IoU = 
Intersection over Union. 
Source: own study. 

Fig. 2. Spatiotemporal variation of Lake Limboto inundation extent from 
1989 to 2019; each image uses a band combination of near-infrared (NIR), 
red (R), and green (G); source: own study 

Fig. 3. The temporal variation of the inundated area from 1989 to 2019; 
source: own elaboration 
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during 1989–2019. The use of the GEE as a cloud computing- 
based geospatial technology provides a flexible and efficient way 
to map the inundation area in Limboto Lake from 1989 to 2019. 
This work involves many images; however, these could be 
processed quickly without having to download the images. The 
GEE platform is capable of processing and analysing data in huge 
size and quantity [GORELICK et al. 2017]. Meanwhile, the approach 
in the previous study still required downloading of data for 
further local processing. Such a method would demand longer 
processing times and greater processing capacity if a series of 
satellite imagery were to be involved. Thus, this is considered 
inefficient [NGUYEN et al. 2019]. Furthermore, the use of GEE 
technology in this study can save a lot of time when processing 
and analysing data. 

As in previous studies on the long-term variation in the 
Lake Limboto inundation area [HAMZAH et al. 2018; KIMIJIMA et al. 
2020], this study found a decrease in the annual area of the lake. 
The difference between this study and the previous study is that 
the spatial and temporal variation of shrinkage was specified each 
year in this study. Regarding the spatial variations, maps of 
annual inundation areas in Lake Limboto from 1989 to 2019 were 
made as an illustration. It is clearly apparent that the areas where 
the largest shrinkage occurred were in the western and north-
western regions. This fact is probably related to the close 
geographical relationship with the three major rivers (Marisa, 
Alopuhu, and Meluopo) that flow into Lake Limboto. This is 
presumably due to these rivers’ capability of loading sedimentary 
material into the lake. Besides, JICA [2002] reported that the 
Meluopo and Alopohu Rivers were the largest sediment 
contributors to the lake. The shrunk area has the potential to 
be converted into other land uses such as agricultural land and 
plantations, as reported by UMAR et al. [2018]. Meanwhile, the 
temporal variation of inundation areas in Lake Limboto shows 
a significant decreasing trend during 1989–2019. Since this study 
used time-series data, it is possible to calculate the significance of 
trends that were not done in previous studies. The increasing 
shrinkage of the lake area will decrease the function of the lake as 
a water reservoir; thus increasing the risk for flooding around the 
lake area or even outside the lake. Therefore, the findings of the 
study are regarded as valid to provide information to the 
authorities to take anticipatory steps in Lake Limboto manage-
ment in the future. 

Several factors have been argued by previous studies to be 
the cause of shrinking inundation in Limboto Lake. The factors 
are rate of sedimentation, growth of aquatic vegetation, and land- 
use changes around the lake [SUBEHI et al. 2016; UMAR et al. 2018]. 
The shrinkage phenomenon blames the massive rate of sedi-
mentation as a result of a shift in land use at the Limboto 
watershed [JICA 2002]. Land-use change, especially the reduction 
of forest area, may contribute to sedimentation and erosion rates. 
KIMIJIMA et al. [2020] reported that the high rate of sedimentation 
that enters Lake Limboto through rivers is mostly due to the 
erosion of the main rivers. Furthermore, the existence of aquatic 
vegetation, which has covered 43% of the lake surface as reported 
by KLHK [2015], could threaten the lake environment. The 
growth of aquatic vegetation increases due to eutrophication 
[SUBEHI et al. 2016]. According to JASKUŁA and SOJKA [2019], 
uncontrolled growth of aquatic vegetation can threaten the lake 
environment and gradually cause the lake area to decrease. In 
addition to that, the increased activities of agriculture, fisheries, 

and settlement development [PUTRA et al. 2013] also contributed 
to the sedimentation rate at the lake [YUNGINGER et al. 2018], and 
in turn, damaged the lake environment. 

Further analysis on the climate variability during 1989–2019 
would help to better understand the reasons for the shrinkage of 
the lake area. This climate variability can lead to a drought period 
[CHEN, YANG 2013] and impacts the surface water level [ZOU et al. 
2017]. That being mentioned, the drought phenomenon, in its 
relation to the lake’s spatial and temporal variation, is seen as an 
essential topic to explore further [WU, LIU 2014]. On top of that, 
the drought period that occurred at the drainage basin of Lake 
Limboto during 1981–2016 [KOEM, RUSIYAH 2017; 2018] and its 
correlation with the dynamics of the lake’s inundation during 
1989–2019 is potential for further studies to investigate on. 

There are several limitations to this study. Firstly, extraction 
of inundated areas did not consider the presence of aquatic 
vegetation as part of the lake area. Even so, the results in Figure 
2 show that vegetation objects in the study area could be detected 
using the NDVI and NDWI indices. The light green on 1991, 
1994, 1995, and 1998 images indicates the presence of vegetation. 
According to TRISAKTI [2013], some of the vegetation were part of 
the lake. However, in this study, the inundation area extraction 
was only carried out on objects identified as water. The authors 
were difficult to distinguish the boundary between terrestrial and 
aquatic vegetation, relying only on spectral information from the 
satellite data used. The spectral characteristics of aquatic 
vegetation are strongly influenced by atmospheric conditions 
and water effects [ZHOU et al. 2018]. Besides, field measurement 
data to validate aquatic vegetation objects in the study area were 
not available. 

Another limitation is the spatial resolution of the satellite 
data used in this study. The Landsat images employed have 
a spatial resolution of 30 m × 30 m, so the area of objects less than 
30 m could not be detected. Additionally, The Landsat 7 ETM 
+ images collected after 31 May 2003 have scan line errors. These 
images influenced the classification process, as shown in Figure 
2 (images from 2004 to 2012). Further studies may as well involve 
data from remote sensing active technology and imagery from 
other satellites. 

CONCLUSIONS 

The study has shown that the water index method at the GEE 
platform is applicable to map out an inundation of a lake for 
a long period. The whole procedures (pre-processing, processing, 
analysis, and evaluation) were automatized by using the GEE 
interface; this is aimed to resolve the limitations found in 
conventional methods of satellite data processing. On top of that, 
the GEE data catalog also features satellite data from other 
sources; this feature allows a researcher to compare the mapping 
results and the dataset as previously mentioned. Such a method is 
highly useful in a condition in which other reference data or field 
data are not available. 

Further, the lake inundation map obtained by the present 
work is applicable to support the prioritised sustainable manage-
ment program of Lake Limboto. The dynamics of inundation in 
Lake Limboto are required to be simulated with the drought 
phenomenon in the lake’s drainage basin as the aftermath of 
global climate fluctuation. Further studies might need to take into 
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account the water vegetation that covers the lake surface. 
Implementation of appropriate bands might be beneficial to 
detect the presence of any water vegetation on the lake. Further 
studies may as well involve image microwave sensors or high- 
resolution images. 
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