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ABSTRACT�

1.� INTRODUCTION�

In�recent�years,�the�use�of�satellite�image�processing�for�applications�related�to�natural�
resources,� the� environment,� and� natural� disasters� has� become� increasingly� widespread.�
Combining� satellite� imagery�with� geospatial�data� has� enhanced� the� accuracy� of� land� cover�
interpretation�and�the�monitoring�of�surface�changes.�Machine�learning�models�and�artificial�
intelligence,�when� integrated�with�multi-source� data,� have� been� instrumental� in� forecasting�
natural�disasters�such�as�floods,�landslides,�and�subsidence,�thereby�helping�to�mitigate�risks�to�
human�life.�

Given� the� large� volume� of� imagery� and� geospatial� data,� the� diversity� of� sources� and�
formats,�and�their�growing�accessibility,�these�datasets�can�be�classified�as�"big�data"�(Laney�
2001,�Diebold�2012).�Cloud�computing�platforms,�which�function�as�virtual�supercomputers,�
provide� access� to� vast� processing� and� computational� resources� for� various� data� types.� In�
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addition,� cloud� computing� allows� flexible� data� storage,� enabling� more� efficient� post-
processing.�

Several� current� cloud� computing� platforms� are� relevant� to� natural� resources� and�
environmental�applications.�Amazon�Web�Services�(AWS)�offers�access�to�the�largest�suite�of�
machine�learning�and�artificial�intelligence�(AI)�services.�AWS�hosts�various�satellite�imagery�
datasets,� including� Sentinel-1,� Sentinel-2,� Landsat� 8,� and� the� National� Oceanic� and�
Atmospheric� Administration’s� (NOAA)� High-Resolution� Rapid� Refresh� (HRRR)� Model.�
Google�Cloud�Platform�(GCP),�introduced�by�Google�in�2008,�is�a�public�cloud-based�service�
designed�for�developing�and�hosting�web�applications�in�Google-managed�data�centers�on�a�
pay-as-you-go� basis.�GCP� offers� services� such�as� data� storage,� analytics,�machine� learning�
tools,�and�enterprise�mapping�services�(Krishnan�and�Gonzalez�2015).�

In�2010,�Microsoft�launched�Azure,�a�cloud�computing�platform�for�building,�testing,�
deploying,� and� managing� applications� and� services� via� Microsoft-managed� data� centers�
(Wilder�2012).�Azure�provides�machine�learning�services�and�hosts�satellite�data�products�such�
as�Landsat,�Sentinel-2�for�North�America�(from�2013�to�present),�and�MODIS�imagery�(from�
2000�onwards).�

More�recently,�Google�Earth�Engine�(GEE)�has�emerged�as�a�prominent�platform�for�big�
data�processing�in�geospatial�applications.�GEE�is�a�cloud-based�platform�that�enables�parallel�
processing�of�geospatial�data�at�a�global�scale�using�Google’s�cloud�infrastructure�(Gorelick,�
Hancher�et�al.�2017).�GEE�is�a�free�platform�hosting�petabyte-scale�archives�of�over�40�years�
of� remote� sensing� data,� including� Landsat,� MODIS,� Sentinel� 2,� 3,� and� 5-P,� as� well� as�
meteorological�datasets�like�NOAA�AVHRR�and�radar�satellite�data�from�ALOS�PalSAR�1,�2,�
and�Sentinel-1�(Gorelick�et�al.,�2017).�GEE�also�includes�geospatial�datasets�related�to�climate,�
weather,�and�geophysics,�and�offers�ready-to-use�products�such�as�monthly�and�daily�rainfall�
data�from�satellite�and�ground-based�rain�gauges,�and�the�Normalized�Difference�Vegetation�
Index�(NDVI)�(Kumar�and�Mutanga�2018).�

GEE’s� notable� strength� lies� in� its� ability� to� process� large-scale� satellite� data� without�
requiring�users� to�download�data�locally,� thanks� to�Google’s�powerful�server�infrastructure.�
This�infrastructure�allows�users�to�access�millions�of�optical�and�radar�satellite�images,�as�well�
as� environmental�data� from�various� sources.�GEE� provides� robust� tools� for�processing� and�
analyzing�satellite�data,�including�image�operations,�time�series�analysis,�and�the�generation�of�
environmental� maps� and� indices.� Additionally,�GEE� offers� a� code� editor� via� a� web-based�
Integrated�Development� Environment� (IDE),� enabling� users� to�write,� develop,� and� execute�
complex�scripts�using�JavaScript�APIs�(Kumar�and�Mutanga,�2018).�

However,�while�GEE�is�a�powerful�tool�for�processing�and�analyzing�satellite�data,�it�has�
limitations� when� it� comes� to� applying� advanced� data� analysis� methods,� such� as� artificial�
intelligence�(AI),�machine�learning,�and�deep�learning.�GEE�primarily�focuses�on�image�data�
processing�and�offers�direct�support�for�only�a�limited�range�of�machine�learning�algorithms,�
which�may�restrict�users�from�conducting�more�detailed�analyses.�This�is�where�Google�Colab�
becomes�essential.�

Google�Colab�is�an�online�notebook�environment�that�strongly�supports�Python�and�data�
analysis�libraries� such�as�TensorFlow,�PyTorch,�and�scikit-learn.� It� allows�users� to�perform�
advanced�data�analysis�and�build�machine�learning�or�deep�learning�models�without�worrying�
about�hardware�limitations.�



�

�
�

International�Symposium�on�Geoinformatics�for�Spatial�Infrastructure�Development�in�Earth�and�Allied�Sciences�2024�

The�combination�of�GEE�and�Colab�creates�a�more�efficient� data�analysis�workflow.�
Users�can�leverage�GEE�to�retrieve�and�process�large-scale�satellite�data�and�then�export�the�
data� to�Colab� to�apply�AI� and�machine� learning�algorithms� to�uncover�deeper�patterns�and�
insights.�For� instance,� after�generating�environmental� indicators� from�satellite�data� in�GEE,�
users�can�use�Colab�to�develop�and�train�machine�learning�models�to�analyze�environmental�
changes�or�predict�future�trends.�

In�this�paper,�we�aim�to�explore�the�capabilities�of�GEE�in�analyzing�multi-source�satellite�
data�over�time�and� integrate�it�with�machine�learning�algorithms�to�predict� surface�changes�
such� as� the� expansion� of� open-pit� mining� Thai� Nguyen� and� landslide� prediction� in� a�
mountainous�region�of�Vietnam.�Additionally,�we�will�show�a�landslide�monitoring�study�using�
a�multi-temporal�Sentinel-1�complex�image�series�for�the�2019-2020�period,�as�well�as�a�land�
subsidence�forecast�for�a�small�area�in�the�Mekong�Delta�of�Vietnam.��

�
2.� METHODOLOGY�

2.1�Google�Earth�Engine�(GEE)�Applications�
As�presented� in� the� introduction,�GEE� is�a� cloud�computing�platform�with� large�data�

sources�related�to�satellite�image�data�and�geospatial�data.�Below�is�a�summary�of�some�of�the�
functions�of�GEE�(Tamiminia,�Salehi�et�al.�2020)�

Table�1.�Some�algorithms�and�features�available�in�the�Google�Earth�Engine�Code�
Editor.�

Order� Package� CapabiliƟes� Order� Package� CapabiliƟes�

-�

-�

-�

-�

-�

-�
-�
-�
-�
-�

-�

-�
-�

-�

-�

-�
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-�

-�
-�
-�

-�

-�

As�discussed,�the�remote�sensing�data�processing�capabilities�of�GEE�have�encouraged�
researchers�to�leverage�this�technology�for�various�environmental�applications�(Table�1).�GEE's�
ability�to�store�geospatial�datasets,�along�with�its�features�for�coding,�sharing,�processing,�and�
visualizing�data,�has�made�it�a�standout�competitor�among�existing�cloud�platforms.�Although�
several�studies�have�explored�geospatial�big�data�analytics,�they�have�primarily�focused�on�its�
characteristics,�existing�tools,�and�applications�(Chi,�Plaza�et�al.�2016);�(Tamiminia,�Salehi�et�
al.�2020).�In�the�fields�of�remote�sensing�and�spatial�data�analytics,�a�Google�Scholar�search�
returns�approximately�356,000�results�that�related�to�the�GEE,�underscoring�the�effectiveness�
of�GEE's�tools�and�functionality�in�meeting�the�demands�of�image�and�geospatial�data�analysis�
and�processing.�Figure�1�below�shows�the�GEE�interface.�

�

Figure�1.�Google�Earth�Engine�Platform�

2.2�Applications�of�the�Google�Colab�Platform�

The�Google� Colab� cloud� platform� is� a� web-based� service� that� provides� users� with� a�
coding� environment� equipped� with� powerful� computing� resources,� tools,� and� functions,�
enabling� complex� analyses�on� large� datasets.� These� resources,� including� storage� and� high-
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performance�servers,�are�hosted�by�the�provider�and�accessed�by�users�through�a�web�browser.�
With� the� exponential�growth� in� data� and� increasingly�complex� analytical�methods� used�by�
researchers�and�businesses,�cloud�platforms�are�becoming�more�advantageous.�The�availability�
of�GPUs�and�TPUs,�accessible�from�a�user’s�personal�computer,�allows�for�advanced�analysis�
to�be�performed�without�the�need�for�expensive�hardware.�Additionally,�many�cloud�services�
offer�analytics-ready�data�or�access�to�datasets�via�APIs,�making�it�faster�and�easier�to�collect�
and�utilize�diverse�data�types.�

Unlike�GEE,�Google�Colab�supports�running�machine�learning�and�deep�learning�algorithms�
from�various�libraries�and�can�integrate�with�other�platforms�like�Kaggle,�Jupyter,�or�GEE�for�
advanced�Earth�observation�and�geospatial�data�analysis.�Google�Colab�uses�Python,�a�widely�
popular� language� for� geospatial� data� analysis.� Figure� 2� below� shows� the� Google� Colab�
interface.�

�

Figure�2.�Google�Colab�Platform�

�

3.�� UTILIZING� CLOUD� COMPUTING� PLATFORMS� FOR� ENVIRONMENTAL�
AND�RESOURCE�DATA�ANALYSIS�AND�PROCESSING�

3.1�Application�of�Google�Earth�Engine�(GEE)�to�determine�the�expansion�of�open-
pit�coal�mines�through�the�use�of�optical�satellite�imagery,�radar�data��

The�study�focuses�on�the�Minh�Tien�coal�mine,�located�in�the�communes�of�Minh�Tien�and�Na�
Mao� in� Thai� Nguyen� province,� Vietnam.� Licensed� in� 2014� with� an� approved� extraction�
capacity� of� 8,500� tons� per� year,� the� mine� began� open-pit� operations� in� 2018,� significantly�
increasing� its� output� beyond� the� licensed� limit.�As� the�mining� areas�have�expanded,�waste�
material�from�the�mine�has�been�deposited�near�agricultural�lands,�posing�environmental�risks�
and�threatening�the�livelihoods�of�local�residents.�This�study�monitors� the�mine's�expansion�
using�satellite�data�available�on�Google�Earth�Engine,�including�both�radar�Sentinel-1�images�
and�Sentinel-2�optical�images.�Figure�3�is�Flowchart�of�data�processing.�

The� processing� for� multi� temporal� Sentinel-1� images� in� both� ascending� and� descending�
directions� and� Sentinel-2� to�calculate� the�Normalized�Difference�Vegetation� Index� (NDVI)�
series�to�control�the�different�trends�from�2016�to�2021.�NDVI�is�then�employed�to�mask�the�
areas�with�vegetation�that�witness�no�abrupt�changes�in�the�land�cover.�This�NDVI�also�acts�as�
the�basis�for�collecting�samples�for�Random�Forest�classification�of�the�Sentinel-2�images.�The�
results�from�Sentinel-1�and�Sentinel-2�combined�with�MASK�from�NDVI�have�determined�the�
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expansion�area�of�the�Minh�Tien�coal�mine.�The�results�are�compared�with�those�published�on�
the�website�of�Thai�Nguyen�Portal� and�have� a� significant� similarity�(Van�Anh,�Hanh� et�al.�
2022).��

�
Figure�3.�Flowchart�of�data�processing�

�

�
�
Figure��4.����(a)�Sentinel-2�image�(2016-2019)�median�filter,�(b)�Sentinel-2�images�(2019-
2021)�median�filter,�(c)�RF�classification�image�(2016-2019),�(d)�RF�classification�image�

(f)�

(e)�

(g)�

(h)� (i)�

(j)�

(k)�

(l)�
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(2019-2021),�(e)�Sentinel-1�image�before�2019,�(f)�Sentinel-1�image�after�2019,�(g)�
subtraction�between�the�two�times�of�Sentinel-1�images,�(h)�Land�cover�changes�by�
Sentinel-2,�(i)�NDVI�MASK,�and�(j)�land�cover�changes�by�Sentinel-1�images.�(k)�Result�
of�expansion�of�coal�mine�area�from�2016�to�2021,�(l)�a�photo�at�the�location�of�the�Minh�
Tien�coal�mine�taken�in�September�2021�
�

3.2�Building�a�landslide�susceptibility�map�using�SVM,�RF�and�GB�on�GEE�platform�
�

Our�study�focuses�on�some�of�the�capabilities�of�GEE�in�landslide�prediction�modeling.�
We�tested�three�algorithms�for�the�Van�Yen�area,�Yen�Bai,�Vietnam.�The�study�employed�data�
from�13�factors�influencing�landslides,�along�with�field�survey�data�and�PSI-InSAR�analysis�of�
Sentinel-1� imagery,� to�develop�landslide� susceptibility�maps�using�Support�Vector�Machine�
(SVM),�Random�Forest�(RF),�and�Gradient�Boosting�(GB)�machine�learning�models.�(Tran,�
Khuc�et�al.�2024)�

�

����������������� �
����������������������Figure�5.�Flowchart�of�model�building�for�landslide�prediction�
�
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Figure�6.�Landslide�susceptibility�map�predicted�by�models:�(a)�SVM,�(b)�RF,�(c)�GB�
�

The� findings� revealed� that� areas� with� high� landslide� susceptibility�were� concentrated�
along�major�transportation�routes�in�the�districts�of�Chau�Que�Ha,�Phong�Du�Ha,�and�Phong�
Du�Thuong.� The� results� showed� that� the� combination� of�models� improved� the� accuracy�of�
landslide�susceptibility�maps,�with�the�Random�Forest�model�outperforming�Gradient�Boosting�
and�Support�Vector�Machine,�achieving�AUC�values�of�0.880,�0.865,�and�0.684,�respectively.�
Additionally,� the� Google� Earth� Engine� (GEE)� cloud� platform� proved� highly� effective� by�
integrating�vast�cloud-based�datasets� and�applying� efficient�machine� learning�algorithms� to�
build�predictive�models.�
�

3.3�Landslide�monitoring�on�Colab�GMTSAR�platform�based�on�Sentnel-1�Radar�
image�series�in�the�period�2019-2020�

As�mentioned�above,�GEE�has�the�ability�to�obtain�and�process�satellite�image�data�and�
geospatial� database� sources� quite� well,� however,� for� complex� Radar� images,� GEE� is� not�
capable.�PyGMTSAR�was�developed�by�Dr.�Eric�Fielding�and�his�team�at�the�Jet�Propulsion�
Laboratory� (JPL),� part� of� the�California� Institute� of�Technology� (Caltech),� as� part� of� their�
initiative�to�create�accessible�and�efficient�tools�for�processing�and�analyzing�SAR�data�within�
the� scientific� community.� PyGMTSAR� is� an� open-source,� Python-based� software� package�
designed�for�studying�Earth's�surface�deformation�through�synthetic�aperture�radar�(SAR)�data.�
It� integrates� with� GMT5SAR,� another� SAR� data� processing� toolkit,� and� provides� various�
features�and�utilities�for�SAR�analysis.�A�new�use�case�for�PyGMTSAR,�focusing�on�SBAS�
analysis�by�Alexey�Pechnikov�(Pechnikov�2024),�is�now�available�on�Google�Colab��

In�this�study,�we�processed�data�for�18�Sentinel-1�images�of�Van�Yen�area,�Yen�Bai�province,�
Vietnam�to�monitor�landslides�during�the�period�from�2019-2020.�The�processing�procedure�is�
as�shown�in�figure�6.�
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���������������������������������������������������� �
�������������������
�����Figure�7.�Flowchart�of�landslide�monitoring�on�PyGMTSAR�on�Google�Colab�
�

������������������������ �
�
���Figure�8.�Landslide�monitoring�in�Van�Yen,�Yen�Bai,�Vietnam�by�PyGMTSAR�on�
Google�Colab�
�
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3.4�Land�Subsidence�Forecasting�on�Google�Colab�Using�Data�Series�Processed�
from�Sentinel-1�Radar�Images�

�
As�discussed�above,�GEE�offers�significant�benefits�by�allowing�us�to�access�and�process�

available�data�without�the�need�to�download�it�to�our�personal�computers.�However,�specialized�
processing�tools,�such�as�machine�learning�and�deep�learning,�are�somewhat�limited�in�GEE.�
In�contrast,�Google�Colab,�with� its�support� for�Python�programming,�is�a�valuable�tool�that�
integrates�with�various�open-source�libraries,�making�it�effective�for�generating�forecast�maps.�
In� this� application,� we� highlight� the� use� of� the� XGBoost� machine� learning� algorithm� for�
forecasting�land�subsidence�based�on�results�from�multi-temporal�radar�image�processing�of�
the�area� around�Ca�Mau�city�from�2015� to�2023.�Unlike�our�previous�studies� that�used� the�
Boosting�Model� to� predict� subsidence� susceptibility,� this� study� focused� on� estimating� the�
subsidence�values�one�year�after�the� end�of� the�subsidence�data� series�(Tran,�Brovelli�et�al.�
2024),� (Tran,� Khuc� et� al.� 2023).� The� figure� 9� illustrates� a� subsidence� forecast� flowchart�
generated�on�Google�Colab.�

To� forecast� subsidence,� we� utilized� the� subsidence� value� series� generated� by� the�
PSInSAR�method�for�the�period�from�2015�to�2023.�This�time�series�included�92�subsidence�
data�columns�used�as�input�data.�A�total�of�5,290�PS�points�were�selected�to�build�the�subsidence�
forecast�model� for� this� area.�The� set�of�points�was�divided,�with�70%�used�for� training� the�
model�and�30%�used�for�accuracy�evaluation.�Figure�10�shows�the�results�of�land�subsidence�
prediction�interpolated�by�the�Kriging�algorithm.�
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Figure�9.�Subsidence�forecasting�diagram�made�on�Google�Colab�
�
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Figure�10.�Subsidence�forecasting�map�for�2024�using�XGBoost�algorithm�

The�settlement�forecast�was�calculated�for�the�12�months�leading�up�to�the�end�of�the�data�
series,�from�May�2022�to�May�2023.�The�purpose�was�to�use�this�12-month�period�to�assess�
accuracy�before�proceeding�with�the� forecast� for� the�following�12�months.�A�total�of�4,232�
points�were�included�in�the�forecast.�.�Statistical�metrics�such�as�RMSE,�MAE,�and�R²�were�
employed�to�assess�the�accuracy.�The�RMSE,�MAE,�and�R²�of�12�months�under�assessment�is�
presented�in�the�table�below.�

�

�

�����Table�2.�Evaluation�error�for�12�columns�of�test�data�
Month� RMSE�(mm)� MAE�(mm)� R2�

�

The�forecasted�subsidence�over�the�12-months�was�compared�with�the�final�time�point�in�
the� data� series� from�May� 2023.� The� results� indicated� that� the�most� significant� subsidence�
occurred�around�Ca�Mau�city,�with�additional�points�around�Cai�Nuoc�district,�Tran�Van�Thoi,�
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�Processing�and�analyzing�multi-source,�multi-resolution�geospatial�data�on�cloud�platforms�for�some�
environmental�and�disaster�applications.�

and�a�few�in�U�Minh�district.�Over�one�year,� the�highest�recorded�subsidence�was�-14�mm,�
primarily�concentrated�in�Ca�Mau�city�and�the�Cai�Nuoc�area.�

4.� CONCLUSION�

In� this� study,� four� applications� using� the� GEE� and� Google� Colab� platforms� were�
highlighted:� (1)�monitoring� coal� mine� expansion� in� Thai� Nguyen,� Vietnam,� (2)� creating� a�
landslide�susceptibility�map�with�machine�learning�on�the�GEE�platform�in�Van�Yen�district,�
Yen�Bai�province,�Vietnam,�using�SVM,�RF,�and�GB�algorithms,�(3)�monitoring�landslides�
from� Sentinel-1� radar� image� series� using� PyGMTSAR� on� Colab,� and� (4)� forecasting� land�
subsidence�using�a�subsidence�value�series�from�2015�to�2023.�These�applications�demonstrate�
the�strengths�of�both�GEE�and�Google�Colab.�By�utilizing� them,�users�can� leverage�GEE’s�
capabilities�in�processing�large-scale�datasets�and�Colab’s�advanced�data�analysis�tools.�This�
combination�not�only�streamlines�workflows�but�also�unlocks�new�possibilities�for� research�
and�applications�across�various�fields�
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