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ABSTRACT: 
 
Data gaps and poor data quality may lead to flawed conclusions and data-driven policies and decisions, such as the measurement 
of Sustainable Development Goals progress. This is particularly important for land cover data, as an essential source of data for a 
wide range of applications and real-world challenges including climate change mitigation, food security planning, resource 
allocation and mobilization. While global land cover datasets are available, their usability is limited by their coarse spatial and 
temporal resolutions. Furthermore, having a good understanding of the fitness for the purpose is imperative. This paper compares 
two datasets from a spatial data quality perspective: (1) a global land cover map, and (2) a fit-for-purpose training dataset that is 
generated using visual inspection of very high-resolution satellite data. The latter dataset is created using Google Earth Engine 
(GEE), a cloud-based computing platform and data repository. We systematically evaluate the two datasets from spatial data quality 
(SDQ) perspective using the Analytic Hierarchy Process (AHP) to prioritise the criteria, i.e. SDQ. To validate the results, land 
cover classifications are conducted using both datasets, also within GEE. Based on the results of the SDQ evaluation and land cover 
classification, we find that the second training dataset significantly outperformed the global land cover maps. Our study also shows 
that cloud-based computing platforms and publicly available data repositories can provide an effective approach to filling land 
cover data gaps in data-scarce regions. 
 
 

1. INTRODUCTION 

While progress has been made towards the 2030 Sustainable 
Development Goals (SDG), according to the latest report (UN, 
2019), renewed commitment is required in order to meet the 
targets within a decade. The report emphasizes that the lack of 
timely, global data across critical targets and indicators has been 
a hindrance to accurately monitoring progress. Such limitations 
tend to be concentrated in low- and middle-income countries, 
where development needs are highest (Phiri et al., 2019). For 
example, a study on SDG advancement in Africa found that over 
60% of the SDG indicators lack sufficient information to 
properly track progress (Jerving, 2019).  Furthermore, only about 
one-third of data used for SDG measurement are provided by 
individual countries (Jerving, 2019). According to the 
“Government Statistical Capacity” score, an indicator provided 
by the World Bank, the average score of the Middle East & North 
Africa is 59.9/100 (World Bank, 2018). As a result, estimates and 
outdated information are heavily relied upon for policy 
development and resource allocation (Saah et al., 2019).  
 

 “Without data, we drive blind — policies are misdirected 
and progress on the road to development is stunted. We must 
all act urgently to close the ‘data gap,’ if indeed we aim to 
leave no one behind.”  

- Mo Ibrahim, chair of the Mo Ibrahim Foundation  
(Jerving, 2019) 

 
Given the pervasiveness of the data shortage and the immense 
effort that would be required to address the full scope of 
indicators, prioritisation of the most important ones is crucial. 
Land cover, for example, is considered an Essential Climate 
“Variable (ECV) because land cover data is used for a wide range 
of purposes, including land use planning, natural resource 
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management, climate change mitigation, and food security 
planning (Sessa and Dolman, 2008; Saah et al., 2019). 
 
Many developing countries may suffer from the lack or poor of 
technical skills institutional capacity, data and computational 
infrastructure to produce timely, high quality, fit-for-purpose 
land cover maps. Global land cover datasets tend to be used while 
their usability is often limited to their spatial and temporal 
resolutions, classification schemes, and global and regional 
inconsistencies (Fritz and See, 2008; Verburg et al., 2011; Saah 
et al., 2019). For example, a comparison of nine different land 
cover datasets found only 2.5% full agreement for cropland in 
Africa (Pérez-Hoyos et al., 2017, 2020). 
 
New and continuous advances in cloud computing and data 
storage have enabled the development of new tools that 
potentially address many of the aforementioned issues. The ease 
of analysis and access to data, provided by cloud-based 
computing and data repository services, such as Google Earth 
Engine (GEE), enable the on-demand generation of land cover 
classified maps and facilitate the measurement of development 
indicators. For example, GEE is being used to monitor forest 
degradation in response to SDG indicator 15.1 regarding the 
conservation and sustainable use of forest and other related land 
covers (Mondal et al., 2020).  
 
Considering the urgent need to fill the data gap in developing 
countries, we explore two approaches to generating land cover 
maps using land cover classification, public datasets, and free 
cloud computing services. Specifically, we evaluate two different 
training datasets: (1) global land cover maps, and (2) a fit-for-
purpose training dataset that is generating using visual inspection 
of very high-resolution satellite data.  
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training data and validation information. A second advantage is 
that the dataset was built specific to the study area. However, a 
disadvantage to this dataset is that fewer classes can be produced 
from visual interpretation. 
 
2.4  Definition of Spatial Data Quality Criteria 

Spatial Data Quality can have a direct impact on many decision-
making processes, e.g. choosing among datasets for specific 
applications or services. Although different organisations may 
identify SDQ with different characteristics and criteria (Devillers 
et al., 2007), there is a general agreement on the ‘famous five’ 
internal criteria, namely positional accuracy, thematic accuracy, 
temporal accuracy, logical consistency, and completeness 
(Guptill and Morrison, 2013). Usability, an external factor that 
considers the perspective of the end‐user or application, is also 
commonly used (Bruin et al., 2001).  
 
This paper considers the six aforementioned criteria, which were 
defined in the context of our research object of on-demand, fit-
for-purpose land cover classification. For example, spatial 
resolution can be considered as the closest equivalent for 
positional accuracy or thematic accuracy is considered as how 
accurately the correct land cover classification is assigned. See 
Table 2 for further detail. 
 
 

Criteria Definition 

Positional Accuracy  Spatial resolution  

Thematic Accuracy Classification accuracy 

Temporal Accuracy  Temporal resolution 

Logical Consistency Consistency across dataset (E.g. 
composite imagery might have 
two pixels side by side that 
represent different months) 

Completeness Coverage of area of interest  

Usability Relevant classes 

Table 2. Definitions of spatial data quality criteria  
 
2.5  Analytic Hierarchy Process 

Analytic Hierarchy Process (AHP) is one of the Multi-Criteria 
Decision Making (MCDM) processes, which derives ratio scales 
from paired comparisons between (qualitative and quantitative) 
criteria and factors (Saaty, 1988). AHP is a powerful, flexible, 
and simple tool. This enables the decision-making process to 
include almost any kind of criterion and can be applied to many 
real-world decision-making problems, however, one of the most 
widely used applications of AHP is selecting among competing 
alternatives in a multi-objective environment. It is based on the 
well-defined mathematical structure of consistent matrices and 
their associated right-Eigenvectors ability to generate true or 
approximate weights. To do so, our AHP methodology compares 
both spatial data quality criteria, and alternative datasets in a 
pairwise manner (Saaty, 1988). The AHP converts preferences 
into ratio-scale weights that are combined into linear additive 
weights for the associated alternatives. The results of AHP is the 
importance of each SDQ criterion for the purpose of land cover 

classification. AHP also produces an inconsistency ratio 
reflecting the inconsistency of pairwise comparison. 
 
2.6 SDQ Criteria Prioritisation  
 
Considering our research goal is to generate on-demand, fit-for-
purpose land cover maps, we conduct a criteria prioritisation 
using the AHP method, i.e. a pair-wise comparison of the 
importance of criteria for the purpose of land cover map 
generation. for example, the ratio between the spatial (or 
temporal) resolution of the two datasets is the normalised ratio of 
the two values. For some of more qualitative criteria, such as 
logical consistency, experts were asked to compare the two 
criteria. 
 

Criteria Priority Rank (+) (-) 

Completeness 33.4% 1 14.8% 14.8% 

Thematic Accuracy 30.9% 2 8.8% 8.8% 

Temporal Accuracy 12.2% 3 6.6% 6.6% 

Logical Consistency 9.5% 4 3.4% 3.4% 

Positional Accuracy 8.5% 5 2.5% 2.5% 

Usability 5.6% 6 2.8% 2.8% 

Consistency Ratio: 7% 
Table 3. SDQ criteria prioritisation using AHP 

 
2.7 Evaluation Pathway 
 
In the following section, we evaluate each of the training datasets 
using the SDQ criteria, as defined in Table 2, using the AHP 
generated criteria weightings, as provided in Table 3. The 
training dataset with the highest score is considered best 
according to our needs.  
 
We then conduct land cover classifications using both the 
training datasets to evaluate whether the results of our SDQ 
evaluation are valid. This pairwise comparison may not be based 
on expert opinion as most of the criteria have some measurable 
and quantitative values. For example, it is possible to compare 
the spatial resolution based on the input data pixel size. 
 

3. RESULTS & VALIDATION 

3.1 SDQ Evaluation of Training Datasets 
 
The results of the SDQ evaluation indicate that the VISD dataset 
is 6.12 times more suitable to our research goals. Although 
completeness and thematic accuracy were the highest weighted 
criteria, we scored the two datasets almost equally on both those 
criteria. The key differences were in the positional accuracy and 
temporal accuracy. The spatial resolution of the VISD dataset, 
which is vector data, is significantly higher than the 500m spatial 
resolution of the MODIS dataset. Similarly, the MODIS dataset 
has a temporal resolution of one per year, while the VIDS dataset 
can be generated for any week of the year (if not more) 
considering the weekly revisit times of public optical imagery 
(e.g. Sentinel-2). Finally, in terms of logical consistency, VISD 
also scores higher because the MODIS land cover data product is 
based on yearly composite imagery, which means a pixel may 
represent a different month compared to an adjacent pixel. This 
can be controlled in the VISD data if a single-day high-resolution 
imagery is used.    
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In summary, the VISD dataset seems to be the best fit for our land 
cover classification. However, in the following subsections, we 
validate our result by conducting land cover classification using 
both datasets.  
 
3.2 Land Cover Classification 

We use GEE to conduct the land cover classifications for several 
reasons. It is free for the research, education, and non-profit 
sectors so this may ensure that users in developing countries can 
access the service. GEE uses parallel processing, which allows 
users to run complex algorithms on large satellite datasets, a 
critical challenge in traditional computational settings. An online 
integrated developer environment (IDE) enables users to run 
algorithms and visualise results on a map display in the web 
browser, preventing the need to download software and to set up 
a local working environment.  
 
GEE’s public data archive, which includes data from key 
programs such as Landsat, MODIS, and Sentinel, extends 40 
years with new images ingested on a daily basis. Any dataset can 
be quickly viewed and imported into the working environment 
without needing to download files, addressing broadband 
concerns. Crucially, this also allows users to analyse large 
datasets – defined in a spatial sense, as entire countries or 
continents, or a temporal sense, as in multiple-decade datasets 
with weekly imagery. 
 
While present-day data gaps are likely most urgent, land cover 
change over time is also important to study. For this reason, we 
use Landsat data for the classification due to its extensive 
temporal range, starting in 1972, and its present-day continuity.  
 
We initially compare three classification methods, namely 
random forests (RF), support vector machines (SVM) and 
Classification and Regression Tree (CART) classifiers. They 
tend to be the most commonly used land cover classification 
methods with many studies using only RF (Azzari and Lobell, 
2017; Huang et al., 2017; Goldblatt et al., 2018; Hassan et al., 
2018; Hermosilla et al., 2018; Naegeli de Torres et al., 2019; 
Zhou et al., 2020), while others use RF in addition to other 
methods, such as SVM and CART classifiers (Johansen et al., 
2015; Goldblatt et al., 2016; Shelestov et al., 2017; Xiong et al., 
2017). We find that RF forests produced the best results, in terms 
of overall accuracy levels.  
 
Figures 2 and 3 show the results of the land cover classifications, 
using RF and both training datasets. Note that while an effort was 
made to match the classification colour schemes of the two maps, 
MODIS has more land cover classes, hence more colour shades.   
 

 
Figure 2. Land cover map of Lebanon using VISD training data 
 

 
Figure 3. Land cover map of Lebanon using MODIS training 

data 
 
3.3 Discussion 

We find that both training datasets successfully produced land 
cover maps at 30m spatial resolution (the resolution of the 
Landsat images) for the study area.  
 
The overall accuracies of the classification were 0.88 for the 
VISD training data and 0.747 for the MODIS dataset. However, 
this measures the accuracy of the classification given a random 
sample of the training dataset.  
 
Arguably, given the absence of in-situ observations, the VISD 
dataset can be considered near-ground truth data given that it was 
built specifically for the purpose of the land cover classification 
of the study area. However, to ease juxtaposition, we plot the 
proportions of the land cover classes in Figure 4.  
 
The MODIS land cover classes are more numerous as compared 
to the VISD land cover classes. To facilitate assessment, we 
combine several of the MODIS land cover classes as follows: 

• Forest: 4 forest classes 
• Non-Forest vegetation and crop: 2 savannas, 

grasslands, croplands, cropland/natural vegetation 
mosaics 

• Water / Wetlands: water bodies, permanent wetlands 
• Barren: 2 shrublands, barren 
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Figure 4. Graph of the VISD and MODIS maps land cover class 

proportions  
 
Considering that the VISD results is the closest to ground truth, 
we find that the MODIS map overestimates non-forest vegetation 
and crop and underestimates water/wetland, built-up areas, and 
forest cover. The inconsistency of the MODIS dataset is well 
documented (Fritz and See, 2008; Fritz et al., 2011; Verburg et 
al., 2011). For example, a study found that MODIS overestimated 
forest cover in Colombia by approximately 50% (Fritz and See, 
2008). 
 
In summary, the land cover classification results confirm the 
SDQ evaluation results. Both indicate that creating a specific-to-
study dataset using high resolution imagery is better than using 
global land cover datasets, considering the goal of generating 
high quality, timely, fit-for-purpose land cover datasets in data 
scarce environments.  
 
 

4. CONCLUSIONS 

This paper aims to (1) provide a systematic evaluation and a 
better understanding of the pros and cons of using the two 
datasets from spatial data quality measures for the purpose of 
land cover classification, and to (2) conduct land cover 
classifications for regions that lack appropriate and sufficient 
data and evaluate the results of this mathematical and pairwise-
based process. 
 
We address the first research goal by defining the SDQ criteria in 
the context of our study, prioritising the criteria using the AHP 
methodology, and finally evaluating the two datasets according 
to the weighted criteria. The results of the evaluation suggested 
that the VISD approach was more appropriate to our objectives, 
from a spatial data quality perspective. We then validate the 
findings by addressing the second research goal by conducting 
land cover classifications using both datasets and comparing the 
results.  
 
Our research shows that cloud-based computing platforms, such 
as GEE, and public remote sensing datasets, including Landsat, 
Sentinel, MODIS, etc. can be used to fill critical data gaps in 
developing countries, which would facilitate SDG measurement, 
and, ideally, fulfilment.  
 
We are planning to progress this research further to build a user-
friendly tool that can conduct land cover classification for any 
areas of interest. Our overall goal is that users in developing or 

developed countries would be able to use the tool to generate data 
according to their needs.  
 
In terms of training data, we are considering existing and to-be-
developed crowdsourced datasets. This is a growing body of 
literature, especially in spatial data, to which we will contribute.  
 
Finally, while measuring land cover is integral to many 
applications, we aim to use the results of the tool to study land 
cover change, from a historical perspective and more recent 
change detection. 
 

ACKNOWLEDGEMENTS 
 
We acknowledge USGS for providing Landsat data free of 
charge to the public, and Google Earth Engine for making their 
platform available to researchers. 
 
We also, appreciate the support from UK Research and 
Innovation. This work presented in this paper has been partially 
funded by the UK Research and Innovation (UKRI) Future 
Leaders Fellowship MR/S01795X/1 for University College 
London. 
 

REFERENCES 

Azzari, G. & Lobell, D.B. (2017) ‘Landsat-based classification 
in the cloud: An opportunity for a paradigm shift in land cover 
monitoring’, Remote Sensing of Environment, 202, 64–74. 

Bruin, S. de, Bregt, A. & Ven, M. van de (2001) ‘Assessing 
fitness for use: the expected value of spatial data sets’, 
International Journal of Geographical Information Science, 15, 
457–471. 

Devillers, R., Bédard, Y., Jeansoulin, R. & Moulin, B. (2007) 
‘Towards spatial data quality information analysis tools for 
experts assessing the fitness for use of spatial data’, International 
Journal of Geographical Information Science, 21, 261–282. 

Friedl, M. & Sulla-Menashe, D. (2015) ‘MCD12Q1 
MODIS/Terra+Aqua Land Cover Type Yearly L3 Global 500m 
SIN Grid V006 [Data set]’, NASA EOSDIS Land Processes 
DAAC. Available at: https://lpdaac.usgs.gov/node/1260 
(accessed July 2018). 

Fritz, S. & See, L. (2008) ‘Identifying and quantifying 
uncertainty and spatial disagreement in the comparison of Global 
Land Cover for different applications’, Global Change Biology, 
14, 1057–1075. 

Fritz, S., See, L., McCallum, I., Schill, C., Obersteiner, M., 
Velde, M. van der, Boettcher, H., Havlík, P. & Achard, F. (2011) 
‘Highlighting continued uncertainty in global land cover maps 
for the user community’, Environmental Research Letters, 6, 
044005. 

Goldblatt, R., Stuhlmacher, M.F., Tellman, B., Clinton, N., 
Hanson, G., Georgescu, M., Wang, C., Serrano-Candela, F., 
Khandelwal, A.K., Cheng, W.-H. & Balling, R.C. (2018) ‘Using 
Landsat and nighttime lights for supervised pixel-based image 
classification of urban land cover’, Remote Sensing of 
Environment, 205, 253–275. 

Goldblatt, R., You, W., Hanson, G. & Khandelwal, A. (2016) 
‘Detecting the Boundaries of Urban Areas in India: A Dataset for 

MODIS Points

Water / Wetlands

Non-Forest
Vegetation and
Crop
Barren

Urban and Built-
up Lands

Forest

ISPRS Annals of the Photogrammetry, Remote Sensing and Spatial Information Sciences, Volume V-3-2020, 2020 
XXIV ISPRS Congress (2020 edition)

This contribution has been peer-reviewed. The double-blind peer-review was conducted on the basis of the full paper. 
https://doi.org/10.5194/isprs-annals-V-3-2020-681-2020 | © Authors 2020. CC BY 4.0 License.

 
685



 

 

Pixel-Based Image Classification in Google Earth Engine’, 
Remote Sensing, 8, 634. 

Guptill, S.C. & Morrison, J.L. (2013) Elements of Spatial Data 
Quality, Elsevier. 

Hassan, M., Smith, A., Walker, K., Rahman, M. & Southworth, 
J. (2018) ‘Rohingya Refugee Crisis and Forest Cover Change in 
Teknaf, Bangladesh’, Remote Sensing, 10, 689. 

Hermosilla, T., Wulder, M.A., White, J.C., Coops, N.C. & 
Hobart, G.W. (2018) ‘Disturbance-Informed Annual Land Cover 
Classification Maps of Canada’s Forested Ecosystems for a 29-
Year Landsat Time Series’, Canadian Journal of Remote 
Sensing, 44, 67–87. 

Huang, H., Chen, Y., Clinton, N., Wang, J., Wang, X., Liu, C., 
Gong, P., Yang, J., Bai, Y., Zheng, Y. & Zhu, Z. (2017) 
‘Mapping major land cover dynamics in Beijing using all Landsat 
images in Google Earth Engine’, Remote Sensing of 
Environment, 202, 166–176. 

Jerving, S. (2019) ‘Data gaps threaten achievement of 
development goals in Africa’, Devex, October. 

Johansen, K., Phinn, S. & Taylor, M. (2015) ‘Mapping woody 
vegetation clearing in Queensland, Australia from Landsat 
imagery using the Google Earth Engine’, Remote Sensing 
Applications: Society and Environment, 1, 36–49. 

Masri, T., Khawlie, M. & Faour, G. (2002) ‘LAND COVER 
CHANGE OVER THE LAST 40 YEARS IN LEBANON’, 
Lebanese Science Journal, 3, 12. 

Midekisa, A., Holl, F., Savory, D.J., Andrade-Pacheco, R., 
Gething, P.W., Bennett, A. & Sturrock, H.J.W. (2017) ‘Mapping 
land cover change over continental Africa using Landsat and 
Google Earth Engine cloud computing’, PLOS ONE, Edited by 
G. J.-P. Schumann, 12, e0184926. 

Mondal, P., McDermid, S.S. & Qadir, A. (2020) ‘A reporting 
framework for Sustainable Development Goal 15: Multi-scale 
monitoring of forest degradation using MODIS, Landsat and 
Sentinel data’, Remote Sensing of Environment, 237, 111592. 

Naegeli de Torres, F., Richter, R. & Vohland, M. (2019) ‘A 
multisensoral approach for high-resolution land cover and 
pasture degradation mapping in the humid tropics: A case study 
of the fragmented landscape of Rio de Janeiro’, International 
Journal of Applied Earth Observation and Geoinformation, 78, 
189–201. 

Pengra, B., Long, J., Dahal, D., Stehman, S.V. & Loveland, T.R. 
(2015) ‘A global reference database from very high resolution 
commercial satellite data and methodology for application to 
Landsat derived 30m continuous field tree cover data’, Remote 
Sensing of Environment, 165, 234–248. 

Pérez-Hoyos, A., Rembold, F., Kerdiles, H. & Gallego, J. (2017) 
‘Comparison of Global Land Cover Datasets for Cropland 
Monitoring’, Remote Sensing, Multidisciplinary Digital 
Publishing Institute, 9, 1118. 

Pérez-Hoyos, A., Udías, A. & Rembold, F. (2020) ‘Integrating 
multiple land cover maps through a multi-criteria analysis to 

improve agricultural monitoring in Africa’, International Journal 
of Applied Earth Observation and Geoinformation, 88, 102064. 

Phiri, D., Morgenroth, J. & Xu, C. (2019) ‘Four decades of land 
cover and forest connectivity study in Zambia—An object-based 
image analysis approach’, International Journal of Applied Earth 
Observation and Geoinformation, 79, 97–109. 

Saah, D., Tenneson, K., Matin, M., Uddin, K., Cutter, P., 
Poortinga, A., Nguyen, Q.H., Patterson, M., Johnson, G., 
Markert, K., Flores, A., Anderson, E., Weigel, A., Ellenberg, 
W.L., Bhargava, R., Aekakkararungroj, A., Bhandari, B., 
Khanal, N., Housman, I.W., Potapov, P., Tyukavina, A., Maus, 
P., Ganz, D., Clinton, N. & Chishtie, F. (2019) ‘Land Cover 
Mapping in Data Scarce Environments: Challenges and 
Opportunities’, Frontiers in Environmental Science, 7, 150. 

Saaty, T.L. (1988) ‘What is the Analytic Hierarchy Process?’, in 
Mitra, G., Greenberg, H. J., Lootsma, F. A., Rijkaert, M. J., and 
Zimmermann, H. J. (eds) Mathematical Models for Decision 
Support, Berlin, Heidelberg: Springer (NATO ASI Series), 109–
121. 

Sessa, R. & Dolman, H. (2008) TERRESTRIAL ESSENTIAL 
CLIMATE VARIABLES BIENNIAL REPORT SUPPLEMENT 
FOR CLIMATE CHANGE ASSESSMENT, MITIGATION AND 
ADAPTATION, Rome: FAO, 44. 

Shelestov, A., Lavreniuk, M., Kussul, N., Novikov, A. & Skakun, 
S. (2017) ‘Exploring Google Earth Engine Platform for Big Data 
Processing: Classification of Multi-Temporal Satellite Imagery 
for Crop Mapping’, Frontiers in Earth Science, 5. 

UN (2019) Report of the Secretary-General on SDG Progress 
2019 Special Edition, New York: UN. 

Verburg, P.H., Neumann, K. & Nol, L. (2011) ‘Challenges in 
using land use and land cover data for global change studies’, 
Global Change Biology, 17, 974–989. 

World Bank (2018) ‘Data on Statistical Capacity, World Bank | 
SCI Dashboard’. Available at: 
http://datatopics.worldbank.org/statisticalcapacity/SCIdashboar
d.aspx (accessed May 2020). 

Wulder, M.A., Coops, N.C., Roy, D.P., White, J.C. & 
Hermosilla, T. (2018) ‘Land cover 2.0’, International Journal of 
Remote Sensing, 39, 4254–4284. 

Xiong, J., Thenkabail, P., Tilton, J., Gumma, M., Teluguntla, P., 
Oliphant, A., Congalton, R., Yadav, K. & Gorelick, N. (2017) 
‘Nominal 30-m Cropland Extent Map of Continental Africa by 
Integrating Pixel-Based and Object-Based Algorithms Using 
Sentinel-2 and Landsat-8 Data on Google Earth Engine’, Remote 
Sensing, 9, 1065. 

Zhou, B., Okin, G.S. & Zhang, J. (2020) ‘Leveraging Google 
Earth Engine (GEE) and machine learning algorithms to 
incorporate in situ measurement from different times for 
rangelands monitoring’, Remote Sensing of Environment, 236, 
111521. 

 

ISPRS Annals of the Photogrammetry, Remote Sensing and Spatial Information Sciences, Volume V-3-2020, 2020 
XXIV ISPRS Congress (2020 edition)

This contribution has been peer-reviewed. The double-blind peer-review was conducted on the basis of the full paper. 
https://doi.org/10.5194/isprs-annals-V-3-2020-681-2020 | © Authors 2020. CC BY 4.0 License.

 
686



 

 

APPENDIX 

 

La
nd

sa
t T

O
A

LB
 b

ou
nd

ar
y 

D
EM

M
O

D
IS

Se
le

ct
 th

e 
le

as
t c

lo
ud

y 
im

ag
e 

pe
r R

O
I p

er
 y

ea
r

V
IS

D
M

er
ge

 g
eo

m
et

ry
 la

ye
rs

 
in

to
 F

ea
tu

re
 C

ol
le

ct
io

n

RO
Is

Se
le

ct
 b

an
ds

Ca
lc

ul
at

e 
an

d 
ad

d 
N

D
V

I b
an

d

A
dd

 e
le

va
tio

n 
an

d 
sl

op
e 

ba
nd

s

M
as

k 
cl

ou
ds

Se
le

ct
 ‘L

C_
Ty

pe
1”

 b
an

d

Ra
nd

om
ly

 s
am

pl
e 

 
tr

ai
ni

ng
 d

at
a

M
ak

e 
a 

cl
as

si
fie

r (
RF

, 
SV

M
, C

A
RT

) a
nd

 
tr

ai
n 

it

Cl
as

si
fy

 th
e 

in
pu

t 
im

ag
er

y
Cr

op
 to

 c
ou

nt
ry

 
bo

un
da

ry
 p

ol
yg

on

M
os

ai
c 

cl
as

si
fie

d 
im

ag
es

Cl
as

si
fie

d 
m

ap

In
pu

ts
P
re
-P

ro
ce

ss
in
g

Cl
as

si
fic

at
io
n

Po
st
-P

ro
ce

ss
in
g

O
ut
pu

ts

O
pt
io
n

O
pt
io
n

ISPRS Annals of the Photogrammetry, Remote Sensing and Spatial Information Sciences, Volume V-3-2020, 2020 
XXIV ISPRS Congress (2020 edition)

This contribution has been peer-reviewed. The double-blind peer-review was conducted on the basis of the full paper. 
https://doi.org/10.5194/isprs-annals-V-3-2020-681-2020 | © Authors 2020. CC BY 4.0 License.

 
687




