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Summary
Land cover is one of the main components of land surface characteristics, and a clear indicator of
human interventions on the land. Therefore, mapping global land cover is important in understanding
the environment and the effect humanity has on it. Monitoring land cover change is an important
application of land cover maps, as such change is one of the prime drivers of global environmental
change. However, global land cover (GLC) maps, created from remotely sensed data, often suffer from
a coarse spatial resolution and low classification accuracies. This complicates the comparison between
subsequent versions of GLC maps, and the quantification of change, as the magnitude of errors
resulting from the classification process will be much higher than the rate of land cover change. A
solution to this temporal inconsistency would be the updating of GLC maps. During this procedure,
changed areas are identified and updated in the map, whereas unchanged areas remain as they are.
Map updating can benefit from knowledge on logical and illogical land cover transitions to verify
whether a certain change from one land cover class to another is ecologically feasible. There is a lack
of research on land cover updating, and the process is still challenging for many users. Therefore, the
objective of this study was designing a conceptual framework for a relatively simple land cover
updating approach, using PROBA-V NDVI imagery over three years, in which ecologically feasible
transitions are taken into account.
After filtering clouds from the NDVI images, the data was divided in two parts: the first two years and
the third year. A harmonic analysis was performed, per pixel, on each of these parts separately, to
derive time series based phenological information. Mean NDVI, and growth phases and amplitudes of
the 1st and 2nd order were extracted. A median minimum and maximum value was also calculated, and
elevation data (elevation, slope, aspect and TPI) was derived from the GLSDEM. Using these eleven
parameters, a base map was produced for the first two years using a random forest model to train the
classification. Reference data was used both for training and cross-validation and was partly obtained
by IIASA and partly collected using aerial imagery. After creating the base map, change was detected
for the third year using a one-sample t-test with an a of 0.01. Pixels that were detected as changed
were reclassified using the random forest model created previously. The base map was then updated,
if the resulting class transition was considered logical. Next to this, the change between two MODIS
maps (2012 and 2013) was quantified to investigate the usefulness of an updating procedure.
Base map accuracies were low, but this is in line with what is generally found in semi-arid regions.
Change detected (4.01% of the total pixels) overlapped closely with forest loss data in parts of the
study area. Of the change detected, a large part belonged to the same class as it was in the base map
(92.8%). The largest part of change to a different class was considered illogical (67.3%), proving that
filtering out such transitions is useful to reduce temporal map inconsistency. Studying the specific
transitions more closely showed that this is mostly caused by misclassification of the base map or the
changed pixels, indicating that the classification procedure is very important in land cover updating.
MODIS showed 6.21% change between 2012 and 2013, a lot higher than forest loss in 2013 (0.183%)
and also than the change to a different class detected in this thesis (0.291%). This indicates that the
change is more likely due to the classification process, than it is to actual change, demonstrating the
need for land cover updating.
The updating method could be improved by using a more accurate classification procedure, validating
change detection, and validating both the base map as well as the updates, as opposed to only the
base map.
Keywords: land cover updating, change detection, PROBA-V, random forest, illogical land cover
transitions, time series
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1. Introduction
1.1 Background
Land cover is one of the main components of land surface characteristics, and a clear indicator of
human interventions on the land (Herold et al., 2006). Therefore, mapping global land cover is
important in understanding the environment and the effect humanity has on it. This is interesting not
only to the scientific community, but also to governments and international initiatives seeking to
reduce the negative effects of climate change (Verburg et al., 2011). Land cover maps have many
applications. For example, they can be used for improving climate models (Feddema et al., 2005),
estimating forest cover (Hansen et al., 2013), and hydrological models (Gerten et al., 2004).
Monitoring land cover change is another important application of land cover maps, as such change is
one of the prime drivers of global environmental change (Verburg et al., 2013). For example, the
expansion of agriculture at the expense of forests results in an increase in greenhouse gases (Verburg
et al., 2011). Consequently, there is a need for detailed and reliable global land cover datasets.
Global land cover maps can be created from remotely sensed data, acquired via satellites. Such data
is essential because of its ability to cover large areas at once and has been used to produce several
global land cover (GLC) maps. At first, AVHRR (Advanced Very High Resolution Radiometer) data was
used to create a map with a spatial resolution of 8 km (De Fries et al., 1998), but since then there has
been a positive trend towards the creation of higher spatial resolution datasets (Mora et al., 2014).
Currently there are global maps from satellites such as SPOT, MODIS or MERIS like the IGBP-DISCover,
GLC2000, MODIS collection 4 and 5, GlobCover and LC-CCI (Gómez et al., 2016). The collection 5
MODIS GLC maps for example, have a spatial resolution of 500 m (Friedl et al., 2010) and the
GlobCover map (based on MERIS data) has a resolution of 300 m (Bontemps et al., 2011). Such
resolutions however, are still coarse, which negatively influences map accuracies locally (Fritz et al.,
2010). This is especially applicable in regions with a heterogeneous land cover where change in land
cover is the most probable (Herold et al., 2006).
A coarse spatial resolution is a first drawback of GLC maps. Most GLC mapping efforts are based on
low to medium resolution remotely sensed data from satellites like MODIS or MERIS (Mora et al.,
2014). Since the opening of the Landsat archive in 2008 (Woodcock et al., 2008), initiatives such as
GlobeLand30 (Chen et al., 2015a) have been taken to create GLC maps from the higher resolution (30
m) data. A disadvantage of the Landsat data however, is the low temporal resolution (16 days) of the
satellite. To compare, MODIS and MERIS have a revisit time of one to two and three days respectively.
This low temporal resolution complicates the collection of cloud free imagery from the same period,
especially in areas with a high occurrence of clouds or snow. The PROBA-V satellite, released in 2013
by the European Space Agency, could be a compromise. It has a spatial resolution of 100 m and a
revisit time of 2 days globally (Wolters et al., 2017). The Copernicus Global Land Service has recently
released a preliminary version of a land cover map based on PROBA-V data for the year 2015, for the
continent of Africa (Copernicus, 2017).
The second drawback of current GLC maps are the low classification accuracies (around 65%) found
(Fritz et al., 2011; Tsendbazar et al., 2016b). Together with differences in classification schemes and
spatial resolution, these low accuracies make it difficult to compare different GLC maps. For example,
Tsendbazar et al. (2016a) compared four GLC maps for the continent of Africa, and showed low local
correspondence with independent reference data especially in semi-arid regions. Low classification
accuracies also complicate the comparison between subsequent versions of GLC maps, for example
to investigate land cover change. Ideally, two subsequent GLC maps (such as the GlobCover 2005 and
2009 maps) could be used to quantify the level of change. However, any post-classification comparison
of the maps is entirely dependent on the accuracies of the initial classifications (Coppin et al., 2004).
Quantifying change is therefore impossible because the magnitude of errors resulting from the
1

classification process will be much higher than the rate of land cover change (Bontemps et al., 2011;
Friedl et al., 2010).
A solution to this temporal inconsistency would be the updating of GLC maps as opposed to repeating
the classification process each time a new version is produced. During this procedure, changed areas
are identified and updated in the map, whereas unchanged areas remain as they are. Updating is both
operationally efficient and economically convenient (Gómez et al., 2016) and will allow for a better
comparison and quantification of change between two subsequent versions of a map. Some large land
cover projects, such as the European CORINE LC project (Büttner, 2014) and the US NLCD (Xian et al.,
2009) already use such an updating approach.
Essential in LC updating is the detection of land cover change. Change can be gradual, for example
biomass accumulation, it can be abrupt, as happens during a fire, or it can be seasonal. There are
different methods of detecting change: it can be detected bi-temporally, i.e. change between two
images of the same area taken at different points in time, or by means of time series analysis, where
a sequence of images is analysed (Coppin et al., 2004). Existing updating algorithms use different
approaches for detecting change. Xian et al. (2009) updated the NLCD 2001 to 2006 using pairs of
images from the same season in both years and applying a Change Vector Analysis (CVA) to detect
change. Although such a bi-temporal method is cost-effective, a disadvantage is that it needs images
to be acquired at the same time of the year, while also be free of clouds, cloud shadows and snow
(Zhu & Woodcock, 2014). Another disadvantage is that it does not have the ability to differentiate
between the different types of change.
Adding a temporal dimension, through the use of a time series of images from the same area, has
been found to improve accuracies of change detection (Franklin et al., 2015; Gómez et al., 2016).
Spectral data will then allow for identification of the type of change occurring (for example gradual,
seasonal, sudden, or no change). The frequency of the images in the time series has an important role
in what type of change can be detected. For example, to properly detect intra-annual variations in
vegetation a high frequency of cloud-free images is required. An example of an updating algorithm
using a time series approach is Pouliot et al. (2014), who used a base map from 2005 to yearly update
forest cover in Canada backwards and forwards in time from 2000 to 2011 with MODIS data. Inter
map consistency improved compared to the global MODIS LC map. However, annual change detection
was not able to identify gradual and intra-annual changes and variations. A different algorithm, the
Continuous Change Detection and Classification (CCDC) algorithm (Zhu & Woodcock, 2014), does have
the ability to detect these types of change and was tested for a number of locations in the US. The
algorithm makes use of a time series model (based on all available Landsat data) that can capture
seasonality, trends and sudden changes and is updated dynamically with each new observation.
Nonetheless, the model requires a high frequency of cloud- and outlier-free observations and despite
using the complete Landsat archive, model estimations may not be accurate in places with a high
occurrence of clouds or snow. Besides, it is likely that the algorithm will have problems in areas that
have larger inter- or intra-annual variations than was the case in the study area tested (Zhu &
Woodcock, 2014).
Map updating can benefit from knowledge on logical and illogical land cover transitions (Liu & Cai,
2012), to verify whether a certain change from one land cover class to another is ecologically feasible
within the time frame used in the study. For example, it is never possible for a water pixel located in
the ocean to change to forest. Neither is it possible for a forest pixel to change to urban in a year’s
time. Whether a change is likely not only depends on the time frame considered, but also on the
environmental context. A change from bareland to forest takes longer in boreal regions than it would
in a tropical area. On the other hand, land cover change due to a loss of vegetation can happen in a
very short time frame, e.g. loss caused by fires or deforestation due to logging. Therefore, applying
2

ecological rules is essential for the creation of reliable time series land cover maps (Gómez et al., 2016)
and map updating.
Several studies have used information on ecologically feasible land cover transitions (Clark et al., 2010;
Gómez et al., 2016; Liu & Cai, 2012; Pouliot et al., 2014; Wehmann & Liu, 2015), but their
implementations differ. For example, each class transition can be considered according to their
likelihood to occur: likely, probable, possible, or not likely (Gómez et al., 2016). This way, four different
kinds of transitions are defined. In another study, each transition was given a weight, corresponding
to the likelihood of the transitions to occur: the higher the weight, the more likely a certain change is
(Pouliot et al., 2014). The above studies both treated classifications with a high number of different
classes (20 and 25, respectively). In other studies, dealing with only six classes, change was treated in
a simpler manner: a certain transition is either logical or illogical within the time frame and study area
considered (Liu & Cai, 2012; Wehmann & Liu, 2015). Clark et al. (2010), mapped annual land cover
between 2001 and 2007 in South America using MODIS, and used a temporal filter to remove
disallowed class transitions. A three-year moving window was used to submit the classes of three
subsequent years to a number of transition rules.
All in all, despite many efforts on global land cover mapping, there is still room for improvement. Land
cover updating, together with knowledge on ecologically feasible land cover transitions, has a lot of
potential. Likewise, the use of newer sensors, such as the one on the PROBA-V satellite, can facilitate
the improvement of GLC maps.
1.2 Problem definition
Robustness, consistency, and repeatability are prerequisites for the generation of global land cover
maps (Franklin & Wulder, 2002). Map updating is a promising method for producing more reliable GLC
maps. It would make subsequent maps more temporally consistent, as the introduction of new errors
due to the classification process is largely avoided. This would improve accuracies of subsequent land
cover maps. Besides, land cover updating is computationally efficient and economically convenient
(Gómez et al., 2016), since it would not require a complete classification procedure. Moreover, it
would allow for a better comparison and quantification of change between subsequent LC maps.
However, land cover updating is still very challenging for most users (Cardille & Fortin, 2016). There
has been a limited number of studies and projects on land cover updating at a relatively large scale
(Büttner, 2014; Xian et al., 2009), and none at a global scale. The number and scope of studies
investigating land cover updating is also limited. They focus either on one land cover type (Pouliot et
al., 2014), are situated mostly in North-America (Cardille & Fortin, 2016; Jin et al., 2017; Pouliot et al.,
2014; Zhu & Woodcock, 2014), are computationally challenging (Zhu & Woodcock, 2014), make use
of several remote sensing data sources (Chen et al., 2015b; Mas & González, 2015), or had a bitemporal change detection implementation (Jin et al., 2017; Xian et al., 2009). Also, most of these
studies use satellite data from either MODIS and/or Landsat, with a relatively low spatial and temporal
resolution respectively. Lastly, only Pouliot et al. (2014) made use of information on ecologically
feasible class transitions in combination with land cover updating.
The number of different study areas used in above studies is small: either North-America or China for
most studies. Therefore it is likely that the used algorithms will have problems in other areas,
especially those with large inter- and/or intra-annual variation. Semi-arid ecosystems for example, are
very dynamic and contain a number of vegetation classes with a high spatiotemporal variability
(Hüttich et al., 2011). This results in low map accuracies and a low correspondence between different
GLC maps (Herold et al., 2008) and the reference datasets (Tsendbazar et al., 2015) in those areas.
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In conclusion, there is a need for relatively simple land cover updating approaches that can be used
on large scales for the purpose of global land cover mapping. This thesis made use of the relatively
new PROBA-V satellite to study the potential of a time-series land cover updating approach in the
semi-arid region of West Africa, and made use of information on ecologically feasible land cover
transitions.
1.3 Research objective and research questions
The objective of this study was designing a conceptual framework for a relatively simple land cover
updating approach, using PROBA-V NDVI imagery over three years, in which ecologically feasible
transitions are taken into account.
Besides designing this conceptual framework, two research questions were answered:
RQ1: Can land cover map updating reduce temporal inconsistencies between maps?
RQ2: Does the detection of logical and illogical changes improve the quality of the updated land
cover maps?
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2. Methodology
2.1 Study area
The study area is located in West Africa (Figure 2.1), and has the extent of PROBA-V tile ‘X16Y06’ (-20
to -10 degrees longitude and 5 to 15 degrees latitude). It contains the countries Gambia, Guinea-Bissau
and Sierra Leone completely and Senegal, Guinea, Liberia and Mali partly. The climate in the region
ranges from semi-arid in the north to humid in the south, and it includes both areas where land cover
has changed over the past couple of years, and areas where land cover has remained the same (Figure
2.2). For example, in the years 2013 to 2015 a loss of tree cover occurred in the tropical forests of the
Southern part of the study area, whereas there was no loss in the dry Sahel savannah in the North.

X16Y06

Figure 2.1: Study Area (PROBA-V tile ‘X16Y06’), located in West Africa.

2.2 Satellite data
The spectral imagery used was obtained from the PROBA-V satellite, provided by the Flemish Institute
of Technological Research (VITO), and launched in May 2013. The satellite records four spectral bands:
blue, red, near infrared, and shortwave infrared. NDVI images are also provided by VITO, calculated
from the red and near infrared band of the sensor. The satellite has a daily near-global coverage (90%).
Images are available per tile, and each tile is 10 by 10 degrees and contains 10080 x 10080 pixels. As
the boundaries of the tiles are defined by polar coordinates, the cell size differs depending on the
latitude. In the study area, each pixel was approximately 99.2 x 99.2 meters. The data was provided
as GeoTIFF rasters in the WGS84 geographic latitude/longitude projection (Wolters et al., 2017).
In this thesis, level 3 top-of-canopy (TOC) five-day NDVI synthesis products were used. The aim of
these synthesis products is minimizing cloud coverage and maximizing spatial coverage, by combining
multiple observations into a single image. For latitudes between 40 degrees south and 40 degrees
north however, as was the case in this thesis, there is no overlap in observations due to the narrow
swath of the sensor. Therefore, gaps in spatial coverage remain even after compositing, and
reflectances are given for one of the five days. The images are set on the 1st, 6th, 11th, 16th, 21st and
26th day of each month, resulting in 72 images per year. Exactly three years of data were used: 11th of
March 2014 to the 6th of March 2017.
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Atmospheric correction had been applied to the images, using the Simplified Model for Atmospheric
Correction (SMAC; Rahman & Dedieu, 1994). This algorithm uses auxiliary water vapour, ozone, and
surface pressure data to convert top-of-atmosphere reflectance into TOC reflectance. The data come
with a status mask (an extra quality control layer) stating for each pixel whether it is located on land
or sea, and whether it contains clouds, cloud shadows, or snow/ice. It also provides information on
the radiometric quality of each of the spectral sensors. In 2016, the cloud detection algorithm used
was improved as the algorithm used for Collection 0 data was insufficient (Wolters et al., 2017). For
this thesis, the improved Collection 1 images were used. However, the image for 6th of December 2016
is missing, as this date was being reprocessed at the time.

Figure 2.2: Map taken from the Global Forest Watch (“Global Forest Watch,” n.d.)
of West Africa, showing tree cover loss in pink for the years 2013 to 2015. Loss is
displayed for pixels for which the original tree cover density of a pixel (in the year
2000) was larger than 30%. The green box delineates the study area.

2.3 Reference data
2.3.1 Land cover classes
Seven out of nine generalized land cover classes (based on Tsendbazar et al., 2016a) were used in this
study. Snow and ice are underrepresented in the study area, and therefore this class was excluded
from classification. Wetland vegetation was also excluded as there were only very few sample sites
present in the reference dataset, and it is a difficult class to identify using aerial imagery. The seven
classes used were: forest, shrubland, grassland, cropland (including mixtures), urban/built-up,
bareland/sparse vegetation and water; following the definitions of Tsendbazar et al. (2016a).
2.3.2 IIASA reference data and pre-processing
Land cover training data developed for calibration of the Copernicus Global Land Service Dynamic Land
Cover Product (CGLOPS, 2016) were used to train the supervised classification algorithm, and to crossvalidate the accuracy of the classification. The dataset was collected at the end of 2016 by IIASA
(Austria) for Africa, using the Geo-Wiki tool. Geo-Wiki is an online platform that supports a collection
of reference data on land cover and related information, such as crop field size (Fritz et al., 2012, 2017;
Laso Bayas et al., 2017). A point dataset with 345 samples was obtained from IIASA for PROBA-V tile
‘X16Y06’. Sample sites for each point correspond to a PROBA-V pixel, which made the dataset suitable
for this study. The dataset contained information on the proportion of the site covered by the land
cover classes: grassland, shrubland, trees, burnt area, cropland, bareland, fallow & shifting cultivation,
water, urban, snow & ice, wetland herbaceous, and ‘not sure’. A majority field stated the most
6

dominant LC type within the site, and a ‘legend’ field indicated the land cover class according to the
LC definition adopted in the CGLS LC100 product (Copernicus Global Land Service Land Cover Map at
100 m resolution), based on a set of rules (Van De Kerchove, pers. communication; Table 2.1). For this
study, the ‘legend’ field was used for the supervised classification.
Table 2.1: Decision rules to determine the classes for each sample site (Van De Kerchove, pers. communication).
Class
Forest closed
Mixed forest and shrubs
Forest open
Deciduous close/open shrubs with
sparse trees
Close/open deciduous shrubland
Closed grassland
Open grassland with sparse shrubs
Cropland
Mixed cropland
Urban

Decision rule
70% < trees < 100%
15% < trees < 70%, shrubs > 40%
15% < trees < 70%, shrubs < 40%
5% < trees < 15%, shrubs > 15%, grass > 40%
Trees < 5%, shrubs > 15%
Trees < 15%, shrubs < 15%, grass > 40%
Shrubs < 15%, 15% < grass < 40%
Cropland > 60%
20% < cropland < 60% + natural vegetation (mosaic)
Urban/built-up > 25%

After removing classes that were not going to be used in the study (wetland and unclassified), the
dataset contained a total of 11 different LC classes. Therefore, the data was harmonized into the seven
general LC classes needed for this thesis (Table 2.2). To make a reliable classification, the aim was to
have at least 30 sample sites per class. The last column of Table 2.2 shows that this is not the case for
cropland, urban, bareland and water. Therefore, additional sample sites were collected for these
classes.
Table 2.2: This table shows how the IIASA reference dataset was harmonized into seven general LC classes. The
first two columns show the codes and classes as they were in the obtained dataset and the next two columns
show the codes and classes they were harmonized into. The last column indicates the number of sample sites
present in the IIASA dataset.
IIASA code

IIASA class

Study code

Study class

No. samples IIASA

11
12
13

Forest closed
Mixed forest and shrubs
Forest open

10

Forest

170

20

Shrubland

49

30

Grassland

71

31

Deciduous close/open shrubs with
sparse trees
Close/open deciduous shrubland
Closed grassland

41
42

Cropland
Cropland/natural vegetation mosaic

40

Cropland

25

50

Urban/built-up

50

Urban

7

60
80

Bare/sparse vegetation
Open water

60
80

Bareland
Water

3
7

21
22

2.3.3 Data collection
Adding extra sample sites to the reference dataset occurred in two stages. The first stage was using a
published land cover map of the study area to select potential sample sites of the four classes. The
second stage was verifying each of these potential sites and adding them to the reference set if the
site was deemed suitable.
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In the first stage, the 300-meter 2015 CCI Land Cover Product by the European Space Agency (Santoro
et al., 2015), clipped to the study area, was used to select potential sites. The map was also resampled
to PROBA-V pixels. The CCI product contains a large number of classes, of which 25 in the study area.
The classes that corresponded to the four classes still needing data, were extracted from the LC
product and harmonized to fit the classes desired (Table 2.3). Points were then extracted from the
pixel centres of the resulting raster. This was to make sure that when the point was verified during the
second stage, the area around it corresponded exactly to the PROBA-V pixel, as is the case in the IIASA
reference dataset. In the last step of the first stage, a random stratified approach was used to select
50 points from each class (200 points in total).
Table 2.3: Six CCI LC classes were extracted and harmonized to fit the classes of this thesis. The last two columns
show the total number of data points for each of the four classes after the 1st and 2nd round of collecting
reference samples during the second data collection stage.
CCI code
20
30
190
201
202
210

CCI class
Cropland, irrigated or post-flooding
Mosaic cropland (>50%) / natural vegetation
Urban
Consolidated bare areas
Unconsolidated bare areas
Water bodies

Study class

After 1st round

After 2nd round

Cropland

46

71

Urban

48

48

Bareland

13

24

Water

58

89

In the second stage, a sample survey was designed using the Open Foris Collect tool (FAO, 2017), which
provides a simple user interface for managing complex field survey data. In this survey a code list of
four LC classes was defined: cropland, urban, bareland and water. A fifth class (unknown/not included)
was added for those sites that did not fit any of the four classes. A plot layout of 1 ha was chosen,
meaning that an area of 100 x 100 meters would be drawn around each point. This corresponds almost
exactly with the area of a PROBA-V pixel. After, the survey was imported into the Open Foris Collect
Earth software (Bey et al., 2015, 2016). This software uses Google Earth to view all sample sites. When
a certain sample site was clicked, several browser windows opened and the plot could be analysed by
looking at medium and high resolution satellite imagery of Google Earth Engine (including historical
images if available) and Bing Maps. Graphs of NDVI values at this location based on MODIS and
LANDSAT images could also be seen via the Earth Engine. The decided class for the site could then be
entered in Google Earth (Figure 2.3). The data was automatically saved to a database (Bey et al., 2015).
The LC definitions of Tsendbazar et al. (2016a) and the decision rules of Table 2.1 for the four classes
were used as guidelines for deciding on classes. Only homogeneous sample sites were selected. For
example, in the case of plot A shown in Figure 2.3, the entered class was ‘unknown or not included’
as the plot was none of the classes cropland, urban, bareland or water. Plot B was classified as
‘bareland’, and plot C as ‘cropland’. After classifying all 200 points in this manner, the total number of
points for each class was as shown in Table 2.3 (fourth column). Each class now had a sufficient
number of samples, except for ‘bareland’. Although fifty potential sites were selected from the CCI
land cover map, most sites were deemed unsuitable upon closer inspection. Also, it became clear
during collection that most ‘water’ samples were located in the ocean. In order to obtain more
bareland sample sites and get a more representative set of ‘water’ pixels, a second round of data
collection was performed. Again, 200 points were selected using a random stratified approach, but
this time only for bareland and water (100 points each). The decision rules for water were sharpened
to only accept sites located on inland or ocean delta waters. After repeating the analysis process, the
total number of samples was as shown in the last column of Table 2.3. ‘Bareland’ now totals to a
number of 24 samples, which is below the aim of 30. However, due to the difficulty of finding suitable
bareland samples, and the time consuming process of collecting them, it was decided to let this class
remain at 24 samples. Also ‘cropland’ gained sites, as many of the potential water/bareland sites were
actually located on cropland areas.
8

Figure 2.3: An example of how the Collect Earth tool worked in Google Earth. After making a decision on the class the
sample site belonged to, this data could be entered in the ‘Class Code’ field. By pressing ‘send’, the data was automatically
saved to a database (Bey et al., 2015). In plot A, the decided class was ‘unknown or not included’, as it did not belong to
any of the other four classes. Plot B was classified as ‘bareland’, and plot C as ‘cropland’.

2.4 Image pre-processing
Pre-processing the NDVI images and other data needed for the processing phase was done in several
steps, as is shown in Figure 2.4. The left part of this figure shows the steps taken to prepare the NDVI
data. First, clouds were filtered for each date, using the corresponding status mask (SM) layer (section
2.4.1). Then, a harmonic analysis was performed for the first two years of data and the third year
separately. Also, a median minimum/maximum value was calculated for each pixel (section 2.4.2). The
right part of Figure 2.4 shows the steps taken to prepare the digital elevation model (DEM) data.
Separate tiles were mosaicked to cover the study area, after which several elevation indices were
calculated (section 2.4.3).
2.4.1 Cloud filtering
Each image came with a corresponding mask stating which pixels were of bad quality (containing
clouds, cloud shadows, or bad due to malfunctioning sensors. Using the R package probaV (Eberenz
et al., 2016), these pixels could be filtered out. This was done with three years of NDVI data (215
images in total). Despite cloud detection having been improved in collection 1 images, the algorithm
does not detect clouds over water sufficiently and often confuses bareland with clouds. Moreover,
the detection of cloud shadows has worsened (Masiliūnas, 2017).
For the next pre-processing steps, the ‘cleaned’ images were split in two groups: year 1 and 2 (11th of
March 2014 – 6th of March 2016) and year 3 (11th of March 2016 – 6th of March 2017). The first two
years were regarded as the reference period, whereas the third year was the period for which change
would be detected, the observation period. For both groups, pre-processing steps were the same.
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Figure 2.4: On the left, the flowchart of the spectral and temporal pre-processing chain (sections 2.4.1 and 2.4.2) is
shown. Cloud filtering was performed on three years of NDVI data (215 images) using the corresponding status
mask (SM) layers. For each processing step after this, the data was split up into two groups: year 1 and 2 (reference
period), and year 3 (observation period). Both groups underwent the same pre-processing. First, a harmonic
analysis was done to obtain 5 harmonic parameters (mean NDVI, phase and amplitude of the 1 st order, and phase
and amplitude of the 2nd order). Secondly, median minimum and maximum values were calculated, resulting in 2
parameters (min and max). The right part shows the flowchart of the elevation pre-processing chain (section 2.4.3).
To cover the study area, 59 GLSDEM tiles were mosaicked. As the ocean was not covered, these pixels were filled
with zeros. After, the slope was calculated and both the slope and the original height data was resampled to fit the
extent and resolution of the PROBA-V data. Aspect and topographic position index (TPI) were calculated from the
resampled data.

2.4.2 Temporal indices
By fitting a model to time series data, phenological information can be derived (Zhu & Woodcock,
2014). With a harmonic time series analysis (Jakubauskas et al., 2001; Julien et al., 2006), the
vegetation growth phases and amplitudes of the 1st and 2nd order can be extracted. These represent
the period of a year and half a year, respectively. A harmonic analysis was performed on both the
reference period, as well as the observation period of PROBA-V NDVI data (Figure 2.4), to extract NDVI
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mean, and phase and amplitude metrics. First, a linear model was fitted to each pixel of the data, using
the R probaV package to determine the model coefficients (Equation 1).
𝑦(𝑡) = 𝛼1 sin(𝑡 ⋅ 𝜏) + 𝛽1 cos(𝑡 ⋅ 𝜏) + 𝛼2 sin(𝑡 ⋅ 2𝜏) + 𝛽2 cos(𝑡 ⋅ 2𝜏) + 𝜀

Equation 1

In this equation, 𝑡 is time, 𝑦(𝑡) is the NDVI value at time 𝑡. The value of the four model coefficients
𝛼1 , 𝛽1 , 𝛼2 and 𝛽2 is to be determined. The indices 1 and 2 indicate the order of the coefficient (1st and
2nd, respectively). In addition, 𝜀 is the error term and 𝜏 = 2𝜋.
After the coefficients were determined, the phase and amplitude of the 1st and 2nd order were
calculated using R with the following formulas (Equation 2 for phase and Equation 3 for amplitude):
𝜙𝑛 = tan−1 (𝛼𝑛 , 𝛽𝑛 ) 𝑚𝑜𝑑𝑢𝑙𝑜 𝜏

Equation 2

where 𝜙 is the phase, and 𝑛 is the order of the harmonics (either 1 or 2), and
𝐴𝑛 = √𝛼𝑛 + 𝛽𝑛

Equation 3

where 𝐴 is the amplitude.
As the amplitude parameters only indicated the intensity of NDVI change, mean NDVI was also
calculated. This provided information on the value of NDVI the change fluctuated around. The result
was five layers for the reference period (mean, phase and amplitude of the 1st order, and phase and
amplitude of the 2nd order), and five layers for the observation period.
To use more information on the NDVI values into the classification, the minimum and maximum value
for each pixel can be extracted (Figure 2.4). However, minimum and maximum values are highly
sensitive to outliers and can be far from the actual values. Therefore, data of the lower and higher
quartiles were selected for a pixel, after which the median value was calculated. This resulted in a
median minimum and maximum value, respectively. Repeating this for all pixels in the time series,
two layers (minimum and maximum) were obtained for the reference period and another two for the
observation period.
2.4.3 Elevation data
Indices derived from digital elevation models (DEMs) can help to differentiate between vegetation
classes (Burrough et al., 2001) and therefore improve classification accuracy (Fahsi et al., 2000), also
in semi-arid areas (Stefanov et al., 2001). For this thesis, the NASA Global Land Survey (GLSDEM) was
used, as VITO uses it for the ortho-rectification of PROBA-V data (Wolters et al., 2017). The resolution
was, at approximately 90 meters (or 3 arc-seconds), suitable for use. The data is available as 1 by 1
degree tiles, which means that for this thesis 59 tiles between -11 and -18 degrees longitude and
between 4 and 15 degrees latitude were needed to cover the study area (USGS, 2009). Ocean is not
covered by the DEM. All 59 tiles were mosaicked into one image, and the missing ocean pixels were
filled with zeros. The first elevation index, the slope, was calculated from the original elevation data,
using a 4-neighbour moving window, as height differences in the study area are generally small (Jones,
1998). Both the elevation data and the slope were then resampled to match with the study area and
the PROBA-V pixels, after which the indices aspect and topographic position index (TPI) were
calculated. TPI is the difference between the elevation of a specific cell and the mean elevation of its
neighbours, and defines the position along a topographic gradient such as ridge top or valley (Guisan
et al., 1999). It has been shown to effectively highlight positive and negative terrain features (Wilson
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et al., 2007). In this thesis, TPI was calculated for 8 neighbours. The result of this step was four
elevation parameters: elevation itself, slope, aspect, and TPI.
To summarize, a total of eleven parameters were determined during the pre-processing phase, to be
used as predictor variables in the classification. These layers were: mean NDVI, phase and amplitude
of the 1st order, phase and amplitude of the 2nd order, median minimum NDVI, median maximum
NDVI, elevation, slope, aspect and TPI.
2.5 Land cover updating
Updating the land cover map was done in two steps. First, a base map was created by performing a
time-series based classification (random forest) on the reference period of PROBA-V data (section
2.5.1). This base map was then updated by detecting change in the observation period (section 2.5.1),
reclassifying changed areas, and updating the changed areas in the base map (section 2.5.3). See
Figure 2.5 for a simplified visualisation of the updating process and Figure 2.6 for a flowchart of the
used methodology.

Figure 2.5: Simplified visualisation of the land cover updating process. The first two years
(March 2014 until March 2016) of PROBA-V NDVI data were used as the reference period.
A base map was created by performing a time-series based classification over this period.
Change was detected over the third year (March 2016 until March 2017), the observation
period, and changed pixels were reclassified to update the base map.

2.5.1 Base map classification
The eleven predictors of the reference period and the 522 reference data points are used to create a
random forest model (Breiman, 2001). Random forest is a machine learning algorithm that is suitable
for land cover classification due to its good performance and computation efficiency (Gislason et al.,
2006; Rodriguez-Galiano et al., 2012). Also, it has been used with success to classify land cover from
time series data (Zhu & Woodcock, 2014). The random forest algorithm constructs a large number of
decision trees, by creating random subsets (with replacement) from a training dataset. Then, when
aiming to classify a pixel, each tree is run and the resulting output (the assigned class of the decision
tree) counts as a ‘vote’ for that class. The pixel is assigned the class that has the highest number of
votes (Breiman, 2001). After creating the random forest model, the eleven predictors were used to
produce the base map (the classification from the 11th of March, 2014 to the 6th of March, 2016). The
model was created using the R ranger package.
As the same reference data that was used for classification needed to be used for the validation of the
results, a cross-validation with five folds was performed to obtain overall and class specific accuracy
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statistics such as a confusion matrix, and the kappa coefficient of agreement. In this process, the
reference data was randomly divided into five groups, while attempting to balance the class
distributions within the splits. The classification procedure is then performed five times, each time
using four groups for training the random forest model, and the fifth to validate it. The results are then
combined, to estimate the total accuracies. In this thesis, the cross-validation was executed five times
and the results for producer’s and user’s accuracy, total accuracy and the kappa coefficient, averaged.

Figure 2.6: Flowchart of the land cover updating process. The boxes having a thicker border indicate processing results. The
left part of the flowchart shows how the base map classification and accuracy statistics were obtained. All eleven predictors,
as well as all reference data was used to train the model using the random forest algorithm, after which the base map was
predicted. All reference data was used for a 5-fold cross-validation to calculate the accuracies of the base map (section
2.5.1). The right part of the flowchart shows how the base map was updated. First, the mean NDVI of the first two years
(reference period), as well as all NDVI PROBA-V data of the third year (observation period) was used to detect land cover
change in the third year. These changed pixels were then predicted using 11 predictors and the same random forest model
as was used for the base map. After, the base map was updated using two diferent methods, creating two different updated
maps. With the first method, all changed pixels were updated in the base map. With the second method it was first checked,
with a logical filter, wheter a potential land cover change was ecologically feasible within the time frame of a year. If a
change was deemed logical, the base map was updated with the new value. If deemed illogical, the base map was not
updated.
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2.5.2 NDVI based change detection
To detect change in the observation period, a one-sample t-test is used. The t-test has been used
previously to detect land cover change, using two images from separate years (Brink & Eva, 2009),
although in this case the paired t-test was used and change was reported per class. In this thesis, the
t-test was applied to a time-series of data, as opposed to two images only. Normality of the data was
assumed. For each pixel, the method was as follows: the mean NDVI of the reference period (first two
years) was calculated. This was then viewed as the ‘null-hypothesis’. Change was detected when the
NDVI values of the third year (the sample to be tested) differed significantly from this null-hypothesis.
Comparing the sample with the null-hypothesis, results in a p-value: the probability that this sample
happens under the assumption that the null-hypothesis is the ‘truth’. This p-value was compared with
a conservative 𝛼 of 0.01, below which the pixel was regarded as potentially changed. Changed pixels
were given a value of ‘1’, and unchanged pixels were set to ‘no data’, this way creating a map with
only changed pixels.
A one-sample t-test was in fact not the correct statistical test to detect change in this case, as is
discussed in more detail in the discussion. However, due to time constraints, and considering that
other simpler methods were unable to detect any change, it was decided to continue using the onesample t-test for this thesis.
The resulting map with the detected change was then visually compared with data on forest loss for
the years 2013 through 2015 and the year 2016 (Hansen et al., 2013). In this dataset, forest cover loss
is shown in annual time scales and is defined as a stand-replacement disturbance or change from a
forest to non-forest state. In this thesis, change was detected between March 2016 and March 2017,
and therefore change should correspond better with the year 2016 as change from 2013 through 2015
had already happened.
2.5.3 Updating the base map
After change was detected, all changed pixels were classified using the eleven predictors for the
observation period, and the random forest model that was used to create the base map. The base
map was then updated in two different ways, creating two different updated base maps. The first
method was simply inserting the class of the changed pixels into the base map, thereby updating it. It
was common for a changed pixel to be reclassified to the same class as it was in the base map, and
therefore the number of actually changed pixels after updating would be smaller than the number of
detected pixels.
However, not all changes are ecologically possible, especially given the time frame of only a year. For
example, it is never possible for a water pixel located in the ocean to change to forest. Neither is it
possible for a forest pixel to change to urban in a year’s time. The second method of updating
therefore applied ecological rules (a logical filter) in the decision on whether to update a specific pixel
in the base map or not. To decide which transitions were logical and which were not, examples from
similar studies were used as guidelines (Clark et al., 2010; Gómez et al., 2016; Liu & Cai, 2012; Pouliot
et al., 2014; Wehmann & Liu, 2015), along with logical thinking as the examples usually considered
larger change-intervals than the one-year interval used in this study and were located in different
areas.
In this study, transitions were treated as being either logical or illogical (Liu & Cai, 2012; Wehmann &
Liu, 2015). For each potential class transition, a value of ‘0’ was given if the change was logical, and a
value of ‘1’ if it was illogical (Table 2.4). The transition from ‘grassland’ to ‘shrubland’ for example, was
considered a ‘logical’ transitions, as an increase in vegetation can promote an area of mostly grass to
an area with a larger proportion of shrubs. A transition from ‘grassland’ to ‘forest’ on the other hand
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was considered ‘illogical’, as this could not happen in only one year’s time. Transitions from and to
‘water’ were considered mostly illogical, except for ‘bareland’. Considering that in the delta-regions
of the study area flooding is very likely, a change from water to bareland and vice versa is logical.
Table 2.4: This matrix shows for each class combination whether that change was logical (indicated by 0), or
illogical (indicated by 1), in the time frame of a year. For example a change from forest to shrubland is not
possible in a year, and was therefore indicated by a ‘1’. A change from urban to bareland on the other hand is
logical, and was indicated by a ‘0’.
To
From

Forest

Shrubland

Grassland

Cropland

Urban

Bareland

Water

Forest

0

1

1

1

1

0

1

Shrubland

0

0

0

0

0

0

1

Grassland

1

0

0

0

0

0

1

Cropland

1

1

0

0

0

0

1

Urban

1

1

0

0

0

0

1

Bareland

1

1

0

0

0

0

0

Water

1

1

1

1

1

0

0

Using this transition matrix (Table 2.4), the base map was updated by reviewing for each changed pixel
which class transition occurred and whether this was a logical or illogical change. If the change was
logical, the base map was updated with the class of the changed pixel. If deemed illogical, the base
map was not updated and the pixel kept the base map class.
For both resulting updates (one with no filter, and one with a logical filter), the number and type of
class transitions that occurred were recorded to study the changes in more detail. This was done by
assigning a unique identifier to each possible class transition (e.g. forest to forest got a value of 1,
forest to shrubland got a value of 2, etc.), and then comparing the classes of the base map and the
updated map for each pixel that was detected as changed. This information was then summarized to
show the number of times each specific class transition occurred.
2.5.4 Comparing with MODIS LC maps
To investigate the usefulness of map updating, as opposed to making separate classifications, the
number of changed pixels was compared with the change in MODIS GLC maps. MODIS releases new
GLC maps annually, but does not make use of updating. Global land cover maps based on MODIS data
are freely available for the years 2009 to 2013, in a resolution of 500 meters. The maps of 2012 and
2013 (the most recent available years) were compared. Five different classification schemes are
provided (LP DAAC, n.d.). For this thesis, the Land Cover Type 2 classification scheme (UMD; University
of Maryland) was used, as it showed the most similarity to the classes used. The data was downloaded
from the NASA Earthdata Search engine, and four tiles were needed to cover the study area (h16v06,
h16v08, h17v07, h17v08; Friedl et al., 2010). Before using MODIS data, some pre-processing was
necessary. Per year, the four MODIS LC Type 2 tiles were mosaicked to form one image. After, the
classes were harmonized (see Table A.1 in Appendix A) to correspond with the classes of this thesis.
The last pre-processing step was resampling the harmonized images to the study area extent and
resolution.
During the processing phase, the maps of 2012 and 2013 were investigated for change using the same
unique-identifier method as described in section 2.5.3. This way, for each pixel in the MODIS map, the
exact class transition was recorded. This information was then compared with the updated map
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(including logical filter). When comparing the changes between the MODIS maps and the maps
created within this thesis, it was only useful to compare changes to a different class. Change between
two MODIS maps can only be detected when a certain pixel has two different classes in two
subsequent maps, whereas in this thesis change was detected separately. That way, it can occur that
a certain pixel has the same class in the two subsequent maps, as the changed pixel was reclassified
to the same class. Therefore, to compare MODIS and the updated maps (section 2.5.3), only the pixels
that were updated to a different class than that of the base map were taken into account.
The MODIS land cover dataset does not contain any maps beyond 2013. As these maps were not
produced in the same time frame as the study period, the forest loss data of Hansen et al. (2013) was
checked to get a clearer picture of the change that actually happened in 2013.
2.5.5 Npphen change detection
Since the change detection method used during this thesis, the t-test method (section 2.5.1), had flaws
(see discussion) and was very simple, change was also detected using the Vegetation Phenological
Cycle and Anomaly Detection method (Chávez et al., 2017). This algorithm is implemented in the
npphen package available for R, and is designed specifically for vegetation indices such as NDVI and
EVI. Using a non-parametric approach, the phenological cycle is calculated from time series data and
anomalies (deviations from the expected values at given days, with respect to the phenological cycle)
are derived. Using this package, the anomalies were calculated for each available date during the
observation period. This was done by feeding the complete time series to the algorithm, and defining
the first two years as the ‘reference period’ and the third year as the ‘anomaly period’: the period for
which to calculate the anomalies based on the phenological cycle calculated from the reference
period.
As applying the npphen method to the whole image would be highly time consuming (100+ days on
16 cores), a small area was selected based on the change detected in section 2.5.1 and forest loss data
for the year 2016 (Hansen et al., 2013). Moreover, as the package has been released only recently, no
function was available yet that can assign change to pixels based on the values of the anomalies in a
specific period. Therefore, the absolute mean value was calculated from the anomalies. This resulted
in the average anomaly for each of the pixels in the studied area. These values were visually compared
with forest loss data of 2016 (Hansen et al., 2013). A cut-off value of 0.15 was defined: pixels with an
average anomaly above 0.15 were regarded as changed. The resulting map of changed pixels was then
compared with the change detected using the t-test method.
2.6 Implementation
2.6.1 Hardware
Most of the pre-processing and processing during this study was done on a virtual machine provided
by VITO. This machine had 32 processor cores (Intel Xeon E3, 2.4 GHz) and 32.8 gigabytes of RAM. A
small part of pre-processing was done on a Windows computer, as software needed was not available
on the virtual machine.
2.6.2 Software and coding
Most of the pre-processing and processing was scripted using R. For pre-processing some additional
software was necessary: ArcGIS was used in a few cases, and Open Foris Collect and Collect Earth were
used for collecting reference data. In R many packages were used, such as probaV, ranger, raster,
caret, optparse, rgdal, landsat, yaml, and tools. To decrease computation time, and use the full
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functionality of the virtual machine, many scripts were run in parallel on several cores. The code can
be found on GitHub: https://github.com/eline-91/MinorThesis.
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3. Results
3.1 Base classification

Figure 3.1: Classified base map (11th of March 2014 – 6th of March 2016). Part of the
ocean has been cut from the image, as it does not contain any additional information.

The classified base map (11th of March 2014 – 6th of March 2016) is shown in Figure 3.1. About 32% of
the study area consists of forest (Table 3.1), which is, apart from water, by far the most represented
class. It is followed by grassland and cropland with approximately 11 and 4%, respectively. Bareland
was the least represented, with only 0.23%. Producer and user’s accuracy (Table 3.2) show that
shrubland was one of the hardest classes to classify, with 0.02 and 0.14 respectively. This means that
only 2% of the reference data was classified correctly in the map, and of all pixels that were assigned
‘shrubland’, 14% actually belonged to this class. The confusion matrix shown in Table 3.2 shows that
predicted shrubland pixels usually were in fact forest. Of all pixels that were shrubland in the reference
data, most were classified as forest or grassland, and only one was assigned correctly. Therefore,
shrubland was mostly confused with forest and grassland. The producer and user’s accuracy of
grassland was also quite low (31% and 38% respectively). The confusion matrix shows that
misclassification occurred mostly with forest and cropland.
Table 3.1: This table shows the proportions (%) for each class, as well as the average producer’s and user’s
accuracy after a five-time repeated five-fold cross-validation.
Class
Forest
Shrubland
Grassland
Cropland
Urban
Bareland
Water

Proportion (%)
31.92
0.91
10.80
4.31
1.39
0.23
50.62

Producer's accuracy
0.87
0.02
0.31
0.69
0.68
0.73
0.96
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User's accuracy
0.64
0.14
0.38
0.65
0.82
0.77
0.97

Both the classes forest and urban showed an unequal producer and user’s accuracy. In the case of
forest, the producer’s accuracy was higher (87% compared to 64%). This means that the percentage
of reference pixels classified correctly in the map is higher than the percentage of classified pixels that
actually belonged to this class. The opposite was the case for urban (68% compared to 82%). The
overall accuracy of the map was 59%, and the kappa coefficient of agreement was 0.68. Therefore,
the classification procedure avoided 68% of the errors that a random classification would have
generated.
Table 3.2: Confusion matrix as a result of one of the five cross-validation runs. Predicted classes are shown
vertically and the reference classes horizontally.
Reference
Predicted
Bareland
Cropland
Forest
Grassland Shrubland Urban
Water
Bareland
17
3
0
0
0
0
2
Cropland
3
48
2
8
2
9
2
Forest
0
9
145
35
38
3
0
Grassland
1
9
16
25
8
3
0
Shrubland
0
1
6
2
1
0
0
Urban
2
1
1
1
0
32
0
Water
1
0
0
0
0
1
85

A couple of locations are shown in more detail (Figure 2.3). All of the examples were from the northern
part of the region, as it contained more variation. Example A is an image of the city of Touba, Senegal.
This was also shown by the classification. Example B contained a combination of water, bareland, and
forest. Both water and bareland were in general correctly represented by the classification. However,
the classification also showed a large proportion of cropland, a class that was not present. It seems
that both forest and bareland pixels were incorrectly classified as cropland. In addition, the
classification of image B shows ‘no-data’ holes. These holes were most likely caused by the cloud
removal algorithm of the PROBA-V collection 1 data, that erroneously identified bareland as clouds or
cloud shadows (Masiliūnas, 2017). The map of example C showed a high proportion of urban, a class
that is not visible in the aerial image. Also cropland is not visible. This area appears to be a combination
of grassland, bareland and possibly shrubland. Shrubland was indeed represented in the map. Example
D consisted mostly of cropland, which was shown as forest in the classification. However, it does seem
that forest and cropland coincide together, as the area is very green. The part that was classified as
cropland, was more likely bareland, as it is located next to the river and probably prone to flooding.
The biggest urban area of the image was correctly classified. Example area E was a combination of
forest and cropland, which was correctly classified in the map. There were also some small urban areas
present in the region, but these were not represented in the map.
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Figure 3.2: Google Earth aerial imagery and the base map classification of the same area for five locations (A to E).
The red circles in image B indicate ‘no-data’ holes in the base map.
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3.2 Updated classification
3.2.1 Change detection

Figure 3.3: On the left the pixels that were detected as ‘changed’ by the t-test change detection algorithm are shown. On
the right forest loss data for the years 2013 through 2015 (green) and 2016 (red; hardly visible due to the low number of
pixels). Three areas (A, B and C) will be discussed and shown in more detail. Source: Hansen/UMD/Google/USGS/NASA.

A total of 3326657 pixels (4.01% of the total map) were detected as changed by the t-test change
detection algorithm (Figure 3.3). This includes all types of changes, both logical and illogical, and both
to different classes as well as to the same class. To get a better view on the performance of the
algorithm, the data was compared visually with forest loss data from the same area. In general, change
detection concentrated around the same areas as the forest loss. Few change was detected in the
northern part of the study area, and quite some change was detected in the ocean. Three areas were
chosen to show and discuss in more detail. Area A (Figure 3.4, left) showed a concentration of pixels
that were detected as changed. However, this was not caused by a loss of forest, as this change was
not confirmed by the forest loss data (right part of Figure 3.4). Area B (Figure 3.5) is located in the
southern part of the study area. This area was chosen as it displays a concentration of forest loss
between 2013 and 2015 (right part of Figure 3.5). The change detected in this thesis (left) did not show
the same pattern. There is also considerable loss in 2016, but this loss did not correspond to the
pattern of changed pixels found in this thesis. Area C on the other hand, did show a strong
correspondence between changes detected and forest loss data. Figure 3.6 clearly shows very similar
patterns of change both in the map produced in this thesis (left) as displayed by the forest loss data
(right). Change was more common in the middle and south of area C, and was concentrated mostly in
smaller patches. Patches of changed pixels and forest loss overlapped almost exactly in most cases, as
can be seen clearly in Figure 3.7. This figure, a close-up of part of area C, shows the overlap between
forest loss and detected change. It is clearly visible that forest loss for 2016 showed great overlap with
detected change (shown in blue). This was to a lesser extent also the case for loss in 2013 – 2015
(purple).
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A
Figure 3.4: Area A. On the left the change detected in this thesis, showing a large concentration of change.
This did not correspond with forest loss data (right). Source: Hansen/UMD/Google/USGS/NASA.

B
Figure 3.5: Area B. On the right, a large concentration of forest loss that occurred from 2013 through 2015. This
did not correspond with change detected in this thesis (left). Source: Hansen/UMD/Google/USGS/NASA.
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C
Figure 3.6: Area C. This area showed a large correspondence between the change detected in this thesis (left) and
the forest loss data (right). The change was aggregated in smaller patches, and patches of the two datasets
overlapped almost exactly, as can be seen in more detail in Figure 3.7. Source: Hansen/UMD/Google/USGS/NASA.

Figure 3.7: This area is a close-up of the centre of area C. Black patches are change detected by this study.
Green (change between 2013 and 2015) and red (change in 2016) patches represent the forest loss data.
Overlap between the changed pixels and forest loss 2013 – 2015 is shown in blue and overlap between
changed pixels and forest loss 2016 is shown in purple. Source: Hansen/UMD/Google/USGS/NASA.
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3.2.2 Updated map and illogical changes
After performing the map update, two maps were created: one where logical transitions were taken
into account (including the logical change filter) and one where they were not (excluding the logical
change filter). The class proportions of the two maps (Table 3.3) showed only minor differences with
those of the base map (Table 3.1). However, the differences were somewhat larger when logical
transitions were not taken into account. Both maps showed a decrease in cropland and the map
without the logical change filter also showed an increase in grassland and a decrease in forest.
Table 3.3: This table shows the proportions (%) of pixels for each class of the map including the logical change
filter and the map excluding the logical change filter.
Class
Forest
Shrubland
Grassland
Cropland
Urban
Bareland
Water

Proportion (%) incl.
logical change filter
31.92
0.91
10.80
4.12
1.40
0.24
50.62

Proportion (%) excl.
logical change filter
31.83
0.91
10.88
4.11
1.41
0.24
50.62

A very large proportion of pixels that were detected as ‘changed’ (92.8% of the total changes, 3.72%
of the total map) was reclassified to the same class as in the base map (Table 3.4). The remaining 7.2%
(0.291% of the total map) was reclassified to a different class during map updating. From these pixels
32.7% had a logical class transition, and were allowed by the logical change filter. For the largest part
however, 67.3%, class transitions were not logical. These were not updated in the map including the
logical change filter. Therefore, out of all changes detected, only 2.4% (0.095% of the total map) were
both logical and to a different class and could be updated.
Table 3.4: The type of change is divided into two groups: pixels that were reclassified to a different class than
that of the base map, and pixels that were reclassified to the same class. Of those pixels reclassified to a different
class, another division is made: pixels whose transition was logical, and pixels whose transition was illogical. For
each type of change the number of occurrences is mentioned, as well as the percentages of changed pixels/total
pixels.
Type of change
To different class
Logical changes
Illogical changes
To same class
Total

# Occurrences
241092
78741
162351
3085565
3326657

% of changed pixels
7.2 %
32.7 %
67.3 %
92.8 %
100 %

% of total pixels
0.291 %
0.095 %
0.196 %
3.72 %
4.01 %

Out of all these logical transitions, the most common was grassland to urban (Table 3.5), followed by
cropland to grassland and grassland to cropland. Least common was grassland to bareland and forest
to bareland. The illogical transitions that occurred most were forest to grassland, grassland to forest
and forest to urban. Least common were water to shrubland and shrubland to water.
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Table 3.5: This table shows all class transitions (logical changes on the left and illogical changes on the right) and
the number of times this occurred (in descending order). Three class transitions did not occur: shrubland to
bareland, bareland to shrubland and bareland to forest, and are therefore not mentioned in the table.
Logical changes

Illogical changes

From

To

# Occurrences

From

To

# Occurrences

Grassland
Cropland
Urban
Grassland
Cropland
Urban
Shrubland
Water
Bareland
Cropland
Grassland
Bareland
Shrubland
Shrubland
Urban
Shrubland
Bareland
Bareland
Grassland
Forest

Urban
Grassland
Grassland
Cropland
Urban
Cropland
Grassland
Bareland
Cropland
Bareland
Shrubland
Water
Forest
Urban
Bareland
Cropland
Grassland
Urban
Bareland
Bareland

19037
13604
12869
6020
5324
4190
3606
2900
2600
2332
1777
1761
1726
578
139
102
71
64
35
6

Forest
Grassland
Forest
Cropland
Urban
Forest
Forest
Water
Urban
Cropland
Water
Urban
Grassland
Water
Cropland
Forest
Water
Water
Shrubland

Grassland
Forest
Urban
Forest
Forest
Cropland
Shrubland
Cropland
Water
Water
Urban
Shrubland
Water
Grassland
Shrubland
Water
Forest
Shrubland
Water

86460
22454
20248
9872
9646
6727
2624
1450
1033
928
253
250
148
78
54
52
45
23
6

The three areas A, B and C were again studied in more detail by looking at Google Earth satellite
imagery and obtained results. Area A (Figure 3.4) showed large areas that were detected as changed.
However, looking at the specific class transitions of these pixels reveals that by far the largest part was
reclassified to the same class as it was in the base map, namely forest. The map was therefore not
updated and visually comparing the base map with the updated maps showed no substantial
difference. Also studying the area in Google Earth, including historical imagery, does not show any
obvious change in the area that could have been detected. Area B (Figure 3.5) showed large forest
loss according to Hansen et al. (2013). Historical imagery in Google Earth reveals this was indeed the
case (Figure 3.8). In December 2011, there was no clear sign yet of deforestation, as opposed to
December 2014. In December 2016, one can clearly see a large decrease in forested area. The maps

Figure 3.8: Area B, historical imagery (Google Earth) of
December 2011, 2014 and 2016. Next to it the updated
map (including logical filter) and the detected change of the
same region.
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produced in this thesis however, did not show any sign of a deforested area. Figure 3.8 shows the
updated map, which was virtually equal to the base map, and it can be seen that the area is regarded
as being almost entirely forest. Change that was detected turned out to be mostly forest to forest.
Area C showed a large correspondence between changes detected and forest loss data (Figure 3.6 and
Figure 3.7). The area seems to be a mix of forested and non-forested area, possibly bareland and
grassland, as well as some urban areas (Figure 3.9). In the base map it was classified as being mostly
forest, grassland and urban. Comparing the updated maps with the base map showed hardly any
differences. In the update excluding the logical change filter there was slightly more grassland than in
the base map and the update including the logical filter. As this area displayed a lot of potential
change, but this did not appear in the updates, the specific class transitions were studied in more
detail (Figure 3.10). The most common transition was, again, forest to forest and therefore the change
was not visible in these cases. The second most common transition was forest to grassland, which was
considered an illogical transition in this thesis. Therefore, this change was only updated in the map
that did not take into account logical changes. Other types of transitions in this area were negligible
and were not studied further nor shown in Figure 3.10. An interesting finding however, was that the
patches showing transitions from forest to grassland, overlapped for a large part with the forest loss
data of 2016 (shown in orange). Forest loss in 2016 corresponded better with ‘forest-to-grassland’
patches than it did with ‘forest-to-forest’ (shown in blue). There was also change detected that did
not overlap with forest loss in 2016 (green for the forest-to-forest transition and brown for forest-tograssland).

Figure 3.9: Area C, Google Earth imagery of 2017 on the left and the base map classification on the
right.
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Figure 3.10: Zoom of part of area C, types of class transitions for the pixels detected as changed and their
overlap with forest loss 2016 data. Overlap of forest loss 2016 with the forest to forest transition is shown
in blue, overlap with the forest to grassland transition is shown in orange. Non overlapping detected change
is shown in green for the forest-to-forest transition, and brown for forest-to-grassland. Non overlapping
forest loss 2016 is shown in red. Source: Hansen/UMD/Google/USGS/NASA.

3.2.3 Comparison with MODIS LC maps
About 6.2% of the total pixels was changed between the MODIS maps of 2012 and 2013. This is more
than 21 times higher than the change detected using the t-test (0.291%). This difference becomes
even larger when looking only at logical changes: 2.48% of logical change was detected in the case of
MODIS compared to 0.095% in this study (over 26 times smaller). As was the case in this thesis, the
percentage of illogical change is higher than that of logical change (60.12% and 39.88% respectively).
The most common illogical changes in the case of MODIS were cropland to forest and forest to
cropland, changes that were also common in this study. The most common logical changes were
grassland to cropland, shrubland to cropland and cropland to grassland. The first two transitions
corresponded to the results obtained from the change detection in this study. Cropland to grassland
was found less frequently. The full list of MODIS logical and illogical transitions and how often these
occurred can be found in Table A.2 in Appendix A.
According to the forest loss data of 2016 (Hansen et al., 2013), the percentage of forest loss was
0.183% in 2013, a change value considerably lower than the change seen between the two MODIS
maps. The percentage forest loss in 2016 was slightly higher, with 0.202%.
Table 3.6: Quantified change (count, % of change, % of total pixels) between two subsequent MODIS maps (2012
and 2013), compared with the change detected using the t-test. Only change to a different class was considered,
as change to the same class did not apply to the MODIS maps.

Logical
Illogical
Total

Count
2516798
3793492
6310290

MODIS change
%
% of total pixels
39.88
2.48
60.12
3.73
100
6.21
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Count
78741
162351
241092

Study change
%
% of total pixels
32.66
0.095
67.34
0.196
100
0.291

3.2.4 Npphen change detection
A rectangle of 428 by 592 pixels in the centre of area C was chosen for the testing of the npphen
algorithm. As seen in Figure 3.9, this area consisted mostly of forest. Processing lasted six hours. The
pattern of change detected, using a cut-off value of 0.15, showed overlap with both the detected
change as well as forest loss in 2016. The npphen algorithm detected more change than shown by the
forest loss 2016 data, but there was still a striking overlap (Figure 3.11; right). It is clearly visible that
a substantial part of npphen change overlapped almost exactly with forest loss (blue colour). The ttest algorithm in this thesis detected more change than the npphen method (Figure 3.11, middle), but
there was still a large amount of overlap (shown in purple). Also, as was the case with forest loss data,
when the npphen change overlaps with detected change, the patches are an almost exact fit.

Figure 3.11: the npphen algorithm was performed on an area in the centre of area C. The image on the left shows the
change detected using a cut-off value of 0.15 (green). Point A is a pixel shown in more detail in in Figure 3.12. The middle
image shows the overlap between detected change and npphen change (purple). Non-overlapping detected change is
shown in black. The right image shows the overlap between npphen change and forest loss of 2016 (blue). Nonoverlapping forest loss is shown in red. Source: Hansen/UMD/Google/USGS/NASA.

One pixel (point A in Figure 3.11) is shown in more detail (Figure 3.12). Its absolute average anomaly
value was 0.263 and was therefore flagged as changed (> 0.15). This pixel was also flagged as changed
using the t-test, and showed forest loss in 2016. The left plot of Figure 3.12 shows the NDVI values for
each of the available dates for this pixel. There was quite some no-data present in the time-series,
likely data loss due to cloud removal. The green curve represents the reference period of the time
series, in other words: the first two years of data. The blue curve represents the anomaly period: the
period for which anomalies were detected (the third year of data). The NDVI values during the
anomaly period seemed to be lower than what would be expected looking at the reference period.
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This was confirmed by the npphen result (right plot of Figure 3.12). All anomalies were negative, as
values were lower than expected. For example, the highest anomaly (approximately 0.5) occurred
around May 2016. This point is also visible in the left plot with a very low NDVI value compared to the
green curve. Looking at the same date a year earlier (May 2015), it does not seem likely that NDVI
reached a similar low value. The same cannot be said for May 2014, as there is a large amount of data
loss during this time.

Figure 3.12: Point A: a pixel example of the npphen anomaly detection. This point was located in Area C, and was
considered changed by the npphen algorithm, the t-test method, and forest loss data of 2016; indicating that it had
been deforested. Data gaps shown were likely due to cloud removal. The left plot shows the NDVI values of each of
the available dates of this pixel (green for the reference period, the first two years, and blue for the anomaly period,
the third year). The third year seemingly had lower NDVI values than the reference period and was therefore possibly
changed. The right plot shows the anomalies for each available date in the third year. As expected, all anomalies were
negative, as values were lower than expected based on the reference period. The absolute average anomaly value of
this pixel was 0.263, above the cut-off of 0.15 and therefore flagged as changed.

29

4. Discussion
During this thesis, a conceptual framework was designed to use NDVI data from the PROBA-V satellite
in order to update a base map (see Figure 2.5 and Figure 2.6). Eleven predictors were used to classify
two-thirds of the data and produce the base map using random forest. Results are discussed in section
4.1. Next, change was detected during the third year of data using a t-test method, after which the
changed pixels were reclassified and the map was updated. Two updated maps were produced: one
before applying a logical change filter and one after. A comparison was made with MODIS GLC maps
from 2012 and 2013 and a specific section of the study area was studied for change using the npphen
package. These results are discussed in section 4.2.
4.1 Base classification
The base map, shown in Figure 3.1, is in line with the MODIS and Globcover GLC maps, as they are
visualised in (Tsendbazar et al., 2015). Here, the original map classes were harmonized to the same
legend as used in this study. The large forest area found is confirmed by the MODIS map. Large areas
of cropland and grassland are also shown in both Globcover and MODIS maps. The relatively low total
accuracy value of 59% found in this study, is in line with was is found for common GLC maps. Semiarid landscapes are highly heterogeneous, making this a difficult area to classify, and low estimated
accuracies are found in the study area (Herold et al., 2008). Also, common GLC maps generally do not
show a lot of agreement in West Africa (Jung et al., 2006; Tchuenté et al., 2011; Tsendbazar et al.,
2015). Looking at the classes in more detail, this thesis found low accuracies for shrubland, grassland
and cropland (Table 3.1). This too is in line with previous research (Eberenz et al., 2016; Herold et al.,
2008). Tsendbazar et al. (2016b) compared three GLC maps (Globcover, LC-CCI and MODIS) and found
high confusion errors for shrubland, grassland and cropland for all maps. Shrubland was only
represented with 0.91% in this thesis, and showed the lowest accuracies. This can be explained by the
fact that shrubland is a transitional class, that consists of a mix of vegetation types, therefore making
it hard to classify (Herold et al., 2008). Shrubland was mostly confused with forest and grassland, two
vegetation types that often occur together in shrubland. Another class that showed relatively low
accuracies was urban. Although correctly classified in many cases (as in the examples of Figure 3.2A
and D), it was overrepresented in the northern part of the study area (see example of Figure 3.2C).
However, urban is another class that shows large heterogeneity, making it a hard one to classify and
an easy one to be confused with other land cover types.
Despite the results being in line with those found in literature and common GLC maps, there are ways
in which the base classification could be improved. Due to time constraints only the cloud mask
provided by VITO was used to remove clouds from the images. However, during this thesis it became
clear that the algorithm used for the PROBA-V collection 1 images contained some limitations: it did
not detect clouds over water sufficiently and confused bareland with clouds (Masiliūnas, 2017). This
was also visible in this thesis (Figure 3.2B), where bareland areas contained holes in the data. Applying
an additional time-series based cloud filter over the data, as was done in Eberenz et al. (2016) for
PROBA-V data in the same area, could improve the classification. A good time-series classification also
relies on a large number of cloud-free observations (Zhu & Woodcock, 2014). Despite the PROBA-V
satellite having a revisit time of only two days, a lot of data is lost due to cloud cover. Besides this, the
base classification was produced based on two years of data, as the PROBA-V satellite was launched
relatively recently. A longer time-series would result in a more reliable classification, as there are more
cloud-free observations. However, this would also increase the probability of change occurring within
the study area. An algorithm continuously checking for change as it moves through the time-series
data, such as the CCDC algorithm (Zhu & Woodcock, 2014), would be a possible solution for this
problem.
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The time-series classification was based only on NDVI data. This is useful for change detection, as it
has been shown to remove pseudo-change caused by seasonal differences (Chen et al., 2015b), but it
is possible that the classification procedure could be improved by adding information of the separate
PROBA-V bands (blue, red, near infrared and shortwave infrared). For example, time-series
parameters could be extracted from these bands as well, and added to the random forest model. This
way, all available information from the satellite is used.
Moreover, other indices could be added to the model. For example, the class ‘urban’ showed relatively
low accuracies and was overrepresented in the northern part of the study area. Estimations could be
improved by adding the Normalized Difference Built-Up Index or NDBI (Zha et al., 2003). This index,
Equation 4, makes use of the shortwave infrared (SWIR) and the near infrared (NIR) bands.
𝑁𝐷𝐵𝐼 =

𝑆𝑊𝐼𝑅 − 𝑁𝐼𝑅
𝑆𝑊𝐼𝑅 + 𝑁𝐼𝑅

Equation 4

This thesis made use of the vegetation growth phases and amplitudes of the 1st and 2nd order to define
the curve of the NDVI time series. However, there are more curve fitting methods available that have
the potential to improve classification results. For example, double logistic fitting could be used to
extract amplitude, minimum value, inflection points and rate of in- or decrease at these inflection
points (Inglada, 2016; Pelletier et al., 2016). Another possibility is making use of the TIMESAT software
(Jönsson & Eklundh, 2004) to extract several phenological parameters such as the beginning, peak and
length of the growing seasons. These can then be added to the random forest model. However, the
TIMESAT software requires at least three years of data, so a longer time series of PROBA-V data is
required. Lastly, it has been shown that an increase in training data increases the performance of the
random forest model (Pelletier et al., 2016). This thesis made use of only limited training data, ranging
from 170 samples for forest to only 24 for bareland. Therefore, it is likely that increasing the number
of ground truth samples will improve the classification.
Besides the quantity of the reference samples, the quality can also be improved. Part of the data was
obtained from IIASA, and part was collected during this thesis. Therefore, data was collected by
different people and different criteria were probably used. The protocol IIASA used for their data
collection was not known, and therefore it is unlikely that the extra samples were collected using the
same decision rules. Collecting reference data using aerial imagery is not straightforward, and that
was also the case during this thesis. Especially bareland was a very difficult class, as it was often unclear
whether an area was sparsely vegetated or whether it was grassland (Figure 4.1). In this figure, area

A

B

Figure 4.1: an example of two possible bareland areas. Area A is quite clearly bareland: it is very light and
there does not seem to be any vegetation present. Area B is less clear. There is sparse vegetation present;
the brown colour suggests that it is bareland while it could be grassland during the dry season. Source:
Google Earth.
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A is clearly bareland, due to its light colour and no visible vegetation, but area B is much less clear.
Sparse vegetation occurs in this area, and it could be grassland during the dry season (therefore the
lack of green). NDVI profiles from the Google Earth Engine often did not provide clear answers.
Shrubland was a problematic class, showing very low accuracies, and only a small proportion of the
map was classified as shrubland (Table 3.1). Part of this can be explained by the low accuracies of GLC
maps in the study area in general, but it is likely that this was also caused by the quality of the
reference data. Figure 4.2 shows four locations from the obtained reference dataset that were all
classified as shrubland after the harmonization step. However, vegetation in each of the four areas
looks very different. Area A contains sparse vegetation (which could also be the result of the moment
in the growing season at which this picture was taken), whereas area D is densely vegetated. Defining
the height of vegetation from aerial imagery is complicated, if not impossible, and therefore nothing
can be said about the size of the trees in area D. The height of the trees could mean the difference
between shrubland and forest. Area B and C both show a combination of vegetation and more bare
areas, but still these locations seem different. Area B is overall more green than area C, but this could
also be due to different growing season stages. This example demonstrates the difficulty both in
defining locations as shrubland as in classifying shrubland, as all four locations probably showed
different NDVI profiles.

A

B

C

D

Figure 4.2: Four locations (black points) from the reference dataset obtained by IIASA that were all classified as
shrubland after the harmonization step (Table 2.2). Vegetation in the four areas looks very different however,
ranging from barely any vegetation (A) to dense vegetation (D). Areas B and C are somewhat in between, with
less vegetation and more visible soil in C. The white bars indicate a distance of 100 meters: each reference point
was based on a square of 100 by 100 meters around the points. Source: Google Earth.
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4.2 Updated classification
4.2.1 Change detection
About 4% of the total pixels were detected as changed by the t-test, using an 𝛼 of 0.01 (Figure 3.3).
Upon visual inspection, a large part of this change was located in the ocean. This would be false
change, as it is highly unlikely for ocean to change into a different land cover class. This change is
probably caused by undetected clouds that remained in the satellite images and therefore produced
very different NDVI values. As said before, the cloud detection algorithm used for these images
insufficiently detected clouds over water (Masiliūnas, 2017). The proportion of water pixels (50.62%)
remained exactly the same after map updating, both in the map that did not include a logical
transitions filter as well as the one that did (Table 3.3). This shows that although the pixels were
detected as changed, they were again classified as water and therefore not updated to a different
class. The patterns of detected change and forest loss data from 2013 to 2016 show similarities
(Hansen et al., 2013). Few changes were detected in the northern part of the area and more in the
south. There are some areas, for example area A (Figure 3.4) and parts of the coast that show a lot of
detected change, whereas this is not the case for the forest loss data. This could be due to several
reasons. First, again, it could be caused by the presence of undetected clouds or cloud shadows in the
data. Second, forest loss data only considers change due to the removal of forests. It could be that in
those regions change was happening to different classes. However, the classified map shows that the
study area consisted mostly of forest, and therefore forest loss data and detected change can be
expected to correspond. Third, the detected change could be related to yearly variation in reflectance.
The opposite situation occurred in Area B (Figure 3.5), showing a large concentration of forest loss
between 2013 and 2015, whereas detected change did not show the same pattern. This is logical
however, as change was detected over the period of March 2016 and March 2017, and the majority
of forest loss had already occurred. In the centre of the study area, detected change corresponded
much more closely to forest loss, as was shown in more detail for area C (Figure 3.6). Not only the
general pattern (very patch-like) overlapped, but detected change also overlapped closely with forest
loss data of 2016 (Figure 3.7). As change was detected in the same time frame, this shows that the ttest algorithm used is able to correctly identify changed areas. Although to a lesser extent, there was
also considerable overlap between forest loss in 2013 and 2015, and detected change. This change
was happening during the reference period, and therefore could have influenced the mean NDVI. For
example, deforestation that happened at the end of the reference period (first two years) will not
decrease mean NDVI sufficiently. Thus, when compared with the mean NDVI of the observation
period, the algorithm will detect forest loss, as if it happened in the observation period. According to
the same mechanism, change happening closer to the end of the observation period (March 2017),
will not be detected by the t-test, as it probably does not have the power to alter the average NDVI
sufficiently.
There were several theoretical objections to using a one-sample t-test for change detection. First,
normality was assumed for all pixels, but not tested. In case of non-normality, a non-parametric test
such as the Wilcoxon signed-rank test could be used. Second, the t-test treated the input data (all data
of the third year) as independent samples. However, as these data all belong to the same pixel, they
are in fact related, and a paired test would have been a better fit. Third, the data were not random
selections from a population. In fact, NDVI data fluctuates throughout the year due to the phenological
cycle and therefore the NDVI values were not random, but representations of a certain point in time.
Due to the simple nature of the t-test and time constraints during this thesis, it was decided that the
t-test would continue to be used.
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4.2.2 Logical and illogical transitions
After change detection, the base map was updated in two ways: one time including a logical change
filter and another time without this filter. Both maps showed only very minor change (Table 3.3). This
is mostly due to the fact that the majority of change was to the same class: 92.8% of the total changed
pixels, and 3.72% of the total pixels (Table 3.4). This means that only 0.291% of the base map was
updated when both logical and illogical changes were accepted, and only 0.095% when only logical
changes were allowed. Both are very small proportions, and change was therefore hardly visible.
Results show that the majority (67.3%) of the detected change to a different class was considered
illogical (Table 3.4). This indicates a reduction in the temporal inconsistency of the subsequent map
and it suggests the usefulness of including ecological knowledge in land cover updating, thereby
confirming the statement of Gómez et al. (2016) that the application of ecological rules is essential for
the creation of reliable time series LC maps. These results were in line with studies that also
incorporated ecological knowledge (Liu & Cai, 2012; Pouliot et al., 2014; Wehmann & Liu, 2015). An
illogical transition can mean four things. First, the change detected was ‘false change’, meaning that
no actual change occurred and ‘change’ was more likely caused by undetected clouds or differences
in spectral conditions between the years. Second, during classification of the changed pixels, the pixel
was assigned a wrong class, thereby resulting in an illogical class transition. Third, the base map class
was incorrect, but the updated class was correct, which again could result in an illogical transition. In
the fourth case, both the base map class as well as the updated class are incorrectly classified. It cannot
be said with certainty which of the cases were true during this study, as no validation of the updated
maps has been performed. This was partly due to time constraints, and partly due to absence of good
data, as such a validation would require a substantial amount of good reference data in the changed
areas from the period of March 2016 to March 2017.
However, the types of transitions that occurred were studied in more detail (Table 3.5). The two most
common illogical changes were grassland to forest and forest to grassland. The confusion matrix (Table
3.2) of the base map showed that forest often confused with grassland and vice versa. In fact,
grassland was classified more often as forest (35 out of 71 reference grassland samples) than it was
classified as grassland (25 times). Also, grassland accuracies were low for the base map (Table 3.1).
Therefore, the illogical ‘change’ that occurred in these cases were likely caused by misclassification of
the base map and/or the update. Probably better reference samples should be collected, to improve
the classification of grassland. Another explanation for the confusion between grassland and forest
could be the definition of the class ‘forest’ (Table 2.1). After harmonization of the IIASA classes (Table
2.2), a sample was defined as forest when the area had more than 15% forest. The remaining 85%
could be grassland. Therefore, next to collecting better reference data, the definitions could be
improved.
Besides misclassification, it is also possible that the transition of forest to grassland should have been
considered logical. Area C for example (Figure 3.10), shows that there was overlap between forest-tograssland change and forest loss in 2016. This is consistent, as a change from forest to grassland is a
change to a less vegetated state, as is forest loss. Forest to grassland was considered an illogical
transition after studying literature (Gómez et al., 2016; Pouliot et al., 2014) and assuming that
deforestation results in a bare or sparsely vegetated area. Two other studies allowed the transition of
forest to grassland (Lehmann et al., 2012; Liu & Cai, 2012), but these considered a time interval of five
years, four years longer than the interval used in this thesis. There are a number of possible
explanations. First, it is possible that grassland can replace a removed forest within one year after
removal, particularly in tropical regions. In area C, the climate is relatively humid, which could explain
the fast vegetation growth. More likely however, is that when a forest is cut down, green understory
vegetation remains, and this understory vegetation was classified as grassland. This claim is further
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supported by the low classification accuracies of grassland in general, demonstrating a difficulty in
identifying this class. Probably in subsequent studies the transition from forest to grassland should be
allowed, as it represents a changed area that is otherwise ignored, but it is unclear if the resulting
areas are really grassland. There was also considerable overlap between the forest-to-forest transition
and forest loss in 2016. A likely explanation is that forest is indeed cut down, but not entirely, and the
remaining trees cause the pixel to again be classified as forest. A possible solution to both the issue of
forest-to-grassland transitions as well as forest-to-forest, is using a classification scheme with more
classes to identify between different types of forests and low vegetation based on tree and shrub
density (Gómez et al., 2016; Pouliot et al., 2014).
The most common logical transitions were grassland to urban, cropland to grassland and urban to
grassland (Table 3.5). However, the fact that certain logical transitions were detected, does not
necessarily mean that this transitions actually occurred. Figure 4.3 shows an example for each of the
three most occurring class transitions. Most of these transitions occurred in the northern part of the
study area, in other words: the semi-arid part that is difficult to classify. Image A and B represent
locations in which transitions from grassland to urban and vice versa occurred. In both images, no
urban is present or used to be present. More likely this transition was caused by misclassification due
to the semi-arid character of the region. Also, in hindsight it seems contradictory that the transition
from urban to grassland was considered logical. Image C was a case of cropland-to-grassland, a
transition that mostly occurred in the rectangle shown. Looking at the larger context, it is likely that
the area was indeed cropland. However, it seems to be less cultivated than the surroundings and it is
possible that a lack of cultivation in the observation period resulted in the classification of grassland.

Figure 4.3: Three examples of the most common logical
transitions: grassland to urban (A), urban to grassland
(B) and cropland to grassland (C). It is unlikely that
urban is or was present in A and B, and the transition
was more likely caused by misclassification. In area C,
the transition to grassland mostly occurred in the
rectangle shown and is possibly caused by a lack of
cultivation of this particular area in the observation
period. Source: Google Earth (A and B) and ESRI/Digital
Globe for 12-2012 (C).

This thesis made use of a simple algorithm for detecting illogical class transitions, namely with a matrix
(Table 2.4) where each class transitions was either logical or illogical. As the results show that change
is not always this straightforward (think of the forest-to-grassland case), perhaps more reliable results
can be obtained by filtering logical transitions in a different way. For example, transitions can be given
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a weight (Pouliot et al., 2014), or can be considered according to their likelihood to occur (Gómez et
al., 2016). Also, a temporal filter can be used (Clark et al., 2010), that looks at three subsequent years
as opposed to only two. In this thesis, change detection and logical transition filtering were two
different steps in the processing chain. Reliability of results can perhaps also be increased by
combining these two, as was done by Yin et al. (2014). In this study, MODIS data was used to derive
an annual time series of per-pixel land cover probabilities. Land cover change was then characterized
by identifying changes in the probability time series that were associated with these specific land cover
transitions. For example, this method was able to identify forest-to-grassland conversions with a
user’s accuracy of 94% (Yin et al., 2014). Lastly, as change probably does not happen to isolated pixels,
the neighbourhood can also be taken into account in the decision whether a certain transition is logical
or not.
4.2.3 Comparison with MODIS LC maps
The subsequent MODIS LC maps of 2012 and 2013 seem to display a lot more change than what is
credible given the time difference of only one year. Forest loss in 2013 was only 0.183% in the study
area (Hansen et al., 2013), a value a lot lower than the 6.21% change found for MODIS (Table 3.6).
Although change obviously does not only include forest loss, it seems that the change between the
two MODIS maps was disproportionally higher than it was in reality. Especially considering that the
study area consisted largely of forest, and therefore change is frequently related to forest. Bearing
this in mind, is seems plausible to state that the magnitude of errors in the MODIS maps as a result of
the classification process were much higher than the rate of land cover change (Bontemps et al., 2011;
Friedl et al., 2010). The MODIS change was also much larger than the change between the two
subsequent maps in this thesis (0.291%), thereby confirming the usefulness of the updating
procedure. It is likely that if the two maps in this thesis had been produced separately, the ‘change’
between them would have been much larger.
4.2.4 Npphen change detection
As there were theoretical objections to the t-test change detection method (see section 4.2.1), the
npphen package (Chávez et al., 2017) was tested as well. Resulting images (Figure 3.10) show that
change detected by npphen was confirmed by forest loss data during the same period (Hansen et al.,
2013). Also, it displayed strong overlap with change detection based on the t-test, which indicates that
although the t-test should theoretically not have been used, its results are not immediately incorrect.
The npphen package had a few disadvantages however, among others the previously mentioned
extreme computation times. Besides this, the package was still in development, and therefore a
threshold had to be defined to extract change. This made the results less objective, as this threshold
was based on other data. Also, phenological curves calculated by the package would be more reliable
with a longer time series. During this study, curves were based on two years of data alone, and these
data often contained a lot of missing data (Figure 3.12). The curve and resulting anomalies were
therefore less reliable.
Despite the theoretical objections, the t-test method has advantages. It is simple to implement, has
short computation times and, considering the overlap with forest loss data and the change detected
by npphen, performs quite well. Also, the results of the t-test method have not been validated, so no
clear answer can be given about its performance or suitability for change detection. However, more
objective results could be obtained when another method of change detection is used. For example,
the Breaks For Additive Seasonal and Trend (BFAST) method (Verbesselt et al., 2010), the Continuous
Change Detection and Classification (CCDC) algorithm (Zhu & Woodcock, 2014), or the method
suggested by Yin et al. (2014).
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Nevertheless, although a more objective change detection algorithm would produce more reliable
results, the quality of the base map and its subsequent updates still greatly depends on the quality of
the classification results. During this thesis, it was often the case that change was not represented in
subsequent maps due to the classification (for example in the case of ‘forest’ in area B; Figure 3.8).
Also, both erroneous logical and illogical transitions occurred due to misclassification of the base map
and/or the changed pixels (Figure 3.10 and Figure 4.3). Therefore, it is plausible to state that the results
of this thesis were more dependent on the classification procedure, than they were on the change
detection method.
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5. Conclusions
5.1 Objective and research questions
The objective of this study, designing a conceptual framework for a relatively simple land cover
updating approach, has been achieved. Using NDVI data, a base map was made, that was then updated
after detecting change between the reference period and the observation period. Illogical land cover
transitions were filtered.
As for the research questions, it can be concluded that land cover map updating is able to reduce
temporal inconsistencies between subsequent maps. This has not been studied directly, as no
separate subsequent classifications have been made. However, looking at the magnitude of change
between the two MODIS maps, the proportion of change detected in this thesis was much smaller and
was closer to the more realistic value of change resulting from the forest loss data studied. Whether
the detection of logical and illogical transitions improved the quality of the updated land cover maps
cannot be said directly, as no validation study was done after change detection, nor after updating.
However, considering that the largest proportion of detected change was considered illogical, it is safe
to state that transition filtering is essential in land cover updating. Allowing for illogical transitions
would introduce new errors to the updated map. Nevertheless, an illogical transition does not mean
that the land cover of that pixel has not been changed. More often it means that either the previous
and/or the new class was not classified correctly in the first place. Therefore, the quality of the
classification is very important.
In conclusion, map updating is very promising, as it reduces temporal inconstancy between maps and
therefore increases comparability. Filtering out illogical transitions makes sense, as a large proportion
of detected change is likely to be illogical. However, the quality of the classification has a lot of
influence.
5.2 Practical applications
The method described in this study provides a simple framework for change updating that can be used
in further research. It shows that land cover updating is not necessarily a complicated and timeconsuming process, but can be achieved relatively easy. Also, it shows the need of the inclusion of
ecological knowledge in land cover updating, as a large proportion of change detected was not
possible from an ecological perspective. Besides this, lessons can be learned from the faults of this
thesis. For example, both illogical and logical transitions occurred due to misclassification of the base
map and/or changed pixels, indicating the importance of the classification procedure.
5.3 Future research and recommendations
There is a lot of potential for further research, to further develop the framework designed in this
thesis. First, the classification can be improved. For this purpose, more reference data can be
collected, additional time series metrics can be extracted, and a longer time series could be used. A
better classification will produce more reliable results. It would also be interesting whether a
classification scheme with more classes improves the map update: especially a scheme that
differentiates between different types of forests based on tree density. This could improve the
identification of land cover transitions in areas that are being deforested. In addition, to draw firmer
conclusions on whether land cover updating reduces temporal inconsistencies and illogical change
filtering improves the accuracy of updated maps, an extensive validation of change detection should
be carried out. First, reference data should be collected in areas that are known to be changed. This
way, an accuracy validation can be carried out after updating as well. Second, both a map update as
well as a separate classification can be produced, in order to verify whether the map update indeed
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shows fewer temporal inconsistencies. Also, a more extensive method of filtering illogical transitions
could be studied. During this study changes were treated using a simple binary approach: they were
either logical or illogical. However, it was also shown that change is often not that straightforward,
indicating that updating could benefit from a more nuanced method. Lastly, this study could be tested
with different change detection methods such as BFAST, or a combination of change detection and
updating like the CCDC algorithm.
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Appendix A: MODIS
Table A.1: This table shows how the MODIS LC land cover type 2 (UMD) dataset was harmonized into
seven general LC classes. The first two columns show the codes and classes as they were in the obtained
dataset and the next two columns show the codes and classes they were harmonized into.
MODIS code MODIS class
Study code Study class
0
Water
80
Water
1
Evergreen needleleaf forest
10
Forest
2
Evergreen broadleaf forest
10
Forest
3
Deciduous needleleaf forest
10
Forest
4
Deciduous broadleaf forest
10
Forest
5
Mixed forest
10
Forest
6
Closed shrublands
20
Shrubland
7
Open shrublands
20
Shrubland
8
Woody savannas
10
Forest
9
Savannas
10
Forest
10
Grasslands
30
Grassland
12
Croplands
40
Cropland
13
Urban and built-up
50
Urban
16
Barren or sparsely vegetated
60
Bareland

Table A.2: This table shows all class transitions (logical changes on the left and illogical changes on the right) and
the number of times this occurred (in descending order) for the change between the MODIS maps of 2012 and
2013.
Logical changes
From

Grassland
Shrubland
Cropland
Shrubland
Grassland
Shrubland
Water
Bareland
Forest
Grassland
Cropland
Bareland
Bareland
Shrubland
Urban
Grassland
Urban
Bareland
Shrubland
Urban
Cropland

To

Cropland
Cropland
Grassland
Grassland
Shrubland
Forest
Bareland
Cropland
Bareland
Bareland
Bareland
Grassland
Water
Bareland
Cropland
Urban
Bareland
Urban
Urban
Grassland
Urban

Illogical changes
# Occurrences

From

936950
577082
518172
172063
138814
77648
32302
15413
14739
10751
8199
7138
4350
3124
20
17
16
0
0
0
0

Grassland
Shrubland
Cropland
Shrubland
Grassland
Shrubland
Water
Bareland
Forest
Grassland
Cropland
Bareland
Bareland
Shrubland
Urban
Grassland
Urban
Bareland
Shrubland
Urban
Cropland
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To

Cropland
Cropland
Grassland
Grassland
Shrubland
Forest
Bareland
Cropland
Bareland
Bareland
Bareland
Grassland
Water
Bareland
Cropland
Urban
Bareland
Urban
Urban
Grassland
Urban

# Occurrences

936950
577082
518172
172063
138814
77648
32302
15413
14739
10751
8199
7138
4350
3124
20
17
16
0
0
0
0

