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1 INTRODUCTION 

1.1 PURPOSE AND SCOPE 

This document is the Algorithm Theoretical Basis Document (ATBD) in the framework of the CCN 2 
of the Land Cover (LC) component of the European Space Agency (ESA) Climate Change Initiative 
(CCI). The version described updates of the pre-processing chain.  

After the successful release of annual global Land Cover maps at 300 m and the delivery of the 
prototype land cover map of Africa at 20m, the CCI Land Cover team has a new objective: to generate 
a prototype land cover map of Mexico and Central America using Sentinel-2A (S2A) and Sentinel-2B 
(S2B) at 10m.  

During the third year of the CCI Land Cover project Phase II, the pre-processing and classification 
modules, led respectively by Brockmann Consult and UCLouvain-Geomatics, were upgraded to ingest 
one year of S2A surface reflectance data from December 2015 until December 2016 and produce a S2 
prototype LC map of Africa at 20m. Building on this experience, the objective of this additional year 
is to generate the S2 prototype LC map of Mesoamerica at 10m using S2A and S2B. 

1.2 STRUCTURE OF THE DOCUMENT 

After this introduction, the document is organized in 2 main sections:  

• Section 2 describes the pre-processing in CCI-LC CCN2, with reference to the Sen2Agri 
ATBD and with details on how the processor is systematically applied 

• Section 0 presents the harmonization of the Sentinel 2 A and B surface reflectance products 
• Section 4 is related to the assessment of geolocation of the Sentinel 2 A and B L1b products 
• Section 5 describes the classification processing chain that generates the prototype land cover 

map of Mesoamerica. 
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2 PRE-PROCESSING 

2.1 ALGORITHM SELECTION 

A benchmarking exercise regarding the Sen2Agri and the CCI-LC CCN2 surface reflectance products 
and the outcomes of the CEOS-WGCV Atmospheric Correction Inter-comparison Exercise (ACIX) 
activities form the basis for the selection of the best algorithm(s) or combination of algorithms 
improving/updating the pre-processing chain regarding the suitability for the land cover classification. 
For this purpose and the selection process, pre-processed products over the same area and time from 
the different applied approaches were assessed. The results of the benchmarking exercise regarding the 
Sen2Agri and the CCI-LC CCN2 surface reflectance products are fully documented in a technical note 
[LC-CCI, 2018]. 

At this stage of the project, the Sen2Agri products are more suitable for land cover classification in the 
preferred classification algorithm. The Sen2Agri L2A processor is fully documented in the Sen2Agri 
ATBD [Sen2Agri_ATBD, 2017], which will be accessible in near future, therefore a brief description 
of the processor is provided in this ATBD. The MAJA processing software is an evolution of MACCS 
and includes some methods from the ATCOR. Furthermore, the ATBD of MAJA provides a deeper 
understanding of some modules, because it includes also the description of the applied modules of 
MACCS chain [Hagolle et al., 2018]. 

Additionally, the consortium decided to deliver an composite based on the time series of the Sen2Agri 
products. The applied algorithm is also described in this ATBD 

2.2 SEN2AGRI L2A PROCESSOR 

The Sen2Agri L2A processor is based on the Multi-Sensor Atmospheric Correction and Cloud 
Screening (MACCS) chain performing the pixel identification and atmospheric correction. The output 
products include the bottom-of-atmosphere reflectance values with snow, water, cloud and cloud 
shadow masks. The Figure 2-1 shows the scheme of the MACCS processing chain. The MACCS 
processing chain includes module for the cloud detection including shadow detection, for the retrieval 
of the atmospheric condition and for the atmospheric correction. 

“MACCS is a processor for cloud detection and atmospheric correction, specifically designed to 
process time series of optical images at high resolution, acquired under quasi-constant viewing angles. 
It allows for instance to process time series of LANDSAT or Sentinel-2 images.” [MACCS, 2017] 

“Its main feature is to use the multi-temporal information contained in time series to detect the clouds 
and their shadows, and to estimate the aerosol optical thickness and correct the atmospheric effects 
(taking into account the adjacency effect and the illumination variations due to topography).” 
[MACCS, 2017]  
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Figure 2-1: MACCS processing chain [MACCS, 2017] 

Algorithm processing steps [Petrucci et al., 2015] 

“The same algorithm nucleus is used for the processing of all the sensors supported in MACCS. A set 
of plug-ins has been put in place to add quickly and easily in MACCS the possibility of processing a 
new sensor without interfering with the other sensor already foreseen. 

This plug-in is in charge of reading and writing the Level 1C and Level-2A products and the 
associated Technical Data, making them available to the nucleus in the format expected and defining 
the algorithm steps applicable to the specific sensor. Then, with slight differences linked to mission 
peculiarities, the algorithm steps are essentially the same for all the sensors. 

The first main step consists in detecting all the zones of the images where atmospheric corrections 
won’t provide reliable results: clouds and cloud shadows, snow and water are therefore detected and 
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an associated mask is generated. All these detections use the time dimension to improve their results 
(Hagolle et al 2010). 

Then atmospheric correction can be performed: two component [sic] shall be computed, the 
atmospheric absorption and the atmospheric scattering. 

Atmosphere absorption correction is based on SMAC model (Simplified Method for Atmospheric 
Correction) (ref Dedieu et al) [sic][ Rahman & Dedieu, 1994 (corrected ref.)] and on Water Vapor 
Absorption knowledge for Venus and Sentinel-2 that have a dedicated band. 

Scattering comes either from gaseous molecules (Rayleigh scattering) or from aerosols. The 
contribution of molecules depends mainly on the atmospheric pressure, and thus on the altitude of the 
surface. The contribution of aerosols is much more difficult to measure because the aerosol optical 
properties (Aerosol Optical Thickness (AOT) and aerosol model) are very variable both in time and 
space. In MACCS, three different methods are defined for Aerosol computation: a multi-temporal 
method based on the assumption that aerosol varies quickly in time and slowly in space contrarily to 
surface reflectance which varies slowly in time and quickly in space; a spectral method that makes the 
hypothesis that vegetation is characterized by a constant ratio of reflectance for some spectral bands, 
and finally a spectro-temporal method which combines the criteria defined for the previous two 
methods (Hagolle et al 2015). 

In the determination of the bottom of atmosphere reflectance of the site observed, the last contribution 
that shall be corrected is the scattering due to the landscape surrounding the site imaged, i.e. the 
adjacency effects. 

The algorithm implemented gets its robustness from the use of the temporal dimension to improve the 
knowledge of the area that has been imaged and make the distinction between what is slowly 
changing, [sic] i.e. the landscape itself, and elements quickly varying such as clouds, clouds shadows 
and aerosols. In addition to the BOA reflectance for all the bands, a set of composite images at low 
resolution is also appended into the Level-2A product; they contain the most recent good quality 
surface reflectance or cloud free TOA reflectance and they are enriched date after date. 

An additional processing is optionally available in MACCS to correct also the effects related to the 
topography of the site observed which alter the illumination conditions.” [Petrucci et al., 2015] 

2.3 PRE-PROCESSING 

For Mexico and Central America, CCI-LC requires Sentinel-2 Level 2 pre-processed data for 
classification. In principle, the Sen2Agri processor generates one Level 2 granule output for each 
Sentinel-2 MSI Level 1 granule input. But except for an initial processing step at the beginning of the 
chain, it uses a predecessor Level 2 output for the time step before as additional input. It requires the 
time series to get better results. This adds some complexity to the concurrent application of the 
processor. 
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Figure 2-2: Sequence of Sen2Agri processor calls with predecessor output as additional input 

 

2.3.1 Sen2Agri processor integration 

The Sen2Agri processor comes with a complete processing system including control logic to 
sequentially process the different time steps and to provide the corresponding input. For the 
application in Land-Cover-CCI, it has been decided not to use the production control part of the 
Sen2Agri processing system but instead only use the processor. The logic of which predecessor to 
provide is controlled by Calvalus instead. The reason is that the Sen2Agri processing system is 
designed for one big multi-core machine and central data while the Calvalus cluster can use data-local 
processing on a distributed cluster.  

The Sen2Agri processor has been integrated into a Docker image to provide it with its required 
software environment. The determination of auxiliary data is done by a call into the respective 
software methods of the processor. This is necessary because the Sen2Agri processor expects access to 
the auxiliary data from a central archive as well while the auxiliary data is as well distributed on 
Calvalus. Calvalus provides the required auxiliary data in the Docker container at runtime. 
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2.3.2 Forward-mode and backward-mode 

Forward processing and subsequent backward processing calls may use the inputs as depicted in the 
following figure (final outputs in grey): 
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Figure 2-3: Processing the time series in forward-mode and backward- mode in Sent2Agri processing system 

Since the first processing call in a series does not have a predecessor output the first granule output has 
to be computed without temporal information. The second step then has a non-optimal predecessor 
input, and so on. In order to mitigate this, the Sen2Agri processing system processes products twice, 
one time in forward-mode in temporal sequence, and then from the end back to the start in backwards 
mode, using the successor output as additional input for the temporal information. The assumption 
behind this is that the temporal information from the predecessor output gets more accurate with each 
step. 

The CCI-LCprocessing follows this approach but restricts backwards processing to the first n 
successfully processed time steps in the sequence. The assumption behind this is that after some steps 
the improvements from step to step is decreasing such that for the nth step the predecessor can be 
considered sufficiently consolidated. The value chosen for n CCI-LCis 6 successful processing steps at 
the beginning of the chain are processed again in backward-mode 

Depending on whether processing steps fail this may look like the following (final outputs in grey): 
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Figure 2-4: Processing in forward-mode and n-steps backward mode for LC-CCI, handling of failed processing 

In both modes, the least recent available successfully produced output is used. This may be different 
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for each granule. Thus, the time step where to start backwards mode is maybe different for the 
different granules. 

2.3.3 Separate temporal chains for platforms and relative orbits 

Looking at the available Sentinel 2 data there are usually several data files for each repeat cycle of 10 
days. 

$ ls /calvalus/eodata/S2_L1C/v2/2018/01/*/S2*T14QNG * 
S2A_MSIL1C_20180102T170711_N0206_R069_T14QNG_201801 02T190947.zip 
S2B_MSIL1C_20180104T165659_N0206_R026_T14QNG_201801 04T185410.zip 
S2B_MSIL1C_20180107T170659_N0206_R069_T14QNG_201801 07T204140.zip 
S2A_MSIL1C_20180109T165651_N0206_R026_T14QNG_201801 09T202811.zip 
S2B_MSIL1C_20180114T165639_N0206_R026_T14QNG_201801 14T201822.zip 
S2B_MSIL1C_20180117T170629_N0206_R069_T14QNG_201801 17T190341.zip 
S2A_MSIL1C_20180122T170611_N0206_R069_T14QNG_201801 22T203229.zip 
S2B_MSIL1C_20180124T165559_N0206_R026_T14QNG_201801 24T201007.zip 
S2B_MSIL1C_20180127T170549_N0206_R069_T14QNG_201801 27T215830.zip 
S2A_MSIL1C_20180129T165531_N0206_R026_T14QNG_201801 29T203209.zip 
 
$ ls /calvalus/eodata/S2_L1C/v2/2018/02/*/S2*T14QNG * 
S2B_MSIL1C_20180203T165509_N0206_R026_T14QNG_201802 03T215640.zip 
S2B_MSIL1C_20180206T170459_N0206_R069_T14QNG_201802 06T203325.zip 
S2A_MSIL1C_20180208T165441_N0206_R026_T14QNG_201802 08T232757.zip 
S2A_MSIL1C_20180211T170431_N0206_R069_T14QNG_201802 11T221909.zip 
S2B_MSIL1C_20180216T170349_N0206_R069_T14QNG_201802 16T215949.zip 
S2B_MSIL1C_20180216T170349_N0206_R069_T14QNG_201803 27T151649.zip 
S2A_MSIL1C_20180218T165341_N0206_R026_T14QNG_201802 18T202703.zip 
S2A_MSIL1C_20180221T170321_N0206_R069_T14QNG_201802 21T234046.zip 
S2B_MSIL1C_20180223T165309_N0206_R026_T14QNG_201802 23T220159.zip 
S2B_MSIL1C_20180226T170259_N0206_R069_T14QNG_201802 26T221743.zip 
S2A_MSIL1C_20180228T165231_N0206_R026_T14QNG_201802 28T221531.zip 

Figure 2-5:  Sentinel-2 L1C files of one granule for two months 

 

The files are distinguished by 

• granule ID, e.g. T14QNG 
• relative orbit, in this case, R026 and R069 
• platform, S2A or S2B 

When processing a time series, we consider each combination of granule ID, relative orbit and 
platform as a separate series, i.e. we do not use an S2B output as predecessor for S2A processing, and 
we do not use an output from a different relative orbit as predecessor because it often covers a 
different subset of the granule area. 
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The outputs successfully processed for the inputs of the second month listed above are 

$ ls /calvalus/projects/lc/sen2agri2/*/*201802* 
S2A_MSIL2A_20180208T165441_N0206_R026_T14QNG_201802 08T232757.zip 
S2A_MSIL2A_20180218T165341_N0206_R026_T14QNG_201802 18T202703.zip 
S2A_MSIL2A_20180228T165231_N0206_R026_T14QNG_201802 28T221531.zip 
S2A_MSIL2A_20180221T170321_N0206_R069_T14QNG_201802 21T234046.zip 
S2B_MSIL2A_20180203T165509_N0206_R026_T14QNG_201802 03T215640.zip 
S2B_MSIL2A_20180223T165309_N0206_R026_T14QNG_201802 23T220159.zip 

S2B_MSIL2A_20180216T170349_N0206_R069_T14QNG_201802 16T215949.zip 

Figure 2-6:  Sentinel-2 L2 outputs for one month and one granule 

 

Note that not all inputs could be successfully processed for different reasons. One is a cloud threshold 
of the processor, others are issues with data. 

 

2.3.4 Concurrent processing 

While we need to process the inputs for one granule-relorbit-platform combination in sequence, we 
can process different combinations concurrently. This is what we do. There are about 500 granules 
covering Mexico and Central America with usually two relative orbits each, leading to an overall 
concurrency of 1000. This number duplicates for the time period with the availability of S2B. 

In order to be able to react on and recover from failure, processing is further organized in xx sub-areas 
processed in different jobs, and in temporal chunks of one month. Each job determines the available 
inputs of the month for each granule-relorbit-platform combination, orders them temporally, 
determines the predecessor output of the first L1C input, checks whether the output of the first L1C 
does not yet exist, and processes it. The same task then processes the second, third, etc. input using the 
previous output. 

The control script to task this processing is the following: 
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regions = { 
 'mexico1': 'POLYGON((-89.8681640625 17.27934227203 051,-87.197265625 
17.865863747853084,-85.87890625 22.09958266318659,- 89.82421875 
21.85507153668358,-89.8681640625 17.27934227203051) )', 
 'mexico2': ..., 
 'mexico3': ..., 
 'mexico4': ..., 
 'mexico5': ..., 
 'mexico6': ..., 
 'mexico7': ..., 
 'central_america8': ..., 
 'central_america9': ..., 
} 
 
years = range(2015,2019) 
months = range(1,13) 
l1_root = ... 
 
for region in regions: 
 prev = None 
 for year in years: 
  for month in months: 
start = str(datetime.date(year, month, 1)) 
stop = str(datetime.date(year, month, last_day_of(y ear, month))) 
sdr = '{0}-{1}/{2:04d}/{3:02d}'.format(sdr_root, re gion, year, month) 
pm.execute('sen2agri2',  
  [prev] if prev else [l1_root], 
  [sdr],  
  parameters=['start', start, 
  'stop', stop, 
  'region', region,  
  'polygon', "'{0}'".format(regions[region])]) 

prev = sdr 

Figure 2-7:  Control logic for the concurrent production control 

 

The control script 

• defines 9 different non-overlapping regions and the years and months to be processed 
• generates requests by looping over the different regions, years, and months 
• Each request uses the output of the temporal predecessor as precondition to ensure requests for 

one region are processed sequentially. 

Each request for one month and region is in turn parallelized for the different granule-relorbit-platform 
combinations. The loop for a granule-relorbit-platform tuple for a temporal period is the following: 
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 def input_loop(self): 
  self._determine_inputs() 
  self._determine_outputs() 
  i=0 
  for date,name,path,size in self._inputs: 
l2name = name.replace('MSIL1C', 'MSIL2A').replace(' OPER', 'USER') 
if l2name in map(lambda x:x[1], self._outputs): 
 print('processing skipped for ' + name + ', ' + l2 name + ' exists') 
 continue 
print('processing ' + name) 
predecessor = self._predecessor_of(date) 
output = output_rootdir + '/' + self._granule_id + '/' + l2name  
self._prepare_process_archive_cleanup(path, output,  predecessor) 
i += 1 
print('CALVALUS_PROGRESS {:.2f}'.format(float(i)/le n(self._inputs))) 

outputs = self._determine_outputs() 

Figure 2-8:  Control logic for the sequential processing through the time series 

 

The control script method 

• determines the L1C inputs of the time interval, granule, relative orbit, and platform and orders 
them temporally 

• determines the outputs already available from previous runs or of the previous months 
• loops over the inputs, checks that the corresponding output not yet exists, searches for the 

predecessor among the available outputs, and calls the Sent2Agri processor to processes the 
input 

• re-determines the available outputs including the newly generated one in case processing was 
successful, to make it available as predecessor 

In backward mode the first control script is applied to the complete period of input products in one call 
instead of the years and months loops. The second control script in backward mode sorts the available 
outputs and re-processes the earliest n products in one sequence starting with the temporally latest 
until the first product of the sequence. The result of the processing is a dataset of Level 2 products in 
forward and partially in backward mode where each product has at least 5 predecessors. This set is 
used for classification. 
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2.4 L3-PROCESSING - COMPOSITING & MOSAICKING 

The processing steps to retrieve the final Level 3 composite products from an input set of single 
satellite observations (i.e., SDR and pixel classification data as derived in the previous sections) are: 

(i) the re-projection of the input products onto a Plate Carrée grid, 

(ii)  the aggregation of the single satellite observations for given binning cells (tiles) including the 

temporal filtering and remapping of the pixel identification flags into a status map 

(iii)  the mosaicking of the binning cells to Level 3 10-day SR products with the aggregation 

results 

(iv) the aggregation of the Level 3 10-day SR products for given binning cells (tiles), 

(v) the mosaicking of the binning cells to Level 3 seasonal and 366-day SR products with the 

aggregation results 

2.4.1 Plate-Carrée projection 

The plate carrée projection or geographic projection or equirectangular projection, is a very simple 
map projection that has been in use since the earliest days of spherical cartography. The name is from 
the French for "flat and square". It is a special case of the equidistant cylindrical projection in which 
the horizontal coordinate is the longitude and the vertical coordinate is the latitude. 

The spherical earth can only be mapped onto a developable surface by allowing distortion, so certain 
geometric properties on the sphere are not preserved. The Plate Carrée projection is a cylindrical 
projection but unlike the Mercator projection, the entire sphere, including the poles can be represented 
on a finite sized map. The projection is not a conformal map so angles are not preserved. 

Because of the distortions introduced by this projection, it has little use in navigation or cadastral 
mapping and finds its main use in thematic mapping. It has also become a de-facto standard for 
computer applications that process global maps, such as Celestia, because a given co-ordinate is very 
easily identifiable in an image file. 

The following equations describe the mapping of geographic coordinates in terms of latitude φ and 
longitude λ onto the x and y coordinates of a point on the map. From its latitude φ and longitude λ 
(with φ0 and λ0 being the latitude and longitude in the centre of map) and k being an appropriate scale 
factor at the equator: 

x � 	k�λ � λ�	 

y � 	k�φ � φ�	 

eq. 2-1 

For the CCI-LC products, the geoid WGS84 is used. 

2.4.2 Resampling - Nearest neighbour 

If a product is projected, it comes up that the pixel centres of the target product generally not 
correspond to the centres of the pixels of the input product. Resampling entitles the process of 
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determination and interpolation of pixels in the source product for computation of the pixel values in 
the target product. The effects of resampling will especially be visible if the pixels in the target 
product are larger than the source pixels. The nearest neighbour method has been selected as 
resampling method for the projection caused by its preservation of the original physical values and is 
described here. 

Every pixel value in the output product is set to the nearest input pixel value. 

Table 2-1: Advantages and disadvantages of the nearest neighbour 

PROS CONS 
Very simple, fast Some pixels get lost and others are duplicated 

No new values are calculated by interpolation Loss of sharpness 

Fast, compared to Cubic Convolution resampling  

 

Figure 2-9 demonstrates the calculation of the new pixel value.  

 

Figure 2-9: Nearest Neighbour 

Nearest Neighbour 

Each output cell value in the nearest neighbour method is the unmodified value from the closest input 
cell. Less computation is involved than in other methods, leading to a speed advantage for large input 
raster files. Preservation of the original cell values can also be an advantage if the resampled raster 
will be used in later quantitative analysis, such as automatic classification. However, nearest 
neighbour resampling can cause feature edges to be offset by distances up to half of the input cell size. 
If the raster is resampled to a different cell size, a blocky appearance can result from the duplication 
(smaller output cell size) or dropping (large cell size) of input cell values.  

2.4.3 Temporal sample aggregation  

Basically, the temporal sample aggregation is, for a given pixel in a given aggregation grid cell (a 
spatial tile), an integration over all input data, providing aggregated values of SDR, the number of 
counts from all observations for each possible status, and a final status flag derived from a scheme 
which analyses these number of counts. 

 

 



 

Ref ESACCI-LC-Ph2_CCN2_ATBD 

 

Issue 0.6 Date    2018-12-20 

Page 21  

 

 

2.4.3.1 Status Map 

A simplification was implemented to reduce the number of flags and to have a distinct/exclusive 
flagging. The flags were combined as shown in Table 2-2.  

 

Table 2-2: Simplification and extension of IdePix flags to status_10m flags 

VALUE STATUS_10M NAME SEN2AGRI MASKS 
0 Invalid FRE_R1_B2 == -1 or MSK_R1 & 24 != 0 

1 Land not invalid or not cloud shadow or not cloud and MSK_R1 == 0 

2 Water 
not invalid or not cloud shadow or not cloud or not land and  

MSK_R1 & 1 != 0 

3 Snow 
not invalid or not cloud shadow or not cloud or not land and not water 

and MSK_R1 & 32 != 0 

4 Cloud not invalid or not cloud shadow and CLD_R1 != 0  

5 Cloud_Shadow not invalid and (CLD_R1 & 12 != 0 or MSK_R1 & 6 != 0) 

 

2.4.3.2 Temporal filtering 

An important step in the compositing algorithm is the temporal pixel classification, which was 
developed to deal with a significant amount of residual clouds and haze not detected by the cloud 
screening. Bright and dark surface feature have been defined to apply a temporal analysis for the 
distinction between cloud and bright surfaces as well as shadow and dark surfaces.  

The first step consists in computing the mean � and standard deviation  of both band indices over a 
certain time interval. This time interval does not only consist of the compositing period but has been 
extended by 25 days before and after the compositing period. Such enlargement was found to be 
necessary to ensure statistic values (� and ) computed based on a sufficient amount of data. Based on 
these � and  values, the following band indices have been calculated from the atmospheric corrected 
SENTINEL 2 SDR values: 

�� �


�
 

�� � � �  

�� � 1.35	� 

eq. 2-2 

The threshold �� has been inferred from investigations about BRDF achieved in this project, in which a 
"variability" of the SDR measurements between 5 to 31% was found. The threshold value was defined 
using the maximum variability (i.e. 31%) plus an additional safety factor. The following additional 
threshold has been assessed for an improvement of the efficiency of the temporal filtering: 

�� � �����
���_!"#$ � 2	&. '. ()*+ � FRE_R1_B4 
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eq. 2-3 

A pixel would be now flagged as cloud (i.e. not clear land) if it satisfies the following conditions: 

�� 1 0.075 

����� 1 456���, ��, ��	 

eq. 2-4 

Furthermore, an additional temporal filter is applied to all pixels classified as “clear land” and as 
“cloud shadow” with the idea of identification and removing of cloud shadow pixels. Based on the � 
and  values, the two following thresholds �8 and �9 have been defined: 

�8 � � �  

�9 � 0.65	� 

eq. 2-5 

The threshold �9 has been also inferred from investigations about BRDF achieved in this project. A 
pixel would be now flagged as cloud shadow if it satisfies the following conditions: 

����� ; 456�, �8, �9	 

eq. 2-6 

Accordingly, the number of clear land of observation in the L3 products are a combined function of 
the composite period but also of the temporal filter efficiency. The temporal filter efficiency depends 
on three main factors: (i) the length of the filter interval, (ii) the quality of IdePix results and (iii) the 
pixels seasonality. Regarding the length of the filter interval (first factor), it is related to the statistic 
values computation: a longer filter interval will allow more robust mean and standard deviation values 
(µ and σ) and hence, a higher efficiency of the filter. The Sen2Agri pixel identification performance 
(second factor) is also important since it will influence the proportions of correct and misclassified 
clear land pixels in the set of clear land pixels to reclassify through the temporal filter. If the fraction 
of misclassified clear land pixel is high, the corresponding SDRs lead to an increasing of the standard 
deviation of the calculated threshold respective and prevent an effective filtering. Finally, the pixels 
seasonality (third factor) also plays a role in decreasing the robustness of the mean value (µ). 

 

 

2.4.3.3 Temporal sample aggregation for the Level 3 10-day SR products 

Basically, the temporal sample aggregation is, for a given pixel in a given aggregation grid cell (a 
spatial tile), an integration over all input data, providing aggregated values of SDR, the number of 
counts from all observations for each possible status, and a final status flag derived from a scheme 
which analyses these number of counts. Finally, SDR are normalized by the number of occurrences of 
the “final status” for the given pixel. Table 2-3 summarizes the types of final status flag. 

Table 2-3: Final status flag 

FLAG NAME DESCRIPTION 

CURRENT_PIXEL_STATE final pixel classification after aggregation (one of the following flags) 
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FLAG NAME DESCRIPTION 

CLEAR_LAND pixel was classified as land  

CLEAR_WATER pixel was classified as water  

CLEAR_SNOW_ICE pixel was classified as snow/ice  

CLOUD 
pixel was classified as cloud or pixel was classified as ‘temporal’ cloud (a 

posteriori cloud check within the aggregation scheme) 

CLOUD_SHADOW pixel was classified as cloud shadow  

INVALID pixel was classified as invalid or cosmetic 

 

The temporal sample aggregation sums up all measurements to the intermediate variables and saved 
different status counts for a pixel.  The 10-day compositing period is adapted on a fixed basis: every 
January 1st as starting point and a continuous 10-day interval for each year has been proposed. The 
last composite of each year and the last February composite of a leap year include 11 days instead 
10days. Figure 2-10 and the following pseudo-code (eq. 2-7) describe and illustrate the temporal 
sample aggregation: 

 

eq. 2-7 
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Figure 2-10: Logical flow of the pixel classification after aggregation. NX (with STATUS_X from Table 2-3) 

represents the number of single observations of a pixel Pi with status X, the green boxes show the final status 

(taken from [Ph1_DPMv2.2, 2013]). 

2.4.3.4 Temporal sample aggregation for the Level 3 366-day SR products 

For the temporal sample aggregation for the Level 3 366-day SR products the following approach has 
been applied: 

• mean composite based on all observations which satisfy conditions with regard to the NDVI 

and NDWI 

The basis for the seasonal and 366-day composites is the 10-day SR products. The selection of 
observations for the calculation of the mean values is based on two different selection criteria, which 
are defined as follows:  

 

		

<=	�>?)?@> � AB6C,DE5FGH,CBEI		GBJK		LM		NAOPC	QGBCOR		

S
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eq. 2-8 

Similar to the temporal sample aggregation of the 10-day composite, observations, which have 
fulfilled the conditions, have been further processed as described and illustrated in Figure 2-10 and the 
pseudo-code (eq. 2-7) in section 2.4.3.3. 

2.4.4 Generation of mosaics 

As final step, all grid cells (tiles) which were part of one or more input products for the aggregation 
and which were processed as described above are merged into a single Level 3 result product, which is 
a Central America and Mexico mosaic. The Table 2-4 summarizes the bands, final L3 pre-processing 
products for SENTINEL 2. 

Table 2-4: Variables used in Level 3 mosaicing for SENTINEL 2 

PARAMETER DESCRIPTION 
SR of band x; 

x = 1 ... 8, 8A, 11, 12 

surface reflectance of band x;  

x = 1 ... 8, 8A, 11, 12 

Status current pixel status 

Status_counts of status y;  

y=land, snow/ice, water, cloud, etc.  

number of observation over pixel covered by  

invalid 

clear land 

clear snow/ice 

clear water 

cloud 

cloud shadow 
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3 HARMONIZATION OF SENTINEL-2A AND 

SENTINEL-2B 

With the couple of S2 satellites ESA aims to routinely provide high spatial resolution optical images 
globally. More explicitly, a high spatial resolution data (10-60 m) in combination with high revisiting 
time (5 days when S2A and S2B are operational) can be expected. Such synergistic use of the S2A and 
S2B data increases the data volume to be processed. The differences in the SRFs between these two 
sensors can be very clearly seen in Figure 3-1. These different spectral response functions (SRF) 
[ESA, 2017] require an adaptation of the pre-processor software to ensure that the two sensors are 
aligned in terms of radiometry in the final time series of the surface reflectance. More precisely, the 
last step in the pre-processing chain is the harmonisation of the S2B surface reflectance values to the 
S2A equivalents. 

 

Figure 3-1: Sentinel-2A and Sentinel-2B spectral response functions (SRF) 

3.1 DATA AND METHOD 

The approach to consider the harmonization factor is based on  
• simulation of S2A and S2B observation using spectral response curves of both 

Sentinel 2 sensors  
• linear regression to derive band harmonization factors 

 
The generation of simulated S2A and S2B observation data is based on the data of the USGS Spectral 
Library [Kokaly et al, 2017]. The USGS Spectral Library is a reference database that covers the 
wavelength range from the ultraviolet to far infrared along with sample documentation has been 
assembled over many years. The library includes samples of minerals, rocks, soils, physically 
constructed as well as mathematically computed mixtures, plants, vegetation communities, 



 

Ref ESACCI-LC-Ph2_CCN2_ATBD 

 

Issue 0.6 Date    2018-12-20 

Page 27  

 

 

microorganisms, and man-made materials. The samples and spectra collected were assembled for the 
purpose of using spectral features for the remote detection of these and similar materials. 

Materials Contained in the Spectral Library 
• Minerals 
• Elements 
• Soils, Rocks, Mixtures, and Coatings 
• Liquids, Liquid Mixtures, Water, and Other Volatiles Including Frozen Volatiles 
• Artificial (Man-Made) Materials Including Manufactured Chemicals 
• Plants, Vegetation Communities, and Mixtures with Vegetation 
• Micro-Organisms 

3.2 HARMONIZATION FACTORS 

The following harmonization factors (see Table 3-1) have to be applied to align the S2B surface 
reflectance (>Mf�g_�hij�k�) to the S2A surface reflectance in terms of radiometry in the final time series 

of the surface reflectance from S2A and S2B. 

 

l � 	=�V	 � )�V � )�	_<?[	l � >Mf�g_�hij�k� 		)*+	V � >Mf�g	 

Table 3-1: Harmonization factors for Sentinel-2B 

S2 Band )� )� rmse 

B1 1.001E+00 1.696E-04 2.593E-05 

B2 1.000E+00 8.478E-05 6.344E-06 

B3 1.001E+00 1.640E-04 1.378E-04 

B4 9.998E-01 3.546E-05 1.598E-05 

B5 9.990E-01 8.812E-04 2.398E-04 

B6 1.001E+00 1.523E-03 3.354E-03 

B7 9.995E-01 8.810E-04 4.600E-04 

B8 1.000E+00 -3.302E-05 2.072E-06 

B8A 9.999E-01 1.126E-04 3.053E-05 

B9 9.992E-01 -9.443E-05 6.193E-04 

B10 1.003E+00 4.080E-03 1.080E-02 

B11 9.994E-01 1.180E-03 3.145E-04 

B12 9.861E-01 1.622E-03 8.759E-03 
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4 GEOLOCATION OF SENTINEL-2A AND 

SENTINEL-2B 

For the assessment of the geo-location accuracy of Sentinel-2A and Sentinel-2B image data, the 
GeoTool developed during the Land Cover CCI project phase I has been adapted and applied. The 
input here is as well the collocated image of Sentinel-2A and Sentinel-2B. Sentinel-2A (B8) is here 
used as master and Sentinel-2B (B8) as slave. 

Methodology of GeoTool 

The developed tool moves the slave image while being layed over the master image, i.e., in this case, 
the Sentinel-2B image is being moved over the Sentinel-2A. The principle of GeoTool is to estimate 
shifts in line and column between two images on each pixel. For each pixel, the idea is to compute a 
similarity measurement between a 3x3 mask of the master image (or reference image) and a 3x3 mask 
of the slave image, which will be successively shifted regarding the master image. In total 9 directions 
of translation are examined (illustrated in Figure 4-1and Figure 4-2). 

 

Figure 4-1: Principle of similarity measurements between two images. 

 

Figure 4-2: Scheme of applied GeoTool - 9 directions of translation (master: grey 3x3 window, slave: coloured 

3x3 window). 

Shifts in line and column are estimated in a local 3x3 window centred on each point by assessing the 
translation that maximizes the similarity feature between the master image and the slave image. The 
similarity measurement between two images is based on the Pearson's correlation coefficient, which is 
a measure of the strength of the association between two quantitative, continuous variables. The 
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Pearson´s Correlation Coefficient is defined as the covariance of the two variables divided by the 
product of their standard deviations and is calculated as follows: 

 

eq.: 4-1 

Additionally, for every position, the ‘Maximum of correlation coefficient drift' is calculated (Figure 
4-3). The colours in the generated output image are corresponding to the colours in the scheme of 
Figure 4-2. Value “5” indicates no drift of the image data and hence a perfect match of master and 
slave. Based on the ‘Maximum of correlation coefficient drift’ image the corresponding histogram is 
produced where the frequency of the individual window positions becomes directly apparent. To make 
the different output data comparable, the colours in the histogram are also corresponding to the colours 
in the source image. 

At a close examination of the produced images and the respective histograms (Figure 4-6), both 
illustrating the maximum of the correlation coefficient drift, it becomes obvious that value “4” 
dominates every output data set, which means that the Sentinel-2B image has a tendency to shift in 
direction North. 



 

Ref ESACCI-LC-Ph2_CCN2_ATBD 

 

Issue 0.6 Date    2018-12-20 

Page 30  

 

 

 

 

Figure 4-3: Maximum of the correlation coefficient of 

a collocated tile generated using Sentinel-2A and 

Sentinel-2B data from August 6th and 11th 2017. 

 

 

Figure 4-4: Maximum of correlation coefficient drift of 

a collocated tile generated using Sentinel-2A and 

Sentinel-2B data from August 6th and 11th 2017. 

 

 

Figure 4-5: Histogram of the maximum of correlation coefficient drift of a collocated tile generated using 

Sentinel-2A and Sentinel-2B data from August 6th and 11th 2017.  
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Figure 4-6: Histogram of the maximum of correlation coefficient drift of collocated tiles generated using 

Sentinel-2A and Sentinel-2B data from August 2017.  
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5 CLASSIFICATION 

5.1 LOGICAL MODEL 

The classification process transforms the L2A SR products produced by the pre-processing step (see 
section 2.3) into meaningful LC products. 

The classification chain is organized into 3 main steps (Figure 5-1): (i) the preparation of the training 
dataset and generation of a stratification layer using auxiliary datasets, (ii) the generation of a LC map 
using a random forest classifier on the S2 L2A Top Of Canopy (TOC) time series and (iii) the 
application of post-edition rules to reformat the generated LC map into the standards of the S2 
prototype LC map of Mesoamerica at 10m. The next sections describe these 3 main steps in details. 
The validation module is fully described in the ESA PVIR, 2018. 

 

 

Figure 5-1: Schematic representation of the classification process developed to generate the ESA S2 prototype 

LC map of Mesoamerica at 10m. 

The output is a prototype LC classification describing the LC of Mexico and Central America at 10m 
in 10 generic classes. These classes are described in Table 5-1. 

Table 5-1: The legend used for the S2 prototype LC map of Mesoamerica. 

NB_LAB LABEL  R G B 

1 Tree cover areas  0 160 0 

2 Shrub cover areas    150 100 0 

3 Grassland  255 180 0 

4 Cropland  255 255 100 

5 Vegetation aquatic or regularly flooded  0 220 130 

6 Sparse vegetation  255 235 175 

7 Bare areas  255 245 215 

8 Built-up areas  195 20 0 
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NB_LAB LABEL  R G B 

9 Snow and/or Ice  255 255 255 

10 Open water  0 70 200 

5.2 DETAILED PROCESSING SCHEME OF THE PRELIMINARY STEPS 

5.2.1 Preparation of the stratification layer 

An a priori stratification composed of 8 equal-reasoning areas was built over Mexico to optimize the 
use of the input training data and increase the classification algorithm performances. The location of 
the strata borders was defined to separate regions characterized by different climatic/biome conditions, 
seasonal behaviours and remote sensing conditions. Apart from Belize and Guatemala that are totally 
or partially covered by the equal-reasoning area stratification, Central America was classified per 
country (Figure 5-2). 

Mesoamerica is covered by four major biomes according to the World Wildlife Fund (WWF) 
terrestrial ecosystem layers (Olson et al., 2001): tropical and subtropical moist broadleaf forests, 
tropical and subtropical dry broadleaf forests, tropical and subtropical coniferous forests and deserts 
and xeric shrubland. Table 5-2 indicates which biome is the most represented per stratum.  

 

Figure 5-2: CCI-LC bridging phase stratification for Mexico, made of 8 equal-reasoning areas. 

Table 5-2: Parameters describing the stratification layer. 

NB_ST DESCRIPTION 

1 Tropical and subtropical dry broadleaf forests 

2 Tropical and subtropical moist broadleaf forests 

3 Tropical and subtropical moist broadleaf forests 

4 Tropical and subtropical coniferous forests 

5 Tropical and subtropical dry broadleaf forests 

6 Deserts and xeric shrubland 

7 Tropical and subtropical dry broadleaf forests 

8 Deserts and xeric shrubland 
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The classification chain runs independently for each equal-reasoning area with a specific selection of 
training data representative of the landscape diversity that optimizes the discrimination between the 
different LC classes. 

5.2.2 Training dataset preparation for Mexico 

• Selection of a reference dataset for Mexico 

The North American Land Change Monitoring System (NALCMS) map of Mexico (Latifovic et al., 
2012) was used as input to generate the training dataset for the random forest classification. Generated 
based on manual modifications of the Monitoring Activity Data for the Mexican (MAD-MEX) 
Reducing Emissions from Deforestation and Forest Degradation (REDD+) program LC map 2010 
v4.3 (Gebhardt et al., 2014), the NALCMS map describes the Mexican landscape in the year 2010 at 
30 m with a LC legend of 19 classes (Table 5-3). 

The MAD-MEX system derives a baseline LC map based on the automated classification of Landsat 
images from both the Thematic Mapper (TM) and Enhanced Thematic Mapper Plus (ETM+) sensors 
at 30 m with pixels further aggregated to objects.  

Although the NALCMS map of Mexico has been selected because it is the most precise map at high 
spatial resolution, it worth keeping in mind that it dates from year 2010 and the aggregation of pixels 
to objects degrades the thematic accuracy expected from an original spatial resolution of 30 m. 

Table 5-3: Label and description of the NALCMS legend composed of 19 LC classes. 

NALCMS 

LABEL 
DESCRIPTION 

NALCMS 

LABEL 

DESCRIPTION 

1 Temperate or sub-polar needleleaf forest 11 
Sub-polar or polar shrubland-

lichen-moss 

2 Sub-polar taiga needleleaf forest 12 
Sub-polar or polar grassland-

lichen-moss 

3 
Tropical or sub-tropical broadleaf 

evergreen forest 
13 

Sub-polar or polar barren-lichen-

moss 

4 
Tropical or sub-tropical broadleaf  

deciduous forest 
14 Wetland 

5 
Temperate or sub-polar broadleaf 

deciduous forest 
15 Cropland 

6 Mixed forest 16 Barren lands 

7 Tropical or sub-tropical shrubland 17 Urban 

8 Temperate or sub-polar shrubland 18 Water 

9 Tropical or sub-tropical grassland 19 Snow and Ice 

10 Temperate or sub-polar grassland 
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• Automated preparation of the training samples 

A training dataset shall provide the most representative spectral signatures for each LC class of 
interest. The workflow of this preliminary step is provided in Figure 5-3.  

 

Figure 5-3: Activity diagram illustrating the training dataset preparation for Mexico: (1) the reference LC map is 

eroded to remove contamination effects between adjacent patches of diverse LC classes, (2) the raster LC 

reference was converted to compact objects (3) tiles and objects within tiles were selected.  

The first step consisted therefore into applying a morphological filter on the NALCMS map to ensure 
the purest training dataset possible following the approach of (Radoux et al., 2014). The 
morphological filter is based on the erosion principle, i.e. removing pixels along the boundaries of 
each LC class. In the CCI-LC Phase 2, preparing the training dataset for LC classification at 300 m 
implied conserving isolated pixels when eroding the reference layer to ensure marginal classes to be 
adequately maintained in the training dataset.  At 10m, landscape patches include many more pixels so 
that a classical morphological filter with a radius of 2 pixels was applied. This morphological filter 
resulted in a new raster file which contained the new eroded reference LC layer. 

As the selected random forest classification module works with training datasets as polygons (.shp), 
the second step aimed at converting the eroded reference NALCMS map into compact objects. 

Finally, a subset of objects was automatically selected from the S2 tiles covering Mexico to accelerate 
the construction of the random forest model in the processing chain. The number and tiles selection is 
driven by the trade-off between the stratum extent to be processed and the representativeness of the 
local Mexican landscape. For each tile, a maximum of 300 objects was eventually selected per 
NALCMS LC class.  

5.2.3 Manual creation of training polygons for Central America 

A series of LC maps for Central America at high spatial resolution were produced with RapidEye by 
the Food and Agriculture Organization of the United Nations and national institutions.  These accurate 
and thematically rich maps were available for visualization only through web interfaces.  

Therefore, training polygons were created using images from the Google Street View and Google 
Maps/Earth platforms. In most cases, sufficient cloud-free and up-to-date aerial photographs allowed 
capturing the diversity of landscapes. The Global Food Security Analysis-Support Data product 
(https://web.croplands.org/app/data/street) brought valuable information over Guatemala, especially 
for the interpretation of class cropland and grassland. Still, the landscape complexity of Central 
America combined with the lack of accessible reference data at high spatial resolution clearly 
hampered equalizing the quality of the Mexican training dataset.  

Following the typology described in (ESA PUG, 2018), crops with a cycle longer than a year were 
considered as non-crop classes, such as banana, oil palm, coconut, pine and pineapple plantations. 
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5.3 DETAILED PROCESSING SCHEME OF THE CLASSIFICATION 

The classification step leading to the S2 prototype LC map of Mesoamerica at 10m is based on the 
Sentinel-2 Agriculture (Sen2Agri)  (Bontemps et al., 2015) L4 crop type processor (Inglada & Arias, 
2015). The Sen2Agri L4 crop type processor originally aimed at producing maps of crop types at 10m 
spatial resolution. Here, the processor was used for LC mapping, following encouraging LC 
classification results over France described in (Inglada et al., 2017). 

The overview of the main steps of the crop type processor are first presented, followed by the 
modifications brought for the CCI-LC bridging phase S2 LC processing.  

5.3.1 Crop type processor overview 

The Sen2Agri L4 crop type processor produces crop type maps at 10m spatial resolution in 3 steps as 
illustrated in Figure 5-4: data preparation, supervised learning and map production. 

 

Figure 5-4: Block diagram of the Sen2Agri crop type map production. Taken from (Inglada & Arias, 2015). 

5.3.2 Data preparation 

Training and validation polygons are selected among the training datasets built in sections 5.2.2 and 
5.2.3 in a proportion of 75/25 %, respectively. The former subset is used to train the random forest 
algorithm while the second is used to validate the model output. 

S2 L2A TOC time series were then linearly interpolated and gap-filled to provide the random forest 
classifier with a fully valid, cloud-free time series sampled in a regular temporal grid. A temporal 
sampling rate of 15 days has been selected for the classification of Mesoamerica. 

Finally, in addition to the SRs themselves, additional relevant features (the Normalized Difference 
Vegetation Index (NDVI), the Normalized Difference Water Index (NDWI) and the brightness) are 
extracted for each date of the resampled and gap-filled time series. NDVI is computed using B8a and 
the Short Wave InfraRed (SWIR) band is resampled to 10m. 

The training samples and above-mentioned features are used as input to the supervised learning step. 
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5.3.3 Supervised learning 

This step trains the random forest classifier using the extracted S2 time series features and training 
polygons as inputs.  

The random forest algorithm is a supervised classification approach. It works in two main steps:  

1. Random selection of training and validation samples; 

2. Training of the classifier by using the previous training samples. 

These two steps were executed in C++ with the otbcli_TrainImagesClassifier Orfeo Toolbox 
application. 

The number of decision trees, the minimum number of samples per nodes and the maximum depth of 
each tree form the input variables of the random forest. Their values were set to 100, 25 and 25, 
respectively. The outputs of the classifier training step are the random forest model, further used for 
the LC map production, and a confusion-matrix characterizing the model accuracy performances. 

• Input and output data  

Input and output variables for the training of the random forest are presented in Table 5-4.  

Table 5-4: Input and output data of the training of the Random Forest. 

DATA DESCRIPTION INTENT 
(IN, OUT, INOUT) 

VALUE 

Image time series Features time series IN - 

Max depth tree Maximum depth of the trees used for Random Forest 

classifier 

IN 100 

Minimum sample 

nodes 

Minimum number of samples in each node used by the 

classifier 

IN 25 

Maximum sample 

nodes 

Maximum number of samples in each node used by the 

classifier 

IN 25 

Training polygons  Vector containing reference data for training IN - 

Training model Resulting Random Forest model to be used in the 

classification step 

OUT - 

Confusion matrix File including indicators of the model performances OUT - 

• Equations 

No specific equations need to be implemented. 

5.3.4 Map production 

The last step of the classification processing chain generates the LC map by applying the supervised 
classification to the S2 feature time series using the model built in the previous step. Input and output 
variables for the random forest classification are presented in Table 5-5. 
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Table 5-5: Input and output data of the random forest classification. 

DATA DESCRIPTION INTENT 
(IN, OUT, INOUT) 

Image time series Features time series IN 

Training model Resulting Random Forest model to be used in the 

classification step 

IN 

Statistics XML le containing mean and standard deviation for each 

input feature 

IN 

LC map Resulting Random Forest classification using the NALCMS 

classes 

OUT 

 

The resulting LC map is then validated on a pixel basis, using the 25 % of the remaining training 
polygons. A confusion matrix is derived from this analysis and gives the relationship between the 
classification product and the training dataset on a class-by-class basis (Inglada et al., 2017). Accuracy 
metrics are derived from the confusion matrix. The overall accuracy represents the ratio of the 
properly classified pixels. The F1-Score corresponds to the harmonic mean of the producer’s and 
user’s Accuracy that represent individual class accuracies.  

Input and output variables for the LC map validation algorithm are presented in Table 5-6. 

Table 5-6: Input and output data of the LC map validation algorithm. 

DATA DESCRIPTION 
INTENT 

(IN, OUT, INOUT) 

LC map Resulting Random Forest classification using the NALCMS 

classes 

IN 

Validation polygons Vector le containing reference data for validation IN 

Confusion-matrix 

validation 

File containing the confusion matrix OUT 

Quality metrics File containing the quality metrics OUT 

5.4 DETAILED PROCESSING SCHEME OF THE POST-CLASSIFICATION EDITIONS 

Post-classifications steps consisted in turning the random forest classification into the S2 prototype LC 
map of Mesoamerica. It includes translating the resulting random forest classification of Mexico based 
on the 19 NALCMS classes (Table 5-3) to the final S2 prototype LC map legend in 10 classes (Table 
5-1) and correcting for macroscopic errors. Macroscopic errors were highlighted during an internal 
qualitative assessment (see ESA PVIR, 2018) but also during a 2-day meeting held early August 2018 
in the CentroGEO premises in Mexico. Thanks to a visualization tool specifically designed for this 
purpose (see the software tool section in ESA PUG, 2018), the Mexican experts were requested to 
provide any feedback they feel appropriate about the macroscopic errors present in the intermediate S2 
prototype LC map. 

The following macroscopic errors were corrected on the intermediate S2 prototype LC map to 
generate the S2 prototype LC map of Mesoamerica v0.3. Corrections were performed using a 
dedicated C++ code: 

- Coastline delineation using the Food and Agriculture Organization (FAO) Global 
Administrative Unit Layers (GAUL) dataset as input 
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- Update in the coastline delineation where the input dataset was found too imprecise 
- Capture of the small sparse shrub vegetation (sparse vegetation class) in the region of the Gulf 

of Santa Clara using the yearly S2 SR cloud-free composite as input 
- Constraining urban over-estimation 
- Reduction of remaining tiling effects when possible 
- Correction for misrepresentation of water due to cloud shadow effect 
- Correction on the Isla Coronado Norte 
- Correction for misrepresentation of bare areas due to cloud shadow effect 

• Algorithm assumptions and limitations 

None 

• Input and output data  

Input and output data associated with the post-classification process are described in  

Table 5-7.  

Table 5-7: Input and output data for the post-edition steps, i.e. the addition of key thematic information in the 

classification output. 

DATA DESCRIPTION 
INTENT (IN, 

OUT, INOUT) 
UNIT RANGE 

Random Forest 

classification 

Resulting random forest classification based on the 

NALCMS classes for Mexico and based on the CCI LC 

S2 classes for Central America. 

IN None [0-255] 

Patch shapefile 
Shapefile delineating areas where corrections of 

macroscopic errors should be applied. 
IN None [0-255] 

S2 L2A TOC 

yearly composite 

Mean composite of the S2 TOC SR time series 

generated in the framework of the CCI LC Bridging 

phase. 

IN None [Int16] 

PROTOTYPE  

The S2 prototype LC map of Mesoamerica at 10m. 

Each pixel is associated with one of the 10 LCCS  LC 

class defined for LC classifications with Sentinel-2 at 

10m. 

OUT None [0-255] 

• Parameters 

The correspondence between the NALCMS and the CCI LC S2 legend is included in Table 5-8. 

Table 5-8: Class correspondence between the legend of CCI-LC S2 Mesoamerica prototype in 10 classes and the 

original MEX-NALCMS in 19 classes. 

PROTOTYPE LC MAP OF 

MESOAMERICA 
MEX-NALCMS 

Tree cover areas (1) Temperate or sub-polar needleleaf forest (1), Sub-polar taiga needleleaf forest (2), 

Tropical or sub-tropical broadleaf evergreen forest (3), Tropical or sub-tropical 

broadleaf deciduous forest (4), Temperate or sub-polar broadleaf deciduous forest 

(5), Mixed forest (6) 

Shrub cover areas  (2)  Tropical or sub-tropical shrubland (7), Temperate or sub-polar shrubland (8) 
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PROTOTYPE LC MAP OF 

MESOAMERICA 
MEX-NALCMS 

Grassland (3) Tropical or sub-tropical grassland (9), Temperate or sub-polar grassland (10) 

Cropland (4) Cropland (15) 

Vegetation aquatic or 

regularly flooded (5) 

Wetland (14) 

Sparse vegetation (6)  N/A 

Bare areas (7) Barren land (16) 

Built-up areas (8) Urban and built-up (17) 

Snow and/or Ice (9) Snow and ice (19) 

Open water (10) Water (18) 

• Equations 

No specific equations need to be implemented. 


