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ABSTRACT

The remote sensing is a way to optimize the process of land cover classification allowing that this process will
be by high definition images of satellite. For the research it was used the Google Earth Engine with JavaScript
programming language to classify the images, identifying the areas with forest or reforest. It was identified that
classifiers Random Forest and Logistic Regression have a high performance in classify the images. From them it
was developed functions to process automatically of new images with purpose of classify them in relation to land
cover.
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INTRODUCTION

Remote sensing is a set of technology techniques and procedures that collects and represents data from the surface
of the earth surface without the need of direct contact (Richards 2013). Therefore, all the acquired data comes from
sensors and instruments in general.This process is linked to the handling, storing and analysis of this kind of data, in
order to better understand the phenomena that happen on the surface.
Google Earth is an example of remote sensing, which integrates a set of satellite images, aerophotogrammetry
and even images recorded on the streets to assist in locating and moving around the different places (Google
2018). In order to identify the satellites images provided by Google Earth, it’s necessary to process them through
various programming algorithms which allow the identification of the images’ line and the region of interest. These
algorithms are processed on the Google Earth Engine, which is loaded with libraries developed with the JavaScript
programming language.
Google Earth Engine (GEE) is a free-to-use API. Where it is available to use through JavaScript or Python
programming languages. The API has a web-based text editor for JavaScript, which allow develop codes directly
on the cloud. GEE also has a large database of raw image satellites such as Landsat, MODIS, Sentinel, etc. And
also processed products like a weather maps and climate maps. The best part to use GEE is the cloud processing,
because almost every processing effort is made by the google’s cloud service. This characteristic allows any user
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with a simple computer processes some terabytes of data available on the Google’s cloud database, and if the data
isn’t available on the current database, the user can him self add this kind of data, turning the information private for
personal use or public allowing every GEE user use that uploaded data. The Google Earth Engine’s API, with its
developers community, provide a number of ready-made algorithms for image processing, as well as statistical
calculations for certain areas of interest (Google 2018).
Among these codes, there are some classifiers for image processing already available, such as the Random Forest
(RF), Logistic Regression (LR), Support Vector Machine (SVM), etc. The Random Forest is an algorithm proposed
in the 2000s to predict values from a set of decision trees based on randomly selected data (Biau 2012). The RF
algorithm is fast to implement and usually produces accurate predictions. It can handle a number of input features
(Biau 2012). LR is a recommended technique for situations in which the dependent variable is from dichotomous
or binary nature (Lorena and Carvalho 2007). In turn, SVM is a machine learning technique that can be used for
pattern recognition of predetermined principles (USP 2009?). All these algorithms works in two steps, the training
step and the testing step. In the training stage, the algorithms receive the data and result values. In the testing stage,
the values are known, but the algorithm classify them in order to compare if the obtained result was equal to the
expected result. Then it calculates the algorithm’s accuracy.
The task of integrating information systems is a major challenge in computer sciences because of its importance in
today’s digital application ubiquity scenario, as well as the complexity underlying the implementation of efficient
communication channels between hybrid systems (Eulalio et al. 2016). In the context of forest cover monitoring,
there are a lot of algorithms focused on image classification, e.g. The Random Forest, the Logistic Regression, the
SVM, etc. Each one of these algorithms work in different ways to classify image pixels, having a better or worse
result in distinct situations. For this reason it’s important to test the various algorithms in each part to be classified
before deciding which one to use. With system integration, this task becomes optimized, because it’s the software
that makes a comparative and take a decision.
The objective of analyzing the forest cover of Santa Catarina in general is to generate a solid database, detailed and
up-to-date,to propose and establish conservation measures and appropriate use of forest resources, as well as to
better carry out territorial planning and management, including environmental licensing (Nunes and Gabriel David
2005). In the major project in which this research is inserted, 29% of the are of forest has already been identified,
considering forest formations over 10 meters high and over 15 years old, and also 3 to 4% of pioneer formations
(capoeirinhas), with smaller height and fewer species. In the Semi-deciduous Forest of Western Santa Catarina, the
forest cover amounts to approximately 16%, in the Planalto pine forests (Araucaria forest) 24% and in the Atlantic
evergreen rainforest, also called Pluvial Atlântica forest, between Serra Geral, Serra do Mar and the coast, the
remnants add up to 40%.
To expand monitoring, as well as to establish the remote sensing in the state, there is the need of an initiative to
facilitate the development of integrative functions to existing processes. Thus, this research is useful to improve
the forms of image processing and to allow the automation of some processes which are done manually in the
present,due to the lack of integration between the used systems, and also because the algorithms are in different
languages and do not communicate. So, the paper is related to the event because it is presented the automation
of some processes like image classifying. This classifying can be contribute to information classifying of crisis
management.
Within this context, the general objective of the project is to integrate image processing, monitoring and statistic
algorithms in order to obtain a single algorithm capable of assisting in the automation of mapping and monitoring
forest cover in Santa Catarina State. The specific objectives are: (i) to identify the best way to perform integration
of the algorithms to be processed in the GEE, either from a Web Service or internal Google’s API services and (ii)
to develop products that facilitate the integration of new algorithms for forest cover mapping.
Therefore, the article is divided as follows. Section 1 - Introduction; Section 2 - Materials and methods involved
in the research; Section 3 - Description of classifier selection; Section 4 - Results obtained so far and discussion.
Finally, Section 5 - Conclusions and result relation with the research objectives.
MATERIALS AND METHODS

This research is descriptive, qualitative and quantitative (Wazlawick 2010). The planning of this research is divided
into the following steps: (i) Research in Google Earth Engine about classifiers, with the goal of understanding how
each classifier works to integrate into the project; (ii) bibliographical research in academic articles, books and
portals about these classifiers; (iii) development of necessary adjustments to the Google Earth Engine platform and
other platforms as needed based on studies; (iv) tests on the developed integration; (v) evaluation and identification
of integration key points to allow other algorithms to be integrated into the developed structure.
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For image classification from the Google Earth Engine classifiers, we used images from the NASA Landsat-8
satellite collection 1 level 2 surface reflectance. The Santa Catarina state mapping was divided into 1:100,000 scale
cartographic sheets. These sheets are delimited by the Brazilian Systematic Mapping. In all, 50 sheets are required
to map the entire state, and each sheet receives a buffer of 3,000 meters for overlap at the time of sheet joining. The
selection of the image that is used in the classification follows the criterion of lower cloud coverage index, lower
shading conditions and most current image (year 2017 or 2016).
Satellite image classification in the sheet area was performed through the Google Earth Engine (GEE) API developed
by Google. This API works based on the development of algorithms that follow the JavaScript programming
language syntax. Within this API it is possible to use classifiers such as the Random Forest (RF), Logistic Regression
(in GEE it is called GMO Maximum Entropy or “ GMOMaxEnt ”). The main advantage of using Google Earth
Engine initially is its convenience in image processing because the platform itself has the main satellite images
already stored in the cloud, so it is not necessary to download the images to process them (Padarian et al. 2015).
CLASSIFIERS SELECTION

The classifiers used for this paper were Logistic Regression (LR) and Random Forest (RF). Initially the SVM was
used, however, in the initial tests, this classifier was considered inadequate.In related literature we found a study,
in which the authors came to the conclusion that the RF classifier has better adaptability to the training set, in
other words, RF can handle some mistakes made by the people who created the training dataset, but the SVM
performance is affected by these failures (Chan et al. 2012). Although, both SVM and RF present the same result
confidence (Belgiu and Dr gu 2016),or simply, both can achieve the same result, the advantage of RF is that it has
a friendlier use compared to that of the SVM (Chan et al. 2012). Thus, based on the reports of previous works, the
use of the SVM classifier was disconsidered.
Both Random Forest and Logistic Regression classifiers are based on supervised classification, in other words,
initially the classifier is trained with sample data of predefined classes and then, after training, the classifier receives
unknown data to be classified. RF is a classifier made up of tree-structured classifiers (Breiman 2001). These tree
classifiers are decision trees, in other words, it can be said that RF is part of the classifiers. This is because RF
classifies an image based on the decision tree results that it created in the training step. Decision trees are created by
the classifier from randomly selected data. The amount of decision trees that Random Forest is asked to create
should be carefully taken under consideration, because if the number of trees is low, the classification can contain
many “noises”, while too many decision trees will also generate noise. Since Random Forest does not properly
adjust itself to the increase of tree numbers, it does set an error limit value for generalization (Breiman 2001). The
recommendation is to use 500 trees as default for classification (Belgiu and Dr gu 2016). However, in this study,
the number of decision trees used was only 50.
In turn, the Logistic Regression classifier resembles the linear regression formula. Where linear regression consists
in defining the relationship dependency between the independent variables x and the dependent variables y (Moser
and Oliveira 2017). As the independent variable changes its value, the variation of the dependent variable behaves
linearly. Although linear regression is an effective mathematical model, depending on the situation it can generate
negative values. This is why Logistic Regression is used, once the antilogarithm of the regression coefficient of an
independent variable generates an unbiased estimate between the independent and the dependent variable. Thus,
considering them as dichotomous variables, there may be the presence (value 1) or absence (value 0) of a given
factor (Nelson F. de Oliveira and Lopes 1997). Then, results become binary.
IMAGES EVALUATION

The evaluation of the classified images is performed with a confusion matrix so that it is possible to calculate the
overall accuracy and the Kapppa index. The test points used for constructing the matrix are separated from the set
of training points, in other words, 70% of the points are used to train the classifier and the remaining 30% is used to
evaluate the image.
A visual check is also made on the classified images. For both, confusion matrix value verification and visual
validation, the ArcGis / ArcMap geoprocessing software was used.
RESULTS AND DISCUSSIONS

In order to identify the best image classification algorithm in the Google Earth Engine (GEE) environment, a
bibliographic research was made on the tutorials of the tool itself and some complementary articles. Then, taking
under consideration the fact that a research on this matter had already been carried out in the municipality of Ponte
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Alta do Norte and a series of points had been collected on this project and results show that it has a large number of
reforestation points, this city was defined as the working area for the tests until advancing to the Santa Catarina
classification.
From this collection, Random Forest and Logistic Regression classifiers were applied in a period also searched for
the best yield. Compact and easy-to-understand execution scripts have been created with all of these classifiers for
rapid changes in code and data. In addition to the functionality of creating and exporting a confusion matrix which
informs the results of the test points, an approximate accuracy of the classification result is made present.
Finally, a library with several algorithms was built using the different classifiers available in the GEE. Each algorithm
developed had the specific purpose of classifying the SC region in order to identify the best classifier. The best
represented classifier was Random Forest. However, due to the presence of shadows and clouds, some regions have
not yet been classified correctly. Thus, other algorithms were created to test the shadows so that their composition
could be worked on. After this first step, it can be identified that the most suitable classifiers for Google Earth
Engine are Random Forest and Logistic Regression because, most of the time, they show better results.
Table 1. Confusion Matrix extracted from the Logistic Regression classification of image from Apr/2017 with
Topographic Correction

GMOMaxEnt
Classification

Reference (ground truth)
agriculture
forest
pasture
reforest
shadow
urban
water

agriculture

forest

pasture

reforest

shadow

urban

water

62
1
10
0
0
2
0

0
197
0
2
1
0
0

4
1
70
0
0
0
0

1
3
0
294
2
0
0

0
3
0
0
33
0
0

0
0
1
0
0
49
0

0
0
0
0
0
1
49

After having identified the best classifiers for GEE, the SunCanopySensor + C (SCS + C) topographic correction
algorithm implemented in the GEE was applied. Then, the images were classified using the two classification
algorithms, RF and LR. The classification was applied in two moments, on satellite images with atmospheric
correction at Surface Reflectance (SR) level and on the same image applied to topographic correction (SCS + C).
After the classification, a majority filter was applied to both classified images to reduce the salt and pepper effect
and, subsequently, a confusion matrix was generated (Table 1) to validate the overall accuracy and the Kappa index.
Table 1 presents the confusion matrix after the classification of the Logistic Regression algorithm identified in the
GEE as GMOMaxEnt.
This majority filter, mentioned above, is applied because the salt and pepper effect of the classified images greatly
affects their visual quality. Then, as an attempt to repair this exit condition, the filter was applied. It cannot eliminate
all the image noise, however much of the noise is eliminated, granting the image an increase in its visual quality.
This filter is based on the neighboring mode of the pixel in the center of the kernel. The comparison between an
unfiltered image in Figure 1 and the same filtered image may be seen in Figure 2.
After the classification and filtering process, the images are analyzed visually and their confusion matrix is generated.
For the visual analysis, the already processed image is imported into ArcMap and then compared with the satellite
image superimposed on it in a quick interpretation. After the analysis is completed, the resulting accuracy of the
confusion matrix is compared to the results of the visual analysis. Based on this comparison, it is analyzed if the
image is in agreement with the accuracy. This is because the overall accuracy can often be 99%, but when visually
analyzed, classification may simply not make sense with the results obtained in the confusion matrix. Figure 3
presents the visually analysis of the image generated by the Logistic Regression classifier, supported by Figure 4
which is the raw satellite image or simply the actual image of the ground.
Initially, in the evaluations performed in ArcMap, it could be observed that the image was exported by the GEE
with a displacement of approximately 15 meters to the right and 15 meters down (approximately 1/4 pixel). The
reason for this displacement was not identified, but it is believed that the GEE defaults to EPSG:3857 projection.
Consequently, when the image was exported, the projection was not compatible with the cartographic projection
used in the territory of Santa Catarina, which is EPSG: 32722. Another hypothesis relates to the pixel reference
point, where GEE sets this reference in its upper left corner, while ArcMap uses the center of the pixel. This would
justify the offset of approximately 1/4 pixel. It is important to say that these are only hypotheses, neither accepted
nor rejected.
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Figure 1. Simple Random Forest classification

Figure 2. Figure 1 filtered using the majority
filter

Figure 3. Image generated by the Logistic Regression classifier being visually analyzed using
the Figure 4 as reference

Figure 4. Raw satellite image, false color composition, bands 5, 6 and 3
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This issue was resolved when new parameters were added to the function that exported the images. These parameters
are the geographic projection, and the geographic information of the image; as follows: (i) origin coordinate for x
axis; (ii) distance between sides of pixel on axis x; (iii) pixel rotation relative to the axis x. These items repeat for
the y axis of the image as well. So, for the displacement to be solved, it is necessary to manually inform the function
that the geographic information of the image used as basis for the classification.
Table 2. Result of image classification from 04/2017, sheet SG 22 Z D I

Classifier
RF without topographic correction
RF with topographic correction
RL without topographic correction
RL with topographic correction

Avg Acccuracy
91.25%
91.46%
95.74%
95.25%

S. D. Accuracy
0.027501293
0.026071711
0.020144021
0.019729679

Avg Kapp
89.66%
89.91%
94.97%
94.39%

S. D. Kappa
0.032274064
0.030635026
0.023719419
0.02317022

The confusion matrices that are generated by the GEE and compared with ArcMap matrices use, until now, the
general accuracy index and Kappa index for confirming the classification accuracy as validation parameters of the
classifications. Through these indexes, it is possible to analyze the efficiency of a new spatial filter or any other
change that has a direct impact on image classification. In a final evaluation, in order to establish the average
standard deviation both the RF and the LR were applied one hundred times in two forms of data input (image),
this result can be seen in Table 2, where RF represents Random Forest, LR represents Logistic Regression and
S.D. represents Standard Deviation. The accuracy and index Kappa for each classification way in the table are
the average of all iterations. The table also contains the standard deviation (SD) for each value average. Also, the
column identified as Kappa has the Kappa index for that classification.
Having the set of accuracy results from all iterations, it was applied a Tukey’s test evaluation to identify some
statistics similarity or difference between the classifiers methods, this evaluation can be seen on Figure 5. The
accuracy set also was plotted in a box graph which can be seen on Figure 6. Analyzing the Figures 5 and Figure 6
can be observed in Figure 5 which using or not a topographic correction in the image for the same classifier have
their confidence interval superimposes on the value 0, them their difference can be considered irrelevant.

Figure 5. Tukey’s test with 95% of confidence based on the accuracy iterations, TP means topographic correction

Looking in the Figure 6 can be observed which both the RF classifications have more variance than LR classification,
and in it graph it is also possible observe which both the classifiers which received a image topographic corrected
have variate their classification less than the classifiers which processed the image without this kind of normalization.
Analyzing the Figures 5 and 6 together, it is possible see that the topographic correction do not have a significant
impact on the classification accuracy, on the other hand, it is possible observe that the topographic correction in
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Figure 6. Box graph from using the accuracy for each iteration, TP means topographic correction

both applications, have their variance interval variate less than when is used the raw image for the classification
independent the classifier.
In order to calculate the accuracy and Kappa index, a comparison was first made between the confusion matrices
generated by GEE and ArcMap. Then it was observed that one matrix was transposed from the other. Therefore,
to solve this problem, after the GEE generates the matrix, an algorithm is applied to this matrix to generate its
transpose. Only then general accuracy and kappa indexes are calculated, and this action is performed to prevent
mistakes.
CONCLUSIONS

This paper presented a research on land-use and land-cover and land use monitoring by remote sensing techniques,
with the general objective of integrating image processing, monitoring and statistics algorithms in order to obtain a
single algorithm capable to assist automated topographic correction, thematic mapping and accuracy assessment.
From the implementation of the classifiers in Google Earth Engine, along with topographic correction, it can be
concluded that the overall goal has been achieved, allowing the image to be automatically processed using the above
mentioned algorithms. And monitoring, the forest covering in the State of Santa Catarina.
As for the specific objectives, the objective of identifying the best way to integrate algorithms to be processed
in Google Earth Engine, either from a web service or Google API internal services, it is possible to come to the
conclusion that the best way is by API itself, as Web Services would have to download the image and process it
locally, thus requiring a lot of physical disk space to store the images. Processing in the API itself requires no hard
disk space and powerful hardware since Google’s own services are used. Regarding the second specific objective,
which is to develop products that facilitate the integration of new algorithms for forest cover mapping, several
functions have been designed to allow automated classification. They were also structured in such a way to allow
the creation of new algorithms and the modification of the existent ones as needed.
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