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1. INTRODUCTION

In times of global warming, prediction tools for change of landscape and land-use are essential for
showing and surveying the consequences of global warming. Landscape changes could occur due to active
manmade processes such as deforestation or growth of cities or could be passive natural such as droughts or
rise in seawater level. These changes serve as critical information for decision makers of policies related to
the conservation of the environment. Machine learning has revolutionized the detection and prediction
modelling for changes in land cover features in recent times. Volumes of literature is available to study
and adapt from, to detect and predict changes in land features. Various machine learning algorithms
and procedures have been used by researchers worldwide in order to achieve this prediction.

An ensemble of Decision Tree and Random Forest algorithms has been widely made use of for
classification problems of land features and creation of land maps. Gauci A. et al. [1] have presented an
article that focuses on the usage of DSLR images of the Maltese islands to perform an automatic land cover
mapping of the region. They have attempted to map different forms of vegetation that is present in this area.
They have performed supervised classification to detect the forms of vegetation present in the area.
Their classification of types of vegetation is validated with in situ data and proves to be in accordance with
the in situ data. Cheun J. et. al [2] have utilized airborne hyperspectral images for classification of ecotopes.
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They have investigated the usage of the adaboost and random forest classification algorithms perform
ecotope mapping of different types. Their predicted classifications are in good sync with the available in situ
data. Hansen M. et al. [3] have also presented an article that validates the usage of decision tree classifiers for
usage in land cover mapping. Punia M. et al. [4] have utilized the IRS-P6 AWIFS data on decision tree
classifiers for land use and land cover mapping over Delhi. An overall classification accuracy of around 91%
has been achieved by the authors. Rodreiguez-Galiano V. F. et al. [5] have presented yet another research
article stressing on the feasibility of Random Forest algorithm for classification of land cover mapping.

The random forest algorithm enables them to achieve an accuracy of around 92% for a complex
terrain data set. Effective mapping of urban areas with an accuracy of 93% has been achieved by Schneider
A. et al. [6] using an ensemble of decision tree classifiers. Stumpf A. et al. [7] have used
the random forest algorithm along with object-oriented analysis for mapping of landslide images procured
using very high-resolution images. They have been able to achieve accuracy between 73% to 87% for four
test sites. Waske B. et al. [8] have innovated and created a software platform named imageRF for analysis of
remotely sensed images using the random forest algorithm. Regression models of machine learning also find
their application in predicting the change in land cover or land usage based on prior data sets. Extensive
research has been carried out in this area. Nurwanda A. et al. [9] have observed the satellite images of Bogor
in Indonesia to study and predict changes in land usage and land temperature. They have used a multi-layer
perceptron model and Markov Chain predictions to arrive upon prediction models for the city. Mathew A.
et al. [10] have generated a similar prediction model as [9] for the city of Chandigarh, India. They have
demonstrated the superiority of the support vector regression model over the artificial neural network model
to predict land surface temperature for the city of Chandigarh. A regression model has been created and
utilized for the assessment of exposure to air pollution by Morley D. W. et al. [11]. Silva A. C. O. [12] have
used the Bayesian network approach for prediction of the amount of deforestation in the Amazon rain forest
area. Sales M. et al. [13] have created a geostatistical model for prediction of rate of deforestation for
a short term. They have also used the Amazon forest data set as their reference. They have been able to
achieve an accuracy of 90% in predicting the next area of deforestation in the Amazon.

Hyperspectral imaging has gained momentum due to the intricate details of imaging provided by
state-of-the-art systems. The challenge faced by researchers is to extract information available through these
images effectively. Vishvanathan S. et al. [14] have presented a detailed article on the fundamentals of
the usage of hyperspectral images, their denoising techniques and classification techniques. Zhang Y. [15]
has presented the development of a novel algorithm for improving the spatial resolution of hyperspectral
resolution based on the mixing of the model that is observed and the spatial model. Mohamed A. B.
et al. [16] have showcased the success of a technique of spectral unmixing for improving the image
resolution in hyperspectral images. Bierniraz J. et al. [17] have showcased the need for unmixing of spectral
signatures due to low spatial resolution of hyperspectral images. Their proposed algorithm unmixes the
spectral bands of the image without affecting the spatial resolution of the image. Patro R.N. et al. [18] have
presented yet another technique for improvement of spatial resolution of hyperspectral images using
a Gaussian filtering technique. Their technique yields better classification results using the SVM classifier.
Effects of deforestation have also been studied in [19-21]. Our research article presents a study of
the deforestation in Paraguay specifically, the Northwest of the town of Filadelfia [22-25]. The deforestation
of the tropical forest is a major issue due to:

—  theloss of land for many species

— endangering the last indigenous people with no contact to our modern societies

—  the destruction of massive CO,-stores

—  the release of greenhouse gases in form as barbecue coal sold in European discounters certified by FSC
(The Forest Stewardship Council sets standards for responsible forest management with the slogan
“Forests for all forever”).

This research article aims at analysing the trend in the deforestation in Filadelfia from 1980 till 2010
using LandSATS5 images. This trend is extrapolated and the predictions made are tested using LandSAT7
and/or LandSAT8 images from 2010 till 2018 using a rectified regression line. This activity enables to
predict the rate of deforestation in future and create policies to curb the rate of deforestation in
the area to raise an awareness in the global community. Section 2 of this article presents the methodology for
data collection and pre-processing of data. Section 3 presents the prediction model and discussion on
the same. Section 4 conlcudes the article.

2. METHOD: DATA COLLECTION AND PRE-PROCESSING
Satellite images of the region Filadelfia have been acquired using the Land Viewer tool provided by
earth observing system (EQOS) [17]. The main requirement of the images is to have a resolution that allows
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a clear distinction between tropical forest and other features of the landscape, such as rivers, fields or
villages. ESO [17] provides on its webpage the tool, Land Viewer, to view and download images of regions
of the Earth acquired by specific satellites. Amongst them, the LandSAT5 TM (thematic mapper) is chosen to
fulfil our requirements of high resolution imagery. Land Viewer provides images of specific areas over nearly
30 years (1984-2011). The images can be downloaded in different resolutions. A free trial allowed the best
resolution of 240 m/pixel which a suitable resolution for our analysis. The colour code can be changed,
according to the requirements. For our analysis, the colour code Colour Infrared (Vegetation) with the band
B4, B3 and B2 has been used to clearly indicate the vegetation differences.

The Landsat 5 program stopped in January 2013 and the last images (of high quality) of the region
of concern using the Land Viewer were acquired until 2011. To further collect data of the same region with
an equivalent resolution, the Landsat7 TM has been used for data from 2011 to 2017. Here, the colour code
Color Infrared (Vegetation) contains bands B4, B3 and B2. The colour code of both satellites (LandSAT 5
and LandSAT 7) are identical. In addition to LandSAT7, LandSAT8 has been used for a further validation.
The colour code Color infrared (Vegetation) contains the following bands: B5, B4 and B3. The vegetation
ratio is such a parameter which depicts the change in tropical forest cover in a region. It is defined as the ratio
of pixels representing tropical/rain forest (n¢ropicar_roreste) and total number of pixels (Norar — Nrame) N
the image and is shown in (1).

Ntropical_forest (1)

vegRatio =
Ntotal~Nframe

Figure 1 shows the region of Paraguay which has been considered for our analysis. Figure 2 presents
a sample image of the 92" day of the year 2000. The pixels which need to be classified are coloured and the
black pixels (marked as ‘Pixel of frame’) are ignored. On importing the image into MATLAB software, a 3
dimensional matrix (Nx X Ny x 3) for the image gets created. It has entries in the x and y axes for each pixel
with 3 colour entries in RGB (ranging between 0 to 255) for the corresponding pixel. All pixels for the frame
which are black show and colour intensity below 3. These are ignored for further processing as they do not
contain any information of interest.
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Figure 1. Area of concern-northwestern Paraguay

Consider the image of the 92" day of the year 2000 as shown in Figure 2. The pixels of the image
which have to be classified are coloured and the black frame is to be ignored (marked as ‘Pixel of frame”’).
A matrix with dimensions Nx x Ny x 3 is created when an image is imported into the MATLAB software.
Every pixel is allotted positions on the x-axis and y-axix with 3 colour entries for every corresponding
location. These colour entries stand for the intensity of the colours RGB (Red-Green-Blue) and have values
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between 0 and 255. All frame pixels (black) show colour intensities below 3. These are ignored for further
computations.

Pixel of clouds
Pixel of frame
Pixel of fields

<
+

v

Figure 2. Example of classification of the image (92" day of the year 2000) in color infrared
(B4, B3, and B2) of LandSAT5

The classification of every pixel as either a tropical forest or not is binary classification problem.
In multiple iterations and images, it has been found that there is a threshold for pixel intensity classification
of tropical forests for LandSAT5. After every pixel has been classified, some individual pixels didn’t fulfil
the criterion of the threshold- these are called stand-alone pixels. From Figure 2, one can observe that most
fields are about 10 x 10 pixels (approximately 3 km x 3 km) large and easily identifiable by the naked eye.
In order to find these individual pixels, the classification matrix is being smoothed by multiple iterations so
that no stand-alone pixels appear. Figure 3 outline the procedure to fit a polynomial to the calculated
vegetation ratio images for each year. MATLAB software fits a second order polynomial to the points as
shown in Figure 4. The x-axis value of the graph has been calculated by the year added with the day of
capture divided by the total of days in a usual year as shown in (2).

Nday of capture (2)

XqxisValue = Nyear +
Ntotal days in a year

Testing
. - prediction
) Smootheni Calculate Pl‘EdIC‘.t . with
Read Classify ng of . best-fit line Quality LandSAT 7
Images each pixel classificatio veﬂ:;:?;m" for LandSAT definition nand
n results 5 images LandSAT §
images

Figure 3. Algorithm to predict the rate of deforestation the years to come

In Figure 4 it can be observed that some of the vegetation ratio points (marked inside the black box)
deviate from the fitted regression line by a considerable amount. This indicates that a method needs to be
devised to identify the quality of data obtained from the images of LandSAT5 for the presented region.
Multiple ways of identifying the quality of the data are possible. To identify the accuracy of the regression
line, a typical RSME (root square mean error) value is calculated. However, since the data points may vary
due to the quality of the classification threshold and the quality of the picture (e.g. presence of clouds or
smoke from deforestation by fire, as shown in Figure 5, the procedure of the exact treatment of the data
points needs to be discussed. The rainforest is not able to recover within a year in a way that the vegetation
rate raises by over 0.07% as the data points would suggest as shown in Figure 6.
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Regression line for the existing data to predict
future deforestion in Northwestern Paraguay
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Figure 4. Vegetation ratio of Landsat5 images with 2nd order polynomial regression line

Regression line for the existing data to predict
future deforestion in Northwestern Paraguay
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Figure 5. Deforestation by fire clearing Figure 6. Detailed view of the data for LandSATS5 for 2001-
visible on Landsat5 image of 2008 2008 indicating the big uncertainty of the data

Observing the images very closely, one could even go that far and assume that there is no significant
reforestation process to recover the loss of rainforest in the region observed. Since all images represent
the same area and by identifying the quality of the classification by simply looking at each image, it might
make sense to work only with the “best” data points and predict a curve from these “best” data points only.
The largest amount of the variance of the data points is due to the uncertainty of the threshold, not of
the actual change of vegetation ratio of the image. The correlation coefficient of two random variables
is a measure of their linear dependence as shown in (3). If each variable has N scalar observations,
then the Pearson correlation coefficient is defined as:

p(4,B) = S p, (Fhe) (2cke) ©)

gA oB

Where u,and o, are the mean and standard deviation of A, respectively, and ugand og are
the mean and standard deviation of B.” In Figure 7, the coefficients of correlation between the data points
(set A) and the prediction line (set B with same x-value) are for all data and best data 0.931 and 0.987
respectively. The RMSE (4) are for all data and best data 0.027 and 0.011 respectively.
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3. TESTING RESULTS AND DISCUSSIONS

In order to test the predicted 2"-order polynomial as shown in Figure 7, data of LandSAT7 has been
gathered. The goal is, to find out, if the prediction of the vegetation ratio for the years 2011-2017 fits
the actual vegetation ratio received through the images of LandSAT7 taken from 2011-2017. The quality of
images of LandSAT?7 differs from that of LandSATS5. Though the resolution is identical, dark strips appear on
the sides of the images visible at every image of LandSAT7 for most regions. The challenge is to smoothen out
these strips with an algorithm. This is done by checking every set of 3 x 3 pixels for its third lowest colour
intensity. Setting the colour of all 3 x 3 pixels to this specific colour will decrease the resolution. This procedure
has been tested also on LandSAT5 images to test the change of vegetation ratio by this algorithm hoping for a
minimum change. Applying this algorithm on the LandSAT5 images, the maximum difference of the calculated
vegetation ratio of the images with and without prior smoothing algorithms is of 1.6%. This is shown in (5).

Figure 8 show the vegetation ratio points of LandSAT 7 images on the same plot of Figure 7.
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To avoid the inaccuracy of LandSAT7 images due to the black shades on the sides, LandSAT8 has
been found not to contain black strips. A LandSAT8 image was chosen due to a good and clear quality of
the image and hence for its ability for clear classification. Even though still some parts on the right middle
and upper parts are not clear, the classification errors even more or less out. The result is the following shown
in Figure 9. Image in Figure 8 of LandSAT8 from 2016 (day 236) has a vegetation ratio of 43%.
The predicted vegetation ratio due to Landsat5 best images (red line) is of 51%. Using the following method
to calculate the percentile difference, we get a prediction error of 16%, which is very significant. Hence,
the deforestation ratio raised even higher than the predicted 2" order. This is computed using (6).
The validation of the prediction model described is shown in Figure 10. Figure 11 shows prediction of
the year rain forest vanishes in the area observed.

|VegRatioZO16predicted—VegRati02016Landsagg| +100 6
VeﬂRatiOZ015predicted+V99Rafi°2016Landsat8 ( )

AVegRatio2016 =

Figure 9. Classification results of LandSAT8 image
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Figure 10. Validation of data prediction from Figure 11. Prediction of the year rain forest vanishes in the
LandSATS5 by “true” data of Landsat8 image area observed

4. CONCLUSION

In this paper, the images of the satellites LandSAT5, LandSAT7 and LandSAT8 have been used to
determine the amount of rainforest in a specific region in North-western Paraguay. In order to analyse
the change of rainforest (vegetation ratio), images of 1986 to 2018 have been processed by an algorithm to
classify each pixel of the image as displaying rainforest or not. By the aid of MATLAB curve fitting toolbox,
the data till 2010 showed to fit very well on a 2"-order polynomial curve. This implies that the deforestation
of the rainforest is increasing in speed. The deforestation rate, meaning the absolute value of the slope of
the 2™-order polynomial curve is not constant but the deforestation rate is growing. In addition, it was found
out, that during the last decade 2010™, the deforestation rate increased more rapidly as forecasted by
the 2"-order polynomial curve. In case the curve of LandSATS5 would be true, all rain forest could be gone
latest by 2035. The result of the LandSAT8 image suggests an even quicker disappearance than 2035.
By 2018, the data received by LandSAT8 shows that the deforestation process is already 3 years ahead of its
forecast. This is represented in Figure 11.
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