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ARTICLE INFO ABSTRACT

This work aimed to develop an agorithm based on Convolutiona Neural Networks and to
compare it to a GIS plugin for automatic classification of sugarcane planting areas in medium
spatial resolution images from Remote Sensing (RS) at municipality of Coruripe/AL, Brazil. We
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INTRODUCTION

Sugarcane has important function and impact in world
economy, due to factors like the adoption of precision
agriculture practices, planning and grinding schedules, in
addition to the use of Geographic Information Systems (GIS),
algorithms and geotechnologies to productivity increase
(RAHMAN, 2010; JAMIL, AHMED; SAJJAD, 2018;
YAWSON; ADU; OSEI, 2018). Medium spatial resolution
satellite images, as Landsat, are efficient tools for crops
managing and monitoring, cause alows to obtain data in
anywhere, from large to small areas (BENEDETTI, et al.,
2018; CUE, et a., 2017; MAURO et a., 2017; SHENDRYK
et a., 2019). In addition, they have been very useful for
generating information on agricultural areas, for monitoring
and preventing climate change (USEY A; SHENGBO, 2019).

Random Forest Classifier algorithm has been applied to
supervised classification of Landsat satellite images, which can
be defined as a set of classifiers based on a decision tree,
where each classifier assigns a weight to a class relative to the
input vector. (BIRDI & KALE, 2018; NATTESHAN &
KUMAR, 2019; BHOSLE & MUSANDE, 2019; YUAN et a.,
2020; KUSSUL et a., 2017) Besides, this algorithm has
shown high precision and robustness, as theoretically, a set of
classifiers performs the classification more efficiently
compared to an individual classifier (GALIANO et al., 2012;
CASTRO et a., 2017). Comparing with other classification
techniques, Kamilaris and Prenafeta-Bold(, (2018) obtained
high precision results by using neural network in agricultural
management.
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It was necessary an organized database hailing from remote
sensing images in a hierarchical manner, and respected the
steps sequence: selection of raw data, training, validation and

classification (YALOVEHA, HLAVCHEVA,;
PODOROZHNIAK, 2019; GIRSHICK et a. 2016;

LAKSHMI & NARESH, 2018; SHOBANA; SUGUNA &
YAMUNATHANGAM, 2018). The neural network training
requires a great data organization cause its applications include
the construction of complex empirical relationships to recover
variables from agricultural crops and model emulators. Despite
being a technique for accurate data classification, the neural
network is limited by its database, which must have great
spatial and tempora variability (WEISSA; JACOBB;
DUVEILLERC, 2020; ZHANG, Q. et a., 2018; SUN et 4.,
2019; BHOSLE & MUSANDE, 2020). Thus, the work aimed
to develop and use agorithms from Convolutional Neural
Network and GIS to classify and quantify sugarcane plantation
areas using Landsat satellite images of Coruripe/AL
municipality.

STUDY AREA AND MATERIALS

Coruripe is a municipality located on the north coast of
Alagoas state, 91 km away from Macei6, state's capital,
between the geographical coordinates 10° 08' 01" S and 36°
10" 34" W. Its altitude varies from 50 to 60m in a territorial
area of 897,780 km?, has a population of 52,130 inhabitants
and demographic density of 56.77 inhabitants per km? (IBGE,
2019). The study area map, was obtained by cutting out the
RGB composition with bands 6-5-4 Landsat 8, from the
sugarcane planting shapefile (Figure 1).
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Figure 1. Study area map

The work database was composed of two Landsat satellite
images, a Landsat 5 image (sensor Thematic Mapper - TM) of
1986, and a Landsat 8 (sensor Operational Land Imager - OLI)
of 2018. Both images were taken in May, with a maximum
clouds coverage of 10%, referring to orbit 214, point 67, and
were freely downloaded from the National Institute for Space
Research (INPE) site. The database also presented shapefile
information (.SHP) about municipality of Coruripe / AL limit
downloaded from Brazilian Ingtitute of Geography and
Statistics (IBGE) site and the sugarcane fields limits obtained
from Usina Coruripe. Qgis software was used to carry out
images digital pre-processing including geometric correction
and clipping from the vector files into municipality of

Coruripe/AL limit, and then, into sugarcane fields limit of
2018. These cutouts were essential for separate the results
obtained by the algorithms for identifying and mapping the
Sugarcane and Not Sugarcane areas. Python software and the
libraries OpenCV, for computer vision, Keras, for machine
learning, and Tensorflow, for the development of neura
networks, were used to create an algorithm for image training
and classification.

METHODOLOGY

All the methodological steps, contemplating the data
processing, algorithm development and results analyses, are
presented on the flowchart (Figure 2). Image samples were
obtained from Jequié da Praiag/AL city, neighboring the study
area, using dicing process set at a proportion of 5x5 pixels for
each sample, which is equivalent to a territorial area of 22.5
km2. The samples were manually selected and separated in
Sugarcane and Not Sugarcane class, with a proportion of 70%
of the total samples for training and 30% to validate the
classification algorithm. Then, three training sessions of the
neural network algorithm were carried out, the first one using
only samples from 1986, the second using only samples from
2018 and the third mixing samples from 1986 and 2018. From
these sessions, were aso generated three models used to
classify areas as Sugarcane and Not Sugarcane and map them
based on the images of 1986 and 2018. The classification by
Random Forest Classifier algorithm used Dzetsaka a QGIS
plugin for image classification. Thus, was created a point-type
shapefile containing in its attributes table “ID” and “class”
columns of the sample. Then, the image of 2018 was classified
considering Sugarcane and Not Sugarcane classes. Were
collected 50 samples of each class to compose mask |ayer.
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Study arsa clipping
mages {CururipedAL)
= preprocessing

Pt abiase (0G1S)

DA Diala — GRnelRrEncen
acquisiticn |-

Supmane
or Legining
amd validdalivn

and Mal

4‘ Classification

_

algorithm
[Pythan)

Training and
validation

ALGORITHM

ANALYSIS Results analysis

Source: Authors, 2019.

Figure 2. Flowchart of the methodology
RESULTS

After completing Neural Network and Random Forest
algorithms training, some parameters were calculated and
served to assess the quality of the classifiers, among which,
Accuracy that represents precision and accuracy, that is, how
closer to 1 or 100% more accurate was the training. In
addition, Kappa index was also calculated and then used as a
measure of agreement between real and predicted classes,
adopted to estimate the accuracy. Table 4 presents the
accuracy and Kappa index for the two classifiers, the closer to
1 the better the index. Other important information to validate
the classifiers is the Confusion Matrix, which represents the
ability of the algorithm to differentiate the classes Sugarcane
and Not Sugarcane. Tables 1 and 2 show the confusion matrix
of Neural Network training, and table 3 of Random Forest
training.
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Table 1. Confusion Matrix of Neural Network training (2018)

PREDICTED
CLASS NOT
SUGARCANE SUGARCANE
SUGARCANE 4025 104
REAL
NOT 9 251
SUGARCANE

Source: Authors, 2020

Table 2. Confusion Matrix of Neural Network
training (1986 + 2018)

PREDICTED
CLASS NOT
SUGARCANE SUGARCANE
SUGARCANE 2621 4
REAL
NOT 26 873
SUGARCANE

Source: Authors, 2020

Table 3. Confusion Matrix of Random Forest (2018)

PREDICTED
CLASS NOT
SUGARCANE SUGARCANE
SUGARCANE 53 0
REAL
NOT 2 52
SUGARCANE

Source: Authors, 2020

Table4. Accuracy of Neural Network training (2018; 2018+1986)
and Random Forest training (2018)

Accuracy
2018 1986 + 2018 RF
95,64% 99,15% 99,8
KAPPA Index
0,9998 0,9996 0,9818

Source: Authors, 2020.

Analyzing the tables, it is noted that the main diagonal of the
tables presents samples correctly classified during both
algorithms training. Then, trained Neural Network algorithm
was used to classify the images of study area (Coruripe/AL) as
SUGARCANE, green color features, and NOT SUGARCNE,
red color features. Figure 3 shows theresulting image after
classification by using the model agorithm trained with
samples extracted from Landsat image obtained in 2018, while
figure 4 shows the resulting image after classification by using
the model agorithm trained with samples extracted from
Landsat images obtained in 1986 and 2018. Lastly, figure 5
shows resulting image after classification Landsat images
obtained in 2018, by using the Random Forest algorithm.
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Figure 4. Classification, cutting out of 2018 image, using the
model generated with data from 1986 + 2018
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Figure 4. Classification madein cutting out of 2018 image, using
the Random Forest algorithm

A visual analysis alows to observe a great difference in
guantity and location of the features classified as
SUGARCANE and NOT SUGARCANE comparing the
images resulting from the classifications with samples only
from 2018 and with samples from 1986 + 2018. Now, with
respect to the comparison between the images results using
only samples from 2018, the only difference was a greater
smoothing at features boundaries of the resulting image and
classified using the algorithm developed through CNN.
Therefore, the results showed an irrelevant variation in the
areas values (km?) obtained with samples from 2018 only,
based on the CNN (SUGARCANE: 172.65 km? and NOT
SUGARCANE: 71,71 km? and Random Forest
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(SUGARCANE: 172.66 km? and NOT SUGARCANE: 71,70
km?) algorithms (Table 5).
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Figure5. Classification madein cutting out of 2018 image, using
the Random Forest algorithm

Tableb5. Classified ar eas (km?) as Sugar cane and Not Sugar cane
with Neural Network and Random Forest algorithmsfor the
plantation areasin 2018

Class Mapped area (km?)

2018 (NN) 1986 + 2018 (NN) 2018 (RF)
Sugarcane 172,65 155,95 172,66
Not Sugarcane 71,71 88,41 71,70
Tota 244,36 244,36 244,36

NN: Neural Network algorithm; RF: Random Forest algorithm
Source: Authors, 2020

Classification of sugarcane areas
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Figure 6. Correct classification per centages (2018 e 1986 + 2018)

Table 5 presents classification quantitative results obtained by
the Neural Network and Random Forest agorithms, for
sugarcane planting areas at Coruripe/AL, in 2018. The
classification based on the model generated with training using
only samples from 2018 mapped 172.65 km? as Sugarcane and
71.71 kn? as Not Sugarcane class. For classification using the
model trained with the 1986 and 2018 samples, it mapped
155.95 km? of Sugarcane and 88.41 kn? as Not Sugarcane
class. Random Forest algorithm, classified an area of 172.66

km? as Sugarcane and 71.70 km? as Not Sugarcane class.
Figure 6 shows that classification agorithm made above 50%
correct delimitation for Sugarcane class, being 71% of
correctness using the model with samples from 2018, and 64%
using the model with samples from 1986 + 2018.

The difference found in the percentage values was considered
helpful since there is a 32-year great lapse (1986 and 2018)
between the images, besides being obtained by different
versions (5 and 8) of the Landsat satellite.

Conclusion

The Convolutional Neural Network algorithm presented good
accuracy for classification of medium spatial resolution
satellite images. Therefore, its application for multitemporal
data analysis in other regions of Alagoas is very promising
such for medium resolution satellite images as high spatial
resolution aeria images from satellite, old aerid
photogrammetric surveys and aerial photos obtained by Air
Vehicle unmanned (UAV). The 1986 image was not classified,
but the training of the algorithm with its samples presented
great accuracy and can be used when the official mill map
(1986), till on printed paper, is vectorized and georeferenced.

According to hits of values obtained by the agorithm when
classifying and mapping Sugarcane class, it can be said that
there could have been greater accuracy if there were specific
information from the Mill in relation to the planting areas with
freshly harvested, newly planted or in sugarcane stage soil
preparation for planting the 2019/2020 harvest. These three
cases have characteristics of exposed soil and, therefore, had
no samples used to train the algorithm in the identification and
delimitation of the Sugarcane class. The areas values (km?)
may also present better accuracy, with the improvement of the
algorithm in terms of edges smoothing and precision that
delimit the polygons of the Sugarcane class. Comparing the
results obtained using Neural Network and Random Forest, we
concluded that both algorithms presented similar results,
mainly in relation to the value of the area classified as
Sugarcane and Not Sugarcane. In this and in several studies
the Random Forest method performance for classification
proven can be used to validate the classifiers developed using
deep learning techniques. Thus, the developed neural network
algorithm can be a good option for classification of images
from Remote Sensing.
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