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ABSTRACT:

Urban forests are crucial for the population well-being and improvement of the quality of life. For example, they contribute to the
rain damping and to the improvement of the local climate. Therefore a correct and accurate mapping of this resource is fundamental
for its correct management. We investigated a method that combines machine learning and SLIC superpixel techniques using
different Superpixels (k) number to map trees in the metropolitan region of the municipality of Campo Grande-MS, Brazil with
aerial orthoimages with GSD (Ground Sample Distance) of 10 cm. The combination of superpixels and machine learning algorithms
were checked out with a set of weka classifiers and achieved good results i.e. F-1 %98.2, MCC %88.4 and Accuracy of % 96.8,
supporting that this method is efficient when used for urban trees mapping.

1. INTRODUCTION

Urban forests, provide a variety of ecosystem services to city-
dwellers, such as air purification and humidification, good
environment for recreation, better drainage and many others
(Gómez-Baggethun, Barton, 2013, Davies et al., 2011, Baró et
al., 2014). In towns and cities, the abundance and diversity
of trees perform a significant role in determining the struc-
ture and composition of fauna and flora(Evans, 2013, Stagoll
et al., 2012). For the good preservation and maintenance of
this important environment, urban and regional planners require
the nearly continuous acquisition of data to formulate govern-
mental policies and programs, this needed data acquisition and
evaluation happens because of the dynamic characteristic of the
urban environment (Seto et al., 2012, Gaston, 2000). With this
goal, an extensive and continuous data acquisition of the en-
vironment necessary, and with nowadays computational capa-
city and data acquisition tools, this task is made possible, with
the historycally comproved capacity of discerning land cover
types (Nichol, Lee, 2005, Small, 2001, Zhang et al., 2010), re-
mote sensing has been widely used for vegetation mapping in
diverse environments. Methods for monitoring vegetation in
urban areas using satellite and aerial imagery are a hot topic
in remote sensing for a considerable time (Nichol, Lee, 2005,
Small, 2001, Zhang et al., 2010, Tigges et al., 2013, Li, Shao,
2013, Fassnacht et al., 2016, dos Santos Ferreira et al., 2017,
Georganos et al., 2018, Yan et al., 2018, Zhou et al., 2019, Luo
et al., 2019, Tigges et al., 2013, Li, Shao, 2013).

Following this line, the objective of this paper is to investigate
the use of machine learning (ML) methods to perform the map-
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ping of tree canopies in a dense urban environment. For this
task, we used the Pynovisão software (dos Santos Ferreira et al.,
2017), which uses the simple linear iterative clustering (SLIC)
superpixel technique (Achanta et al., 2012) associated to ML
methods. In our study case, high resolution aerial orthoimages
obtained in a dense urban environment were used. Finally, we
performed the classification using a set of classifiers, that his-
torically provide good results for image classification task, such
as: SVM (Platt, others, 1999); Random forest (Ho, 1995) and;
IBK (Aha et al., 1991).

2. METHODS

2.1 Image Acquisition

The dataset used in this study includes aerial orthophotos ob-
tained from Campo Grande municipality, Mato Grosso do Sul,
Brazil, located in the geographic coordinates Latitude: 20 ◦ 26
’37’ ’South, Longitude: 54 ◦ 38’ 52 ” West. A total 1323 or-
thophotos composes the complete dataset. For this study, we
used only one ortophoto. Each orthophoto has a range of 561.9
by 594.6 meters, so 33410,74 m2. The GSD (Ground Sample
Distance) of the image is 10 cm. The total number of pixels
per image is equal to 334105740. The orhophotos are from
2013 and were made available by the municipal government of
Campo Grande . The map of the studied area can be seen in
Figure 1.

2.2 Software

In this study we used only 3 softwares, Quantum GIS
(Qgis)(QGIS Development Team, 2019), for the manual seg-
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Figure 1. In the world map, we have to detach Brazil, in green,
the state of Mato Grosso do Sul in dark yellow the province of
Campo Grande and in red the metropolitan region of Campo

Grande, where the image was obtained

metation. Pynovisão (dos Santos Ferreira et al., 2017), for the
atributes extraction, Superpixels segmentation and classifica-
tion. Api Rasterio (rasterio.readthedocs.io/en/stable), for the
association between the manual image notation and the seg-
mentation provided by Pynovisão.

2.3 Manual image annotation

The orthophoto was uploaded in QGIS software to manually
annotate the tree canopies. After that, the archive was uploaded
to the api rasterio to transform the file into a mask image. Thus,
allowing the use of the mask in Pynovisão software to perform
the selection of superpixels class.

2.4 Segmentation process and feature extraction

For the task of mapping the vegetation of urban areas, we adopt
the robust segmentation algorithm: simple linear iterative clus-
tering (SLIC), with different numbers of superpixels (k) config-
urations, to create the superpixels. The Pynovisão software is
used in the majority of the process performed in this work, in-
cluding the segmentation, feature extraction and classification.

In the process of segmentation, using the Pynovisão interface,
we are able to search for the best parameters k, which is the
number of superpixels. To choose the k values that best fit
our task, we considered values equal to 3000, 6000 and 9000.
Then, based on the mask, these k segments are divided into two
classes background and Tree. For compactness and sigma, we
considered the values of 10 and 5, respectively. We reach this
number because they make a good representation of the image
characteristics and have a multiplier factor between then, mak-
ing the process a little more intuitive.

In the aerial image, the area of the orthophoto representing
background was much bigger than the tree canopies area res-
ulting in unbalanced dataset. Because of this difference, we
performed an under-sampling (US) process to equalize the k
number of Tree and Background. In this work, we used 3000,
6000, and 9000 (unbalanced) and also applied this configura-
tion to under-sampled (UD.) (balanced) datasets.

The Pynovisão software performed the extraction of attributes
with the extractors presented in Table 2.

Table 1. Extractors implemented in Pynovisão

Extractor Citation
Color Statistics (Swain, Ballard, 1991)
Gray-Level Co-
Ocurrence

(Soh, Tsatsoulis, 1999)

Histogram of Oriented
Gradients

(VAN KLAVEREN et al.,
1999)

Hu Image Moments (Ming-Kuei Hu, 1962)
Image Moments
(Raw/Central)

(Ming-Kuei Hu, 1962)

Local Binary Patterns (VAN KLAVEREN et al.,
1999)

Gabor Filter Bank and (Feichtinger, Zimmermann,
1998)

K-Curvature Angles (Abu Bakar et al., 2015)

Table 2. Dataset used with classes Background and Tree

Superpixels
Configura-
tion (k)

Background seg-
ments

Tree segments

3000 2202 224
6000 4542 506
9000 6967 820
3000 US. 224 224
6000 US. 506 506
9000 US. 820 820

Together, these extractors add up to 405 attributes for each su-
perpixel in the dataset. Then, we performed an under-sampling
method in order to balance the k of background and tree classes.
In this way, both classes will have the same k number.

2.5 Classifiers

In order to verify the quality of the segmentation processes, a
set of Weka classifiers (Hall et al., 2009) was used to classify
the superpixels. For this task we used the classifiers Support
Vector Machine (SVM)(Keerthi et al., 2001), K-nearest neigh-
bours classifier (IBK)(Aha et al., 1991) and Random Forest
(RF)(Breiman, 2001) with a 10-fold Cross-Validation. For the
evaluation, we used the following metrics: F-measure (F1),
Matthews correlation coefficient (MCC), and accuracy. They
allow a more detailed analysis of the results presented in the
Confusion matrix. These will be called derivations matrix.

2.6 Hardware

The operating system used to process the images and segmenta-
tion was a Linux Ubuntu 18 and the hardware used for the SLIC
segmentation, and the process of training the classifiers (IBK,
SVM and Random Forest) had a configuration of motherboard
Ryzen 7 (1800x); 16GB Ram; 240 GB SSD;Titan Xp (12GB)
video card.

3. RESULTS

The original image used in the paper can be seen in Figure 2,
we can also see the mask created using Rasterio and the QGIS
tool. The effect in the image of the superpixels segmentation
with SLIC with different k values can be seen in Figure 3. In
this image, the k values used are 3000, 6000, and 9000.

In the confusion matrix presented in Figure 4, we can see the
performance of the three algorithms and 6 configurations. At
the end of the process, we observe that the classifiers with the
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(a)Original Image (b)Mask Image

Figure 2. Original image(a) and Mask Image created using Qgis
and Rasterio(b)

Figure 3. Original image with a detach for a particular region.
The impact of different values for k can be verified in the

amplified images.Superpixels are in yellow

best results for accuracy were the unbalanced ones, with a res-
ult. The SVM achieved a rating of 96.8% for the 3000 un-
balanced dataset, and the worst result was 83.3% for IBK the
6000 balanced dataset. The complete result of the classification
showed in the form of a confusion matrix can be seen in Figure
4 and Figure 5.

The better results are in the unbalanced dataset with a 3000 su-
perpixels and balanced with 6000 superpixels. This result is
better to understand confusion matrix because it is possible to
understand where the learning algorithms have many mistakes.
In Figures 4 and 5 is possible to see the best results of the un-
balanced and balanced experiment. In this case, both learning
algorithms have the best results using an SVM.

When comparing the two classes background and tree with the
metric f-measure, precision and Recall, we created the table 6,
which presents the performance by class, where we can see in

BK Tree BK Tree BK Tree

BK 2174 28 2065 137 2181 21

Tree 50 174 59 165 90 134

BK 201 23 160 64 197 27

Tree 11 213 11 213 12 212

BK 4466 76 4251 291 4495 47

Tree 99 407 125 381 169 337

BK 469 37 398 108 460 46

Tree 22 484 19 487 23 483

BK 6856 111 6504 463 6908 59

Tree 159 661 166 654 260 560

BK 752 68 610 210 748 72

Tree 37 783 31 789 43 777

PREDICTED

REAL

3000

3000_UD

6000

6000_UD

9000

9000_UD

SMO IBK RF

Figure 4. The confusion matrix generated by the classifiers with
the different k configurations and balance. The colors illustrate

the results of the classification process with blue being the
highest results and red the lowest. The colors are separated by

the k number.

0,982 0,955 0,975 3000

0,922 0,810 0,910 3000_UD

0,981 0,953 0,977 6000

0,941 0,862 0,930 6000_UD

0,981 0,954 0,977 9000

0,935 0,835 0,929 9000_UD

SMO IBK RF

0,801 0,591 0,697 3000

0,849 0,685 0,828 3000_UD

0,804 0,609 0,743 6000

0,884 0,761 0,865 6000_UD

0,812 0,640 0,765 9000

0,873 0,724 0,860 9000_UD

SMO IBK RF

0,968 0,919 0,954 3000

0,924 0,833 0,913 3000_UD

0,965 0,918 0,957 6000

0,942 0,875 0,932 6000_UD

0,965 0,919 0,959 9000

0,936 0,853 0,930 9000_UD

SMO IBK RF

K Number 

and 

balance

CLASSIFIERS

F1

MCC

K Number 

and 

balance

K Number 

and 

balance

ACCURACY

CLASSIFIERS

CLASSIFIERS

Figure 5. This figure shows the results of the derivations of the
confusion matrix generated in this paper. F1 is the harmonic
mean of precision and sensitivity. The Matthews correlation

coefficient (MCC) is used in machine learning as a measure of
the quality of binary (two-class) classifications, and the accuracy

refers to closeness of the measurements to a specific value

the F-measure results that the background in general had greater
relevance than the tree class.

In order to evaluate the best technique, we can observe in Figure
6, the second step of classifier performance comparison using
F-measure, precision and Recall metrics to show the difference
between the techniques and to scrutinize better the results we
present also the, usefulness (precision) and completeness (re-
call) of the results. Observing the results, we pointed to SVM
as the best result with the unbalanced group and the balanced
group. We have the three models using the unbalanced SVM
(SVM (3000K), SVM (6000K) and SVM (6000k)) at the top,
side by side, we have three more models with under-sampling
(SVM US (3000K), SVM US (6000K) and SVM US (6000k)).
However, of these models, the best-unbalanced result was SVM
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(3000k) and SVM US (6000k) for the balanced.

Figure 6. Comparison of Precision, Recall and F-measure by
number of Superpixels, Balanced and class.

4. CONCLUSIONS

In this paper, we explored the combination os SLIC superpixel
and machine learning methods to segment trees in high resolu-
tion aerial imagery. The experiments showed that better results
were achieved using SVM classifier with 3000 superpixels and
unbalanced dataset. The mistakes to classify background is low
because the learning algorithms are specialized in its recogni-
tion. Also, a reason that the balanced datasets performed worse
than the unbalanced ones is that the under-sampling technique
excludes relevant data and valuable information from the ori-
ginal dataset. One of our hypothesis for this is that the back-
ground is much more diverse in colors and shapes than the tree
canopies. Consequently, more background superpixels are ne-
cessary in Pynovisão software.
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