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Table 1. Confusion matrix for residual deep network models with 18, 34, and 50 layers for validation data

ResNet18 ResNet34  ResNet50
Palm 327 328 1 329 0
Act No
ual 0 321 1 320 0 321
Palm
Predicted
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Table 2. Accuracy evaluation criteria for residual deep network models with 18, 34 and 50 layers for validation data

Jde b (Precision) 35 lxe (Recall) LG Lae F1 Score jLxe
ResNet18 1 0.994 0.997
ResNet34 0.997 0.997 0.997
ResNet50 1 1 1
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Table 3. Confusion matrix for residual deep network models with 18, 34, and 50 layers for test data

ResNet18 ResNet34  ResNet50
Palm 250 250 0 250 0
Act No
ual 4 246 6 244 10 240
Palm

Predicted

Cod laesls gl Y 00 5 VL AL eliladl Gaas a3 sladde (gl o 35 L350 sl jlas £ 50

Table 4. Accuracy evaluation criteria for residual deep network models with 18, 34 and 50 layers for test data

dke o5 (Precision) 35 Las (Recall) L3k las F1 Score jLxs
ResNet18 0.984 1 0.992
ResNet34 0.976 1 0.988
ResNet50 0.961 1 0.980
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Fig. 7- Example of the result of extracting palm trees based on the residual deep learning models with 18, 34, and 50
layers
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Abstract

Identifying the location of trees is the first step to
managing green spaces, gardens, and forests. The
preparation of the location map of the trees can be done
by ground mapping operations, which require a lot of
money and time, or by using aerial or satellite images.
In this research, satellite images with the high spatial
resolution of Google Earth have been used to detect and
extract palm trees, considering the role and importance
of palm trees in the southern regions of Iran, but
automatic recognition of trees from satellite images is a
challenge. In this regard, deep learning methods are
considered an important solution for extracting objects
from images. In this research, residual deep learning
methods with the number of layers 18, 34, and 50 have
been used. First, more than 3000 image samples were
cut into two classes containing palm trees and without
palm trees with dimensions of 64 x 64 pixels, then the
models were trained with 80% samples for learning and
20% for validation with 30 epochs.
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The training accuracy of the models has been above
99%. The trained model was implemented on 500 test
samples and the evaluation results of all three models
show that the precision is more than 0.96, the recall is
equal to 1, and the F1Score is more than 0.98. Running
the models on Google Earth satellite images by moving
the 64 x 64-pixel window with a step of 16 pixels and
applying the non-maximum suppression method shows
that the satellite images of the Google Earth system can
be used to prepare a map of palm trees. Considering the
processing time and the possibility of better estimating
the number and extracting the position of palm trees, the
residual deep learning model with 34 layers is
suggested.

Statement of the Problem: Spatial data and counting
of palm trees are very important for surveying the
planting area, predicting fruit yield, management, and
intelligent planning of orchards. This requires tools and
technology that provide reliable information with
acceptable accuracy. Using land Surveying methods
using mapping cameras or satellite positioning
receivers, although they have high accuracy, they have
many challenges in addition to time and high cost. In
this regard, using aerial and satellite images can be a
better solution considering time and cost. Studies in the
detection and extraction of trees for forestry and
precision agriculture, such as palm trees, have been
growing in recent decades, especially using remote
sensing. Object recognition models in deep learning,
which are widely used in computer vision, can provide
an opportunity to recognize palm trees, which is
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necessary for rapid data acquisition and reduction of
human operation errors. Automatic detection of trees in
optical images is still a challenge. Rarely, a study has
been done to identify a tree using free and available
internet resources such as Google Earth. To obtain tree
cover information cost-effectively and efficiently, in
this research, deep learning models based on residual
networks are presented to recognize palm trees from
Google Earth images.

Purpose: The main goal of this research is to identify
palm trees from high-resolution satellite images of
Google Earth so that the location, number, and
distribution of trees can be estimated. By achieving
these goals, a lot of data will be obtained to update palm
trees. It also provides a new insight that by using
methods based on deep learning, large-scale information
can be obtained from available satellite images.

Methodology: At first, satellite images with high spatial
resolution were downloaded from Google Earth
software. The downloaded Google Earth image is in the
visible band (RGB) and lacks other bands in the original
Quickbird images. i.e., increases the challenge of tree
detection and extraction due to the impossibility of
using other bands. Learning samples were prepared in
two classes, including pictures containing palm trees
and without palm trees. The training examples are cut
from the original images so that the palm tree is in the
middle of the image. According to the estimation of the
size of palm trees, more than 1600 samples containing
palm trees were extracted for learning with dimensions
of 64 x 64 pixels. Also, more than 1600 image samples
without palm trees were prepared. In the extracted
samples, image quality, color, contrast, or shadow
removal have not changed. Finally, the samples are
labeled in two classes with trees and without trees. 20%
of the selected samples were randomly used for
validation in the model. Finally, the remaining deep
learning networks were trained with 18, 34, and 50
layers and by moving the search window in the image,
the location of the palm trees was calculated with the
confidence factor for each image piece. Non-maximum
suppression method has been used to repeatedly remove
overlapping parts, and a location map of palm trees has
been prepared.

Results and discussion: In this research, residual deep
learning methods with the number of (ResNet18) 18,
(ResNet34) 34, and (ResNet50) 50 layers have been
used to train the model. The model parameters
implemented in this study include the number of
training epochs equal to 30. The training of the
proposed models has been done on the training data
with a personal laptop computer with the eighth
generation Core i7 central processor and 12 GB of

RAM. The processing time took about 1 hour and 20
minutes for the ResNet18 model, about 2 hours and 1
minute for the ResNet34 model, and about 3 hours and
16 minutes for the ResNet50 model. The higher the
number of layers, the deeper the network and the longer
the learning time. The average accuracy of the
validation data of the models is above 99%, which
shows the high accuracy of the models in detecting the
palm tree in the conditions of this research. To evaluate
the model, 500 samples were prepared as test data that
did not participate in the model learning process. The
evaluation of the results on the test data shows that the
accuracy has not necessarily increased with the increase
of model layers. The reliability coefficient of wrongly
diagnosed samples was less than 0.8. To detect and
extract the tree from Google Earth satellite images, the
input satellite image is cut into 64 x 64-pixel pieces with
a step of a quarter of the size of each piece, i.e. 16
pixels. Reducing the step can increase the final
accuracy, but the processing time will not be
economical. Then the images are entered into the
trained models to recognize their class, the models
calculate the type of class with and without palm trees
for each plot with a confidence factor between 0 and 1.
The position of each piece is shown with a rectangular
box on the georeferenced satellite image. Among the
parts that have a lot of overlap, the parts that have a
higher confidence factor are selected by the non-
maximum suppression method, and the rest are
removed. Examining the results on different images
shows that all three models can recognize palm trees
from Google Earth satellite images with a suitable
accuracy of over 90%. However, the 34-layer model is
recommended due to the processing time and higher
accuracy. The 18-layer model is less accurate than the
34-layer model. In general, the 34-layer model shows
better results for counting trees.

Conclusion: In this research, the time required to learn
the model for the 50-layer residual model was almost
three times that of the 18-layer residual model, and for
the 34-layer model, it was almost twice as much as 18
layers. The number of Learning periods for all three
models is 30 epochs. According to the behavior of the
loss function on the training and validation samples, all
three models are well-trained. The value of model
evaluation parameters including precision, recall, and
F1Score for all three models is more than 99%. The
residual neural network model of 50 layers has shown
better results. To evaluate the models with test data,
more than 500 image samples that did not participate in
the learning process were extracted. The results of the
implementation of the proposed neural network models
on the test data show that the remaining 18-layer neural
network model has better results than the 34 and 50-
layer models. The accuracy evaluation criteria for all
three models are more than 96%, which indicates the
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ability of all three models to recognize palm trees from
Google Earth satellite images. To detect and extract the
position of palm trees from satellite images, a window
with dimensions of 64 x 64 pixels has been moved to
the input image. The movement step equal to a quarter
of the window dimensions, i.e., 16 pixels, was
considered to reduce the processing time. By entering
image parts into the proposed models, the belonging of
each part to one of the two input classes has been
obtained by calculating and defining its reliability
coefficient. To detect the palm tree, only pieces with a
confidence factor of 90% were selected. Because the
parts overlap, the non-maximum suppression method
was used to remove duplicate parts with the possibility
of covering 25% of the parts. The results show that all
three models can count and determine the position of
palm trees with an accuracy of over 90%. In the residual

neural network model of 18 layers, more trees are not
detected than in the 34 and 50-layer models. Because
the 50-layer model is more sensitive, the final parts have
more overlap, and as a result, the number of trees will
be more than in the 18-layer model. Considering the
processing time and checking the accuracy of the results
in preparing the position map of palm trees, the
remaining 34-layer deep learning network model is
suggested. If aerial images are used and the number of
training samples is increased, the accuracy of the model
will increase. It is also possible to improve the
performance of the model by integrating multispectral
images.
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