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Fig. 1- The location of Sahand city within the country's divisions (The image is from Google Earth)
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Fig. 2- The images are from right to left, false color combinations of images taken in 2021 and 2013 Landsat-8 sensors
from Sahand city, respectively
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Fig. 3- Architecture of conventional neural networks
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Fig. 4- Flowchart of proposed method
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Fig. 6 - 3 x 3 convolution performs on two-dimensional the image
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Fig. 9 Classification of pre and post images: the first row represents the results of proposed network with 3 layers, the
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the right column represents the results of 2013 image, and the left column represents the results of 2021 image.
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Table 3. Accuracy evaluation of three methods for generating binary change maps
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Fig. 10- Produced binary change maps; a) Artificial neural networks b) Random forests ¢) Proposed deep learning
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Table 4. Accuracy evaluation of three methods for generating from-to change maps
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Analyzing the Efficiency of the Deep Neural Network in Detecting Urban
Changes Using Bi-temporal Landsat-8 Images.

Abstract

Satellite remote sensing images are widely used to monitor the earth's surface phenomena changes at various
periods. For accurate change detection, spatial features can be used as the complement information of spectral
features. Hand-craft spatial features such as the co-occurrence matrix features are inefficient in detecting the
changes due to the complex structure of satellite images. In the present study, a deep learning-based model is
proposed as the alternative to address the problems of classical change detection methods. deep neural
networks are mainly developed for images and hierarchically extracting spatial-spectral features. In this study,
Landsat-8 images between 2013 and 2021 were used to evaluate the changes in Sahand city using the proposed
deep network. Pre- and post-classified Landsat-8 images are produced using a deep neural network in the first
stage. In the second stage, for producing the change maps, the post-classification approach is used in that
change maps are produced based deference of classified images. Finally, the majority voting technique
eliminates the noises in change maps. The proposed method results are compared with those obtained by two
classical machine learning methods, random forest, and artificial neural networks. According to the change
detection results, the proposed deep learning network improves detection accuracy by 13.88% and 12.80%
compared with artificial neural networks and random forests. Compared to the random forest and artificial
neural networks, the proposed network has improved the overall accuracy of the from-to-change maps by
57.81% and 65.7%, respectively. Final results demonstrate that although Random forest and artificial neural
networks have been able to identify the location of changes, they perform poorly in detecting the from-to
changes.

KeyWOl‘dS: Change detection, deep learning, convolutional neural network, random forest, artificial neural network
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Analyzing the Efficiency of the Deep Neural Network in Detecting Urban
Changes Using Bi-temporal Landsat-8 Images.

Abstract | |

Statement of the Problem: With the increase of the human population, human intervention in nature to meet
their needs has increased. Thus, monitoring change is crucial for conserving nature and better managing human
activities. Multi-temporal remote sensing images provide low-cost but efficient tools to monitor the earth's
surface changes. By using remote sensing change detection techniques, change monitoring has become faster.
Generally, the change detection methods can be divided into two main groups: supervised and unsupervised
methods. Supervised methods that rely on labeled samples commonly have outstanding performance in
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detecting changes, especially in urban areas. According to the literature, spectral features are insufficient to
detect changes with high accuracy. To address this issue, spatial features are also incorporated into change
detection algorithms. Extracted features from gray-level co-occurrence matrices (GLCM features) are the
common spatial features widely used in remote sensing image classification. Although hand-craft features such
as GLCM features can improve classification accuracy, they have limitations. First, they are scene-dependent,
meaning their performance relies on the underlying scene. Second, produced hand-craft features commonly
have a high dimensionality that reduces the performance of statistical classifiers due to the curse of
dimensionality phenomena. As the third issue, the parameter tuning of the classical spatial feature generation
method is scene-dependent, reducing the applicability of these methods. Deep learning methods are proposed
in the literature to address these issues.

Purpose: Post-classification technique is one of the most common ways to obtain a from-to map of changes.
Classified maps must be highly accurate in this approach to achieve high accuracy in identifying changes. By
combining spatial and spectral features, it is possible to improve the accuracy of the classification. Due to the
limitations of previous techniques that use spatial features and spectral information of images, this study
focuses on the automatic extraction of spectral-spatial features from input images with a deep learning method.
The primary purpose of this paper is to automate the production of deep spatial-spectral features and classify
them into desired classes using the convolutional neural network. The output of the classified images obtained
from the proposed network was compared to those obtained from the random forest and artificial neural
network methods to verify the effectiveness of the proposed network.

Methodology: Because the images were obtained from the Google Earth Engine system, the necessary
preprocessing, such as co-registration, has already been performed on the images. Such preprocessing is not
required for this study. The panchromatic band on Landsat-8 has a spatial resolution of 15 meters, and the
other eight spectral bands have a spatial resolution of 30 meters. The Gram-Schmidt method can improve the
spatial resolution of the eight spectral bands to 15 meters. The next step is to collect ground truth data from
pan-sharpened images. The images are entered into two separate branches of the proposed convolution neural
network as part of the proposed post-classification approach of this study, and the classification is done by
considering the images' joint spatial and spectral characteristics. Two classical machine learning approaches,
random forest, and artificial neural network, were used to evaluate the proposed method. The final change
maps are created by pixel-by-pixel comparison of the classified maps. This study investigates two modes of
change: the binary change map and the from-to-change map.

Results and discussion: Classified maps are evaluated using test samples. According to the evaluation results,
the proposed network, consisting of 128-64-32 filters and 128 neurons in the fully connected layer, has the
highest overall accuracy and Kappa coefficient in the classification of 2013 and 2021 images. During those
two years, an average of 92 percent accuracy is achieved. When comparing the proposed network to an
artificial neural network, the overall accuracy and Kappa coefficient increased by 8.83 percent and 24.87
percent in 2013, respectively, by 2.21 percent and 5.77 percent in 2021. Compared to the random forest, the
overall accuracy and Kappa coefficient increased by 9.92 percent and 27.79 percent in 2013, respectively, and
by 6.48 percent and 15.73 percent in 2021. This behavior can be explained as follows: Random forests and
artificial neural networks are based on single pixels. Using this approach, the classification process is carried
out pixel by pixel, ignoring the influence of the neighbor’s pixels. When two pixels are adjacent and have a
high numerical degree difference but are from the same complex, different labels are assigned to the pixels,
resulting in a decreased accuracy in classification. Contrary to this, the proposed deep learning network
considers the effect of adjacent pixels in the process of extracting deep spatial-spectral information and
classifying pixels by taking into account a window around each pixel. Consequently, it reduces effects such as
spectral similarity and fluctuations in images. The binary change map obtained from the proposed deep
learning network has the highest score in all four accuracy criteria, with an overall accuracy of 88 percent, and
F1 coefficient of 86.48 percent, and a recall of 77.28 percent. A random forest comes in second, with an
average accuracy of 5 to 10% based on the three criteria of overall accuracy, F1 coefficient, and recall better
than the artificial neural network. The accuracy evaluation of the from-to-change map obtained from the three
methods revealed that the deep learning network's from-to-change map was 65.7 percent and 57.81 percent
more accurate than those of the random forest and artificial neural networks. As a result, the proposed network
can detect the from-to changes more accurately than the other two methods. From the from-to-change map
produced by the proposed network between July 10, 2013, and August 1, 2021, approximately 10930275
square meters of the area's land were identified as unchanged. In most cases, these lands are located in the
lowlands and highlands of the region, which have remained relatively untouched. It is generally possible to
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observe three types of changes over time based on the from-to-change map. The most significant changes have
occurred in barren lands. There are about 554,400 square meters of barren land that have been turned into a
road. Changes were made in conjunction with the asphalting of dirt roads as well as the construction of a new
communication road. A transformation of barren land into communication routes in line with the city's location
and easier transportation indicates an increase in the number of inhabitants. The second major change occurred
in about 306,900 square meters from barren land to vegetation. Since the southern regions contain gardens and
agricultural lands, it appears that these areas have been revitalized in recent decades as a result of the increasing
population and the growing demand for food. A third major change resulted in the conversion of approximately
254,250 square meters of barren land into building blocks. The population growth in Tabriz will lead to an
increase in migration to cities such as Sahand. Consequently, buildings for the accommodation of immigrants
have been constructed in less than eight years.

Conclusion: As one might expect, using spectral information in images alone will not produce accurate results.
In order to improve the accuracy of classification results with similar spectral behavior, spatial features can be
used in conjunction with spectral features. In contrast to traditional spatial feature generation methods, which
have some limitations, deep convolution neural networks are used in this study to fully explore the spatial and
spectral characteristics of remote sensing images. Change detection maps in the two modes of binary and from-
to are produced based on the post-classification strategy. To conclude, the proposed network has a higher
ability to discriminate the different pixels with similar spectral behavior and, therefore, has higher accuracy
than spectral-based random forest and neural network techniques. Comparing the classification results of 2013
and 2021 to those obtained using the two other methods, the proposed deep learning network showed a 7%
improvement in overall accuracy and an 18.5% improvement in the kappa coefficient. In terms of monitoring
changes in the location of an event, the proposed network provided an average accuracy of 14% greater than
the other two methods. As compared to the maps of the nature of changes obtained by the other two methods,
the map obtained by the proposed network showed an average improvement of 56% in accuracy. According
to the map, the proposed deep learning network resulted in positive growth in communication roads,
vegetation, and building classes, which is logical given that barren land is being converted into corresponding
classes as the population grows. Moreover, most of the areas that have not changed in 8 years are associated
with barren soils. These areas were not suitable for urban development due to their low and high altitudes.
Consequently, government bodies have not paid much attention to changing their use of these areas.

Keywords: Change detection, Image classification, convolutional neural network, Spatial features (texture), Random forest, Artificial neural
network
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