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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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sensors from Sahand city, respectively
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Fig. 5- Proposed convolution neural network architecture
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Table 2. The number of collected samples categorized by classes
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Table 3. Kappa coefficient and overall accuracy of images for each classification method
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Table 4. The number of ground truth samples for binary changes.

o) Candly Glad gel sluas NS Ju
VY S By
Sl Dl s
\VYAO S O

03,50 Cows 4y 308 lne Ll plas Lo ) Slel o SYL
S aab e ol Jf.\;- ool ol s ol
s S35l e @B AoV 10 b sbe

C,.MJ\ a)‘.} 4:\)‘ jw

Sl i e 2 eldy G 6500
Sl FDYV Gl s IAM il IS s L gsleiny

JAM Ll G 5 IVVIYA ol Sl JAVEA



e 2l Dl ks Sl s Ges 6500 Sl LS )

ol &)Lﬂb)l:.i u::}) 4w .E.w}: e.L:»J,pB éﬁb C)b:.::ﬁ L;Uh@ LS’L.’-))‘ b J}b

Table 5. Accuracy evaluation of three methods for generating binary change maps
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Table 6. The number of ground truth samples for from-to changes
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Table 7. Accuracy evaluation of three methods for generating from-to change maps
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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 on the difference between classified images.
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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.

Statement of the Problem: As the population
increases, humans exploit nature to meet their needs,
leading to environmental degradation. Monitoring
changes is essential for the protection of nature. Field
analysis of these changes is challenging and sometimes
impossible, but remote sensing science with multi-
temporal satellite images has enabled monitoring and
improved the speed of monitoring compared to before.
Change detection methods are divided into supervised
and unsupervised categories.

Supervised methods have high accuracy using ground
data. Research has shown that using spectral features
alone is not sufficient and needs to be combined with
spatial features. Spatial features are typically extracted
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through a co-occurrence matrix. Using all features may
decrease accuracy, and feature generation is dependent
on the type and region of the study.

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 (RF) and Artificial Neural Network (ANN)
methods to verify the effectiveness of the proposed
network.

Methodology: Given that the images were obtained
from the Google Earth Engine system, essential
preprocessing steps, such as co-registration, have
already been applied by the system, and there is no need
for such preprocessing in this research. During the pan-
sharpening process using the Gram-Schmidt method,
the spatial resolution of the 8 spectral bands is improved
from 30 meters to 15 meters. Ground truth data is
collected separately from the images. Considering the
post-classification approach adopted in this research, the
images are fed into the proposed network in two
separate branches, and classification is based on the
extraction of deep spatial features by the layers of the
proposed network. The RF and ANN methods were
used to evaluate the proposed method. By pixel-by-pixel
comparison of the classified maps, change maps were
obtained in two general forms: binary change maps and
nature of change maps of the area.

Results and discussion: The architecture of the
proposed network, with filter counts of 128-64-32,
batch normalization layers, and 128 neurons in the fully
connected layer, has achieved the highest overall
accuracy (OA) and Kappa Coefficient (KC) for the
years 2013 and 2021. In comparison with the ANN, the
OA and KC have increased by 8.83% and 24.87% in
2013, and by 2.21% and 5.77% in 2021. When
compared to the RF method, the OA and KC have
increased by 9.92% and 27.79% in 2013, and by 6.48%
and 15.73% in 2021. The RF and ANN methods operate
on a single-pixel basis, ignoring the effect of
neighboring pixels in the classification process, which
reduces classification accuracy. In contrast, the
proposed network considers a window around each
pixel, taking into account the effects of neighboring
pixels in the process of extracting deep spatial-spectral

information and classifying the pixels. As a result, the
impacts of spectral similarity and image fluctuations on
the classification process are reduced. The binary
change map produced by the proposed deep learning
network achieved an OA of 88%, an F1 score of
86.48%, and a recall of 77.28%, attaining the highest
scores across all metrics. The RF ranked second,
providing results 5 to 10 percent better than the ANN in
the three metrics of overall accuracy, F1 score, and
recall. Accuracy evaluation of the nature change maps
showed that the maps obtained from the proposed deep
learning network had accuracy increases of 65.7% and
57.81% compared to the RF and ANN, respectively.
Therefore, the proposed network has demonstrated high
performance in accurately presenting the nature of
changes, whereas the other two methods have been
unsuccessful in doing so. Based on the nature change
map generated by the proposed network, between July
10, 2013, and August 1, 2021, approximately
10,930,275 square meters of land in the area were
identified as unchanged, primarily consisting of soil
elevations. The map analysis revealed that the most
significant change was in barren land areas.
Approximately 554,400 square meters of barren land
were converted to road networks due to the asphalting
of dirt roads and the construction of new roads for the
convenience of citizen transportation, indicating
population growth. About 306,900 square meters of
barren land were converted to vegetation cover, likely
due to the increased need for food resulting from
population growth. Around 254,250 square meters of
barren land were transformed into building blocks,
which can be attributed to population growth and
migration to cities such as Sahand, for housing migrants
over the past eight years.

Conclusion: Relying solely on the spectral information
of images does not yield accurate results. Combining
spatial features with spectral features is an effective
technique for improving classification accuracy. In this
research, a proposed convolutional neural network with
the capability to automatically extract spectral-spatial
features was employed. This network has a high ability
to distinguish features with similar spectral behavior
and has provided higher accuracy compared to ANNs
and RFs. The classification results of images from the
years 2013 and 2021 showed an increase in overall
accuracy and the Kappa coefficient by 7% and 18.5%,
respectively. The binary change maps and the nature of
change maps produced by this network have shown
better accuracy compared to the other two methods. The
nature of change maps indicate growth in the classes of
road networks, vegetation cover, and buildings, which is
logical given the population increase and the change in
land use from barren soil. The unchanged areas mainly
include the barren soil class, which, due to significant
elevation differences, have not been suitable for urban
development and have not undergone land use changes.
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