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Abstract— The study of spatial changes is crucial in the field of
remote sensing. To determine which areas undergo changes each
year, we use change detection techniques to identify them changes
over different periods. However, a limitation we faced with the data
from Thailand was the lack of labeled data for change detection. To
address this, we utilized segmentation data provided by experts who
created new labels for change detection. Despite this effort, several
issues arose during testing. This report details those challenges and
the outcomes of our study
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1.INTRODUCTION

Change detection and segmentation are crucial in the field
of remote sensing. There has been significant research on
segmentation [1,2,3,4,5,6] and change detection [7,8,9,10,11,12] in
remote sensing. We aim to develop an Artificial Intelligence (AI)
application that can assist experts in court by assessing forest
encroachment cases. In such cases, geography experts typically
demonstrate to the court the types of areas surveyed and the changes
from previous years.Our initial goal for the application is to identify
the area type and detect changes from the previous year. To achieve
this, experts have classified the same area each year, generating
segmentation data. This research experiments with using
segmentation labels to create change detection labels, saving time in
label creation for change detection. We investigate the feasibility
and suitability of this approach.If successful, this method allows us
to use a single segmentation label for both segmentation and change
detection, significantly reducing the time needed for labeling. This
study aims to produce a change detection model from the analyzed
dataset, potentially streamlining future label creation processes

The study focuses on the Sai Yok District in Kanchanaburi Province,
Thailand, which is an area of interest for the DSI in their forest
encroachment cases

2. LITERATURE REVIEW
2.1. Image Segmentation

Segmentation refers to the classification of areas of interest into
distinct regions, each represented by different colors. Numerous
research studies have been conducted on segmentation [1,2,3,4,5,6].
Image segmentation divides an original image into regions with
different colors, each indicating a specific type of area, such as
buildings, rivers, forests, or agricultural land. For instance, Figure 1
illustrates an example of image segmentation applied to a satellite
image of Sai Yok District, Kanchanaburi Province, Thailand. The
image segmentation classifies the area into different colors, each
representing a different type of land cover

(A) The Original Image (B) Segmentation Image

Figure 1 shows a satellite image of an area in Thailand, with the
original image in (A) and the segmented image in (B)

2.2. Change detection

Change detection is a method in the field of neural networks that
identifies differences in a specific area over different periods. The
area in question must have the same coordinates but be observed at
different times. There have been numerous studies on change
detection [7,8,9,10,11,12]. The principle of change detection
involves identifying pixels in images that exhibit changes between
different time periods, distinguishing them from pixels that remain
unchanged over both periods. An example of change detection is
shown in Figure 2. The method highlighted is the ChangeStar method
from the study [ 12], which tests change detection in Sai Yok District,
Kanchanaburi Province, Thailand. The results produce a Gaussian
noise map [13], indicating which pixels have differences.

Change Probability
Method :ChangeStar (1x96) Backbone: R18
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Fsd2igure 2: An example image using the ChangeStar method for
change detection, where tl represents data from 1994 and t2
represents data from 1999.

2.3 ChangeStar

In the research by Zhuo Zheng [12], the ChangeStar method for
change detection is proposed. This method involves generating
synthetic data using a Generator to create a Gaussian noise map [13],
which indicates the coordinates where changes have occurred in
satellite imagery. Specifically, it identifies areas where structures
have been demolished compared to past imagery. This method
focuses on detecting changes in buildings over different time periods.
An example of the ChangeStar method is shown in Figure 3 [12].
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Figure 3: An example of the ChangeStar method [12], which can

indicate where differences occur between two time periods, from t+1
to t+n

2.4 IMAGE SYNTHESIS

IMAGE SYNTHESIS [13] involves generating synthetic data
using a Generator. The Generator creates pixels from noise, and the
Discriminator adjusts the noise to match the labels of the real data as
closely as possible
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From equation (1) states that G(X), the Generator, generates pixels
from noise. D(X), the Discriminator, adjusts images predicted by the
Generator to match the real images according to the specified label
as accurately as possible. This equation shows that (Z, T), which
represents noise generated by the Generator, is adjusted by the
Discriminator to match the true label as closely as possible.

2.5 Model Evaluation

After training a model, it is essential to test and evaluate its
performance before deploying it for real-world use. This evaluation
assesses the accuracy and precision of the model. Typically, this
involves using a testing dataset. Subsequently, the results are used to
construct a Confusion Matrix [14], which comprises four categories
[15], as shown in Figure 5. Here are the meanings of the variables

- True Positive (TP): When the model predicts an event as positive
(true) and it actually occurs (true).

- True Negative (TN): When the model predicts an event as negative
(false) and it indeed does not occur (false).

-False Positive (FP): When the model predicts an event as positive
(true) but it does not occur (false) in reality.

-False Negative (FN): When the model predicts an event as negative
(false) but it actually occurs (true).
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Figure 4: Confusion Matrix [15]
In this research, values derived from the Confusion Matrix are used
to evaluate the model's performance with 4 metrics
- Accuracy measures the overall correctness of the model by
considering all outcomes, calculated using equation (2)

TP+TN

Accuracy = ————
Y = TPeTN+FN+FP

, (@)
-Precision It is a measure of model accuracy, evaluating results
individually. This can be calculated using equation number (3)

TP
TP+FP ’

Precision =

)

-Recall evaluates the model's ability to correctly predict positives
relative to all actual positives (4)

TP
Recall = ——
TP+FN

, “

-F1-Score is the harmonic mean of Precision and Recall, providing
a single metric to measure the model's capability, calculated using
equation (5)

2 x Precision x Recall
F1 —Score = ———————

)

Precision +Recall

2.6 Introduction of XOR Operation

XOR is a binary mathematical operation primarily used in logical
operations, denoted as " @ ". An example equation is (6)

a®b=(—aAnb)v(-baa), (6)

THIS OPERATION YIELDS 1 WHEN VALUES AAA AND BBB DIFFER, AND 0
WHEN THEY ARE IDENTICAL. XOR OPERATIONS ARE WIDELY APPLIED
IN FIELDS SUCH AS IMAGE PROCESSING [16].

3.METHODOLOGY
3.1. Data preparation

In this step, the selected study areas are determined based on the
scope of the study. This study focuses on five specific areas: forests,
agricultural areas, built-up areas, and rivers. The designated study
area is the Sai Yok District, Kanchanaburi Province, Thailand. The
dataset consists of five sets of images taken at the same location but
during different time periods, as detailed in Table 1.

Table 1: All data to be used

image remote sensing
year scale
name
01-Saiyok Ortho wws 1953 1:4000
02-Saiyok Ortho vap 1967 1:4000
03-Saiyok Ortho dol 1994 1:4000
04-Saiyok Ortho nima 1999 1:4000

3.2. Data label

Labeling the data involves selecting previously gathered data and
dividing them into classes for study. For instance, in Figure 5, the
data is categorized into 4 classes: built-up areas, forests, agricultural
areas, rivers, and others. This data is suitable for segmentation tasks,
but we will investigate its applicability for change detection purposes

Figure 5: spciﬁes the labels for the surveyed reas

3.3. Data Segmentation for Change Detection
In this process, we convert data from image segmentation into data
usable for change detection. Initially, we divide the data into 4 sets,
each with only 2 classes:

e Built-up areas and others

e  Agricultural areas and others

e  Forest areas and others



o River areas and others
"Others" refer to areas that are not specifically classified into any of
the designated classes. An example dataset is illustrated in Figure 6.
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Figure 6: Division of Image Segmentation Data into Sets

Once we separate the Image Segmentation data into individual
sets, we obtain new Image Segmentation data that consists solely of
black and white colors. This can be likened to binary data where
black represents 0 and white represents 1 . With this Image
Segmentation data, we can perform Change Detection by Exclusive
OR (XOR) of the data from different time periods, as illustrated in
Figure 7.

Figure 7: Creating Change Detection using Image Segmentation
by Exclusive OR (XOR) of Image Segmentation from Two Time
Periods.

3.4 Pre train and test model

After obtaining the Change Detection data sets, we proceeded to
create datasets for training and testing the model. Each dataset
included original images from both old and new time periods, along
with labeled images indicating the differences between the two time
periods. Each dataset was sized at 2000x2000 pixels, containing
between 8000 to 10000 images. For example, Figure 8 illustrates the
data format. In this research, we focused only on the class of built-up
areas for testing, using the ChangeStar model. ChangeStar is a recent
model known for its speed, accuracy, and suitability for detecting
built-up areas, which has been studied extensively due to the lack of
effective Change Detection models for other areas. In training the
model, we utilized the S2Looking and LEVIR-CD datasets for
experimentation, while different datasets were employed for testing,
ensuring a clear separation between the training and testing data. In
instances where certain datasets could not be used for training,
alternative approaches were considered
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Figure 8: Example Data for Training and Testing the Model
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4.RESULTS OF TRAINING AND TESTING

From the training data, it was found that the model could not
be trained effectively. This was since the surveyed area
showed a change of only 4.27% in built-up areas. As a result,
the model could not learn from the data. Upon further
investigation, it was identified that there were significant
issues with the Change Detection data derived from Image
Segmentation. One major issue was the inconsistency in
labeling between the two time periods. The individuals
performing the labeling did not frame the labels in the Image
Segmentation uniformly. When XOR-ed, this led to
substantial errors in the data. As illustrated in Figure 9, white
areas labeled as unchanged in both T1 and T2 still showed
discrepancies in the labels, indicating changes. This
inconsistency arises from the inability of the labelers,
whether different individuals or the same person, to ensure
uniform labeling sizes in segmentation. This contributed to a
significant error in this experimental setup.

T T2 Label Change

Figure 9: Example of Errors in the Dataset

When the ChangeStar model could not be trained with this dataset,
we used models trained on data from S2Looking [17] and LEVIR-
CD [18] to train the ChangeStar model and test it with this dataset
from the survey in Thailand. The S2Looking and LEVIR-CD
datasets are like our study dataset as they also use satellite images
for detecting built-up areas. The study areas for these datasets are in
the United States. The test results are shown in Table 2 and Table 3.

Table 2: Test Results of the ChangeStar Model Trained on the
LEVIR-CD Dataset

dataset test Precision Recall Accuracy | F1 Score
LEVIR-CD 0.49 0.864 0.46 0.63
LTP-NIMA 0.02 0.026 0.91 0.023
VAP-LTP 0.016 0.022 0.89 0.019
WWS-LTP 0.016 0.024 0.9 0.019
VAP-NIMA 0.018 0.027 0.88 0.022
WWS-NIMA 0.01 0.02 0.87 0.014




Table 3: Test Results of the ChangeStar Model Trained on the
S2Looking Dataset

dataset test Precision Recall Accuracy | F1 Score
S2Looking 0.66 0.412 0.342 0.51
LTP-NIMA 0.025 0.007 0.95 0.011
VAP-LTP 0.0057 0.0023 0.94 0.0032
WWS-LTP 0.006 0.003 0.94 0.0035
VAP-NIMA 0.05 0.04 0.91 0.044
WWS-NIMA 0.02 0.017 0.92 0.018

As shown in the experimental table, the precision and recall values
are significantly lower compared to the datasets used to train the
model, such as S2Looking and LEVIR-CD. This is due to the errors
in the data, as previously mentioned. The errors from creating data
through Image Segmentation are substantial, as illustrated in Figure
10

Figure 10: Exampl of Errors from the Entire Research Area of the
LTP-NIMA Dataset

As shown in the image, there are numerous errors in the labels.
However, since the data has minimal changes, the accuracy appears
better than expected. Nonetheless, the errors in the data result in very
low precision, recall, and Fl-score values. An example of the
model's test results compared to the labels for the entire study area
of the LTP-NIMA dataset is illustrated in Figure 11. The model
successfully detects changes between the two time periods, but it
fails to detect some areas due to errors in the data

01-Saiyok_Ortho_ltp

. o
- h #,

Figure 11: Results from the ChangeStar Model Compared to the
Labels Used

5.CONCLUSION

Based on the experiments conducted, it was found that the
study area in Amphoe Sai Yok, Kanchanaburi Province, Thailand,
exhibited minimal land cover change, with the maximum percentage
of change detected being only 4.27%. This indicated that the area
may not be suitable for developing a dedicated change detection
model using the ChangeStar model alone. To improve the
effectiveness of such models, data augmentation techniques [19]
would be essential to augment the dataset with additional suitable
data. Moreover, the challenges encountered during the creation of
data for change detection from image segmentation data further
highlighted a great deal of difficulties. These challenges primarily
stemmed from discrepancies in labeling within the image
segmentation data due to varying label sizes. For future work in
change detection, it is recommended to directly label the data for

change detection rather than relying solely on image segmentation
data. This approach would mitigate errors within the data and
facilitate the challenging task of data cleansing

6.FUTURE WORK

In future work, there are several tasks that will be undertaken,
such as data augmentation [19] to generate additional data for
creating change detection models using data from the studied
area. Another task involves developing models for land
segmentation based on the studied area to enable the
development of Al applications that can be used for legal
considerations in court proceedings in the future
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