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free satellite imagery, these studies also utilize machine 
learning and deep learning algorithms that are increas-
ingly accessible through free platforms like GEE (Kouassi 
et al., 2024).

The Cellular Automata (CA) model was first developed 
by Stanislaw Ulam in the 1940s while researching crys-
tals, and John Von Neumann in the field of self-replicating 
systems (Von Neumann, 2017). By the 1950s, the CA mod-
el  began  being  used  in  ecological  system  simulations 
Based on LULC fluctuation research results, researchers 
have also made future LULC fluctuation forecasts for peri-
ods from 5 to 10 years, 20 years, and even longer periods 
(Karimi et  al., 2018; Liping et  al., 2018). Recently, Artifi-
cial Neural Network (ANN) has been used by researchers 
in artificial intelligence fields such as image recognition. 
Modeled after biological characteristics, ANN is deployed 
to perform tasks like clustering, classification, and pat-
tern recognition. ANN has demonstrated effectiveness in 
forecasting outputs when compared to statistical models 
in regression-based problems and time series forecasting 
(Astuty & Dimyati, 2024; Lin et  al., 2011). These studies 
use models such as CA and ANN to calculate forecasts 
and also demonstrate the reliability of the forecast re-
sults (Baig et al., 2022; Islam et al., 2018). However, fore-
cast results depend on various influencing factors such 
as terrain, population density, transportation, economic 

1. Introduction 

Gia Lam District is located at the eastern gateway of Hanoi, 
the capital of Vietnam, positioned on the major transpor-
tation axis of the Northern Key Economic Region, connect-
ing Hanoi with the provinces of Hai Phong, Quang Ninh, 
Hai Duong, Hung Yen, and Bac Ninh through an essential 
transportation network. Gia Lam is an area experienc-
ing rapid socio-economic development, accompanied by 
changes in land use within the study area

Studies on Land Use/Land Cover (LULC) changes often 
utilize algorithms such as MLC, KNN, and typically rely on 
analytical tools provided by commercial software, which 
require certain fees and can be challenging to access for 
research projects with limited funding (Musleh & Jaber, 
2021; Swetanisha et al., 2022). Currently, numerous stud-
ies use satellite imagery and machine learning algorithms 
to monitor LULC changes (Phuong et  al., 2024; Hoan & 
Hoan, 2024). These studies have been widely applied 
globally, including in Europe, the Americas, Africa, Ocea-
nia, and Asia (Assede et al., 2023; Li et al., 2019; Marshall 
et al., 2018). The data used in these studies include freely 
available sources, such as Landsat and Sentinel satellite 
images, which have yielded useful results for monitoring 
LULC changes over specific time series in various research 
areas (Karra et  al., 2021; Owojori & Xie, 2005). Besides 
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development. Therefore, each area will have different LULC 
fluctuation rates and extents, especially in rapidly develop-
ing areas like Gia Lam District, Hanoi, Vietnam. The Markov 
chain model for forecasting LULC changes is considered a 
traditional method and has been applied in many published 
studies (Liang et al., 2021). However, the Markov chain model 
only provides temporary dynamics and does not consider 
control data in spatial change prediction (Halmy et al., 2015). 
To overcome this limitation, the CA model represents spatial 
and dynamic processes, where future changes depend on 
the spatial state of neighboring pixels (Rahman et al., 2017). 
The CA model based on ANN in Deep Learning is widely 
applied and has achieved good results in forecasting future 
LULC (Kouassi et al., 2024; Sajan et al., 2022). 

Recent advances have further demonstrated the ro-
bustness of CA-ANN hybrids in rapidly urbanising con-
texts, particularly in Asian and other developing mega-
cities. For instance, (Jain, 2024) applied CA-ANN with 
MOLUSCE in Delhi megacity (India), projecting significant 
Built-up Area expansion at the expense of cultivable land 
and vegetation, with strong validation (OA = 79.78%, Kap-
pa = 0.7725). Similarly, in Lucknow City (India), CA-ANN 
models integrated with Landsat data forecasted Built-up 
Area reaching 29.99% by 2031, accompanied by signifi-
cant Vegetation decline and intensified urban heat island 
effects (Khan & Khan, 2025). In Vietnam, coupled CA-
ANN applications for Hanoi Capital have predicted LULC 
changes up to 2043, confirming persistent vegetation-to-
built-up conversions driven by infrastructure and popula-
tion growth (Thien et  al., 2025). These studies highlight 

the effectiveness of CA-ANN in data-limited settings using 
open-source platforms like GEE and QGIS-MOLUSCE. This 
study applies the CA-ANN model to forecast LULC chang-
es in Gia Lam District, Hanoi City, up to 2028. As the first 
application of this integrated approach in Gia Lam—one of 
Hanoi’s most rapidly urbanising peri-urban districts—this 
research addresses a key gap in localised predictive mod-
elling. Located at the eastern gateway of the capital and 
along a major transportation corridor in the Northern Key 
Economic Region, Gia Lam faces intense socio-economic 
pressure and accelerated land conversion, making spatially 
explicit forecasts highly necessary.

The results provide essential, evidence-based insights 
into future Built-up Area expansion, Vegetation loss, and 
Water Bodies trends, supporting sustainable land-use 
planning, urban development strategies, and local socio-
economic decisions. Utilising open-source tools (Google 
Earth Engine, QGIS-MOLUSCE) and free data (Sentinel-2, 
DEM, WorldPop), the study offers a cost-effective, repro-
ducible framework adaptable to similar peri-urban areas in 
Vietnam and beyond, aiding policy efforts to balance rapid 
urbanisation with environmental sustainability in Hanoi’s 
metropolitan fringe.

2. Study area and data 

2.1. Study area
The study area has a climate divided into two distinct 
seasons: the hot and humid season lasting from April to 

Figure 1. Location of study area
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October, and the dry season extending from November 
to March of the following year. Between these two sea-
sons, there are transitional periods creating a four-season 
climate: spring, summer, autumn, and winter. Gia Lam 
District is part of the Red River Delta region, with low ter-
rain and an average elevation ranging from approximately 
4.5 m to 7.2 m. Gia Lam District covers an area of 114 km²; 
the population is currently about 290,000 people, compris-
ing 20 communes and 2 towns. Currently, Gia Lam is ex-
periencing rapid urbanization, developing sustainably in a 
civilized and modern direction. Up to now, the district has 
no new poor households, 114 near-poor households have 
been reduced, the near-poor household rate is 0.58%. The 
study area has continued economic development, the eco-
nomic structure has shifted in the right direction. The pro-
duction value of the main economic sectors is estimated 
to increase by 11.80%, equal to 122.66% of the growth 
rate of the same period in 2023, continuing to build and 
develop district-level urban areas according to plan (Anh, 
2022). Figure 1 illustrates the location of Gia Lam District 
and its spatial relationship to the principal neighbouring 
areas within Hanoi City.

2.2. Data using
The data used in this study includes Sentinel-2 satellite im-
ages, including Sentinel-2A and Sentinel-2B images, with 
each individual Sentinel satellite acquisition of a specific 
location every 10  days. The combination of Sentinel-2A 
and Sentinel-2B creates a Sentinel-2 satellite imagery set 
with a temporal resolution of 5 days. Sentinel-2 satellite 
images are stored at a 12-bit level, thus providing high 
radiometric resolution. This allows the ability to distinguish 
brightness levels in the image, with a potential range from 
0 to 4095. The Sentinel-2 satellite imagery for the study 
area was selected to ensure clear quality, with cloud cover 
approximately 0.05%. With parameters such as high reso-
lution, a relatively short image acquisition cycle (5 days), 
and a wide swath width of up to 290  km, which is sig-
nificantly larger compared to Landsat swath widths of 
185 km, and SPOT-5 of 120 km, these conditions indicate 
that free Sentinel-2 satellite imagery is a very suitable data 
source for this study. The basic parameters of Sentinel-2 
satellite imagery include spectral bands with spatial resolu-
tions ranging from 10 m to 60 m, an altitude of 786 km, 
and a local time at descending node of 10:30 hours (Suhet, 
2015). Bands 2, 3, 4, and 8 are used for LULC classification 
of the study area. The detailed spectral and radiometric 

characteristics of the selected Sentinel-2 bands are sum-
marised in Table 1.

Sentinel 2 level 2A images for the period 2018–2023 in 
Gia Lam district, Hanoi city are detailed in Table 2. These 
images were compiled in June each year, with very low 
cloud cover. In June 2018, the weather was cloudy and 
rainy, so to ensure the best possible conditions, the study 
used images compiled in July, with a cloud cover of 1.85%.

Table 2. Satellite images in the study area

Image acquisition time Image type Cloud cover (%)

07-2018 Sentinel-2A 1.85%
06-2023 Sentinel-2A 1.23% 

In addition, Digital Elevation Model (DEM) data and 
population data were also used for the study. These data 
combined with the LULC classification results in 2018 and 
2023 were used as input data to predict LULC changes in 
2028.

3. Research methodology

3.1. Clasification method
3.1.1. Classification process

Based on satellite image data freely provided through the 
GEE platform, this study uses the Random Forest (RF) al-
gorithm to classify LULC from Sentinel-2A satellite images. 
The Sentinel-2A data used in this study includes atmos-
pherically corrected images with low cloud cover (Table 2) 
and is geometrically corrected to the WGS84 coordinate 
system. The image classification is conducted online on 
the GEE cloud computing platform. This study classifies 
images into five land use/land cover types: 1) Bare Land, 2) 
Water Bodies, 3) Perennial Vegetation, 4) Annual Vegeta-
tion, and 5) Built-up Area.

Sampling for training and classification is conducted 
for each LULC type. For Bare Land cover, sampling points 
include areas such as bare land, sand, alluvial areas, con-
struction preparation sites, and newly leveled land. The 
Water Bodies cover includes ponds, lakes, rivers, streams, 
and canals. Perennial Vegetation includes areas with large, 
dense, perennial trees, while Annual Vegetation cover ar-
eas with crops, lawns, and fields containing seasonal vege-
tation. Built-up Area include houses, standalone buildings, 
and residential areas such as villages, apartment buildings, 
and high-rise structures. A total of 419 samples, evenly 

Table 1. Sentinel-2 parameters

Band 
number

Spatial sample 
distance (m)

Spatial sample 
distance (m) Central 

wavelength (nm)

Bandwidth 
(nm)

Radiance sensibility range  
Lmin < Lref < Lmax (W.m–2.sr–1.µm–1)

SNR specification 
(at Lref)

2 10 490 65 11.5 < 128 < 615.5 154
3 10 560 35 6.5 < 128 < 559 168
4 10 665 30 3.5 < 108 < 484 142
8 10 842 115 1 < 103 < 308 174
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distributed across the five LULC types, were collected to 
record information specific to each type and to train the 
machine learning model. Sample locations are evenly dis-
tributed based on the characteristics of each LULC type. 
Upon completing the training, the RF algorithm is used to 
classify the LULC types in the study area. The classification 
process follows the steps illustrated in Figure  2, includ-
ing: Collecting Sentinel-2 data through the GEE platform; 
Filtering for images with minimal cloud cover; Sampling 
from specific locations for classification; Creating samples 
and training the machine learning model; Classifying land 
cover types using the RF algorithm; Collecting classifica-
tion results; and Evaluating the accuracy of these results. 
Once accurate classification results are obtained, the study 
proceeds with analyzing and monitoring LULC changes in 
the study area for the 2018–2023 period.

Figure 2. LULC classification flow chart

3.1.2. Classification algorithm

RF was introduced in 2001 by Leo Breiman, which is an 
ensemble machine learning algorithm that can integrate 
multiple decision trees and then form a forest (Breiman, 
2001). The bagging method is used to generate training 
samples, and each selected feature is randomly drawn by 
replacing N (the size of the initial training set). Then, the 
final prediction result is obtained by combining multiple 
decision trees (Pal, 2005). The equation below makes the 
final classification decision as follows: 

( ) ( )( )
=

= =∑
1

argmax ,
k

Y i
i

H x I h x Y  	  (1)

where: H(x) is the ensemble model, ℎi is the classification 
model of a single decision tree, k is the elasticity coeffi-

cient; Y is the output variable (or target variable) and I (·) 
is the indicator function. The equation shows that the RF 
algorithm uses the majority of voting decisions to deter-
mine the final classification. The tuning parameter of the 
RF algorithm is the number of trees, and the number of 
trees can be selected according to the experience of the 
computational processor. Figure 3 presents a schematic 
representation of the RF algorithm, illustrating how multi-
ple decision trees are aggregated through majority voting 
to generate the final classification output.

In this study, the RF classification algorithm was con-
figured on GEE to predict 5 LULC classes (Bare Land, Water 
Bodies, Perennial Vegetation, Annual Vegetation, and Built-up 
Area) from Sentinel-2 satellite imagery, using the following 
hyperparameters: Number of trees (k in Equation (1)): 100, 
providing stable performance while ensuring computational 
efficiency; Maximum number of features considered at each 
split, which increases randomness and reduces correlation 
among individual trees, proving effective for multi-class clas-
sification problems with potential spectral overlap (e.g., be-
tween Annual Vegetation and Perennial Vegetation).

In Equation (1), the final prediction H(x) is determined 
by majority voting across k = 100 individual decision trees 
h_i(x) (for i = 1 to 100). The indicator function I(·) counts 
the votes for each of the 5 classes, and the class Y recei-
ving the highest number of votes is assigned. No additi-
onal weighting was applied beyond the standard majority 
voting mechanism. This configuration yielded high reliabi-
lity, with overall accuracy (OA) and Kappa values presented 
more detail in the accuracy assessment section.

Figure 3. Illustration of RF algorithm

RF algorithm is used quite commonly in data classifica-
tion. The RF algorithm is highly appreciated for its model 
accuracy (Liu et al., 2012). The main disadvantage of the 
RF algorithm is the large amount of computation, but the 
data processing time is considered fast (Liu & Wu, 2017).
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3.1.3. Accuracy assessment method

The confusion matrix is used to evaluate the classification 
accuracy of LULC on the image. The confusion matrix is 
an important and popular method used to evaluate ac-
curacy, which can describe the accuracy of classification 
and indicate the confusion between object classes. The 
basic statistics for the confusion matrix include the assess-
ment of overall accuracy (OA) and the Kappa coefficient 
(Cohen, 1960). In which the Kappa coefficient has a value 
from 0.4 to 0.6 is considered to achieve average results, 
a value from greater than 0.6 to 0.8 is good and more 
than 0.8 to 1.0 is very good (Landis & Koch, 1977; Byrt 
et al., 1993). The evaluation of the accuracy of the classi-
fied images was carried out on GEE. In which, 70% of the 
samples were used for image classification and 30% of the 
samples were used for testing and evaluation. Specifically, 
294 samples were used for classifying the cover classes 
and 125 samples were used for evaluating the accuracy of 
the image classification. Equations for calculating OA (2), 
and Kappa (3):

+
=

+ + +
,TP TNOA

TP FP TN FN
	  (2)

where: TP is True Positive, FP is False Positive, TN is True 
Negative, FN is False Negative.

− −
= = −
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e e

P P P
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P P
 	  (3)

where: Po is the observed agreement of the raters, Pe is the 
expected agreement of the raters.

3.2. Predictive method
The prediction of LULC change of the study area to 2028 
(5-year cycle) is based on the CA model combined with 
the ANN model. In which, the CA model is a computatio-
nal model based on a grid of cells, each cell can change 
state over time based on certain rules and the state of 
neighboring cells. The CA model was first developed by 
mathematicians John von Neumann and Stanislaw Ulam 
in the 1940s, completed by Arthur Walter Burks in 1966 
(Von Neumann & Burks, 1966), used in the study of the 
evolution of urban land use patterns (White & Engelen, 
1993). The CA model is widely used in simulating urban 
development based on input data such as population den-
sity, land use status, traffic infrastructure, and terrian. ANN 
model is a machine learning (ML) model consisting of in-
terconnected “neurons” that process information from in-
puts to outputs through hidden layers (Rumelhart, Hinton, 
& Williams, 1986). ANN models help classify images into 
different classes, for example in object recognition, remote 
sensing analysis, and are also used in predicting land use, 
finance, energy, etc. The combination of CA-ANN brings 
the predictive ability of ANN and the locality of CA to si-
mulate complex phenomena, especially those with spatial 
and temporal properties. For research on predicting urban 
development and land use needs, the role of CA-ANN is 
flexible, accurate, and effective (Yang et al., 2008). With this 
application, ANN can predict the development probability 
of each area in the city, while CA performs detailed si-
mulation of surrounding areas. The above studies provide 
scientific foundation and evidence for the effectiveness 
and application of each model, as well as the benefits of 

Figure 4. Digital Elevation Model and population data
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combining models to improve accuracy and application in 
the fields of spatial simulation and classification. DEM data,
population in 2023 are also included in the model along with
land use data in 2018 and 2023 to predict LULC changes for
the forecast year 2028. The DEM data was downloaded from 
NASA’s Earthdata (https://earthdata.nasa.gov/) in raster for-
mat with a resolution of 30 m, then resampled to a resolution
of 10 m to match the LULC data for 2018 and 2023 used in
the study. Similarly, population data was downloaded from 
WorldPop (https://www.worldpop.org/) and used as input 
data for predicting LULC changes in 2028. Figure 4 illustrates
the resampled Digital Elevation Model (DEM) and the 2023
population density data, which serve as key driving factors in 
the CA-ANN simulation.

The CA-ANN simulation was implemented using the MO-
LUSCE plugin in QGIS, which integrates ANN for modelling
transition potential and CA for spatial allocation. The ANN 
component employed a multilayer perceptron with 10 hid-
den neurons, sigmoid activation function, and up to 1000
training iterations with early stopping applied when the error 
stabilised. Transition potential maps were generated based 
on observed LULC changes from 2018 to 2023, incorporating
the selected drivers: resampled DEM (10 m resolution) and
2023 population density. A 5×5 Moore neighbourhood filter
was used to capture local spatial dependencies and autocor-
relation in land change processes.

Model validation followed the standard MOLUSCE 
protocol: the 2023 LULC map was simulated from 2018
inputs, and agreement was assessed through visual com-
parison of simulated versus observed maps and the overall 
Kappa statistic of 0.85. Pixel-level agreement confirmed
reasonable performance for short-term (5-year) projecti-
ons to 2028. These hyperparameters and setup align with 
common practices in MOLUSCE-based CA-ANN studies

for urban/peri-urban LULC forecasting, balancing compu-
tational efficiency and predictive accuracy in data-limited 
settings.

4. Results and disscusion

4.1. Land use/land cover changes
The classified images clearly show that the majority of the 
LULC is Built-up Area, covering approximately 51.17% to 
62.00% of the total natural area of the study area. The 
land cover with the least proportion is Bare Land, cov-
ering about 1.66% to 4.74%. The distribution results of 
these LULCs align with the natural characteristics, Built-up 
Area distribution, and socio-economic development situa-
tion in Gia Lam district, Hanoi city. The results also clearly 
indicate the rapid expansion of Built-up Area in Gia Lam 
District, Hanoi city, during the period from 2018 to 2023. 
Specifically, the classification results of Sentinel-2 satellite 
images show that the expansion rate of Built-up Area class 
reached 1.80% annually, increasing from 6058 ha (2018) 
to 7340 ha (2023). Meanwhile, the Bare Land and Annual 
Vegetation covers showed an average annual decrease 
of 0.51% and 0.76%, respectively, compared to the total 
natural area of Gia Lam district, Hanoi city.

The classification accuracy results were calculated 
from the confusion matrix, including overall accuracy 
(OA) and the Kappa coefficient, as shown in Table 3. The 
overall accuracy (OA) was 0.94, while the Kappa coeffi-
cient ranged from 0.88 to 0.89. The study results indi-
cate that the post-classification image accuracy is very 
high, ensuring the reliability of the statistics and analysis 
of LULC in Gia Lam district, Hanoi city, during the peri-
od from 2018 to 2023. Figure 5 illustrates the classified 
LULC maps for 2018 and 2023, emphasising the spatial 

Figure 5. LULC map 2018 and 2023
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Figure 6. Map of LULC changes in the 2018–2023 period

distribution and the expansion of built-up areas over the 
five-year period. 

Table 3. Image classification accuracy

Image acquisition time OA Kappa

2018 0.94 0.88
2023 0.94 0.89

Apart from the quality of the training samples, the 
classification accuracy also depends on the quality of 
the acquired images. In this study, the quality of the 
training samples and the images acquired over the years 
is relatively consistent, with very low cloud cover, cle-
ar images, and distinct physical information. Therefore, 

according to the evaluation results, all post-classifica-
tion images from 2018 to 2023 are highly reliable. The 
results of the LULC classification accuracy assessment, 
with OA and Kappa values shown in Table 3, ensure re-
liability for subsequent tasks such as change analysis 
and LULC trend predicting.

The LULC change results for in the period 2018–
2023 are also detailed in Figure 6 and Table 4. The conver-
sion of Bare Land, Water Bodies, Perennial Vegetation, and 
Annual Vegetation to Built-up Area is 318.33 ha, 470.38 ha, 
573.40 ha, and 1994.14 ha, respectively. Additionally, there 
is a significant conversion of Annual Vegetation to other 
land cover types: Bare Land, Water Bodies, Perennial Veg-
etation, and Built-up Area, corresponding to 56.07  ha, 
628.9 ha, 704.17 ha, and 1994.14 ha, respectively.

Table 4. The change in LULC types 2018–2023 period

No LULC changes (2018–2023) Area (ha) % of total area % of the from-
class area in 2018

1 Bare Land – Bare Land 25.18 0.198% 5.37%
2 Bare Land – Water Bodies 40.5 0.318% 8.64%
3 Bare Land – Prenninal Vegetation 44.22 0.347% 9.44%
4 Bare Land – Annual Vegetation 40.28 0.316% 8.60%
5 Bare Land – Built-up Area 318.33 2.497% 67.95%
6 Water Bodies – Bare Land 36.37 0.285% 2.16%
7 Water Bodies – Water Bodies 1087.92 8.534% 64.60%
8 Water Bodies – Prenninal Vegetation 39.41 0.309% 2.34%
9 Water Bodies – Annual Vegetation 49.98 0.392% 2.97%
10 Water Bodies – Built-up Area 470.38 3.690% 27.93%
11 Prenninal Vegetation – Bare Land 19.31 0.151% 1.78%
12 Prenninal Vegetation – Water Bodies 117.37 0.921% 10.80%
13 Prenninal Vegetation – Prenninal Vegetation 227.33 1.783% 20.91%
14 Prenninal Vegetation – Annual Vegetation 149.73 1.175% 13.77%
15 Prenninal Vegetation – Built-up Area 573.4 4.498% 52.74%
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The summary of LULC changes for the period 2018–
2023 is presented in Figure  7. The land cover classes 
show different rates of increase and decrease in area as a 
percentage of the total natural area of the study region. 
Specifically, Bare Land decreased by 2.02%, Water Bod-
ies increased by 4.71%, Perennial Vegetation increased by 
2.19%, Annual Vegetation decreased by 22.63%, and Built-
up Area increased by 17.75%.

Figure 7. LULC area difference chart 2018–2023

4.2. Predicting land use/land cover changes
The MOLUSCE (Modules for Land Use Change Evaluation) 
model predicts future land use changes, often influenced 
by historical changes and impacting factors. This model 
is quite suitable for application in developing decision 
support systems for land use issues on a geographic in-
formation system (GIS) platform. Figure  8 illustrates the 
workflow diagram of the LULC change prediction process 
for 2028 based on the MOLUSCE model.

In QGIS, using the Molusce model also allows for the 
calculation of change areas. Figure 9 shows the predicted 
land cover map for 2028, based on the CA-ANN algorithms 
analyzed above and reference data. The predict results are 
detailed for each LULC for the year 2028.

According to the results calculated from the Molusce 
model, by 2028, the area of Bare Land will reach 21,133 ha, 
Water Bodies will be 228403 ha, Perennial Vegetation will 
be 136586 ha, Annual Vegetation will be 98316 ha, while 
Built-up Area will be 790340  ha. This indicates that the 
forecasted trend is a clear decrease in the area of An-
nual Vegetation, whereas the Built-up Area shows an in-
crease of approximately 17.75% and 6.93% compared to 
2018 and 2023, respectively. Table 5 summarises the pro-
jected percentage changes and area proportions for each 
LULC class in 2028 compared with 2018 and 2023.

From the results table on the area changes of land use 
cover forecasted for 2028 compared to 10 years earlier in 
2018 and 5 years earlier in 2023, Gia Lam district, Hanoi 

No LULC changes (2018–2023) Area (ha) % of total area % of the from-
class area in 2018

16 Annual Vegetation – Bare Land 56.07 0.440% 1.45%
17 Annual Vegetation – Water Bodies 628.9 4.933% 16.26%
18 Annual Vegetation – Prenninal Vegetation 704.17 5.524% 18.21%
19 Annual Vegetation – Annual Vegetation 484.38 3.800% 12.52%
20 Annual Vegetation – Built-up Area 1994.14 15.643% 51.56%
21 Built-up Area – Bare Land 74.4 0.584% 1.32%
22 Built-up Area – Water Bodies 409.34 3.211% 7.26%
23 Built-up Area – Prenninal Vegetation 350.73 2.751% 6.22%
24 Built-up Area – Annual Vegetation 258.79 2.030% 4.59%
25 Built-up Area – Built-up Area 4547.15 35.670% 80.62%

Figure 8. LULC change predict diagram 2028

Figure 9. LULC predict map 2028

End of Table 4
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city, shows rapid urban development through the signi-
ficant expansion of the Built-up Area cover. By 2028, the 
Built-up Area will account for approximately 68.92% of the 
total natural area of Gia Lam district. The study results on 
the Built-up Area cover changes from 2018 to 2023 and 
the forecast product for 2028 indicate that the expansion 
rate in the 5-year period from 2018 to 2023 was very high 
(17.77%), while the forecasted expansion rate for the next 
5-year period from 2023 to 2028 is much lower (6.92%) 
compared to the previous 5 years. This result is also con-
sistent with the general development trend and is largely 
dependent on land management and the actual land fund 
situation in Gia Lam district for Built-up Area development, 
which is not much compared to the total natural area. Fi-
gure 10 compares the spatial distribution of built-up areas 
in 2018, 2023, and the projected map for 2028, illustrating 
a continued but slowing trend of urban expansion.

4.3. Discussion
The study results on land use cover changes from 2018 
to 2023 in Gia Lam District, Hanoi, show that the Water 
Bodies and Perennial Vegetation covers experienced less 
fluctuation compared to other covers. Specifically, the Wa-
ter Bodies cover tended to decrease by about 0.59% per 
year, while the Perennial Vegetation cover showed a slight 
increase of about 0.06% per year. For the Bare Land cover 

in the study area, there was no clear pattern of fluctua-
tion between years, with the 1.66% (2023), averaging a 
decrease of 0.51% per year from 2018 to 2023. The An-
nual Vegetation cover had an average annual decrease 
of 0.76% during the study period. The research results 
shown in Table  4  also indicate the main role of urbani-
zation area expansion, which occurred across most land 
cover classes during the 2018–2023 period. The largest 
conversion to Built-up Area was from Annual Vegetation, 
with 51.56% (1,994.14 ha) of the 2018 Annual Vegetation 
class transitioning to Built-up Area. A similarly substantial 
proportion of Perennial Vegetation (52.74%; 573.40  ha) 
was converted to Built-up Area. The Bare Land exhibited 
the highest proportional conversion rate to Built-up Area, 
at 67.95% (318.33 ha), indicating near-complete incorpo-
ration of vacant or underutilized land into urban devel-
opment. Water Bodies also experienced significant trans-
formation, with 27.93% (470.38 ha) converted to Built-up 
Area, reflecting substantial infilling of rivers, ponds, and 
other aquatic features due to land reclamation and infra-
structure projects. These conversion patterns, particularly 
the dominant transfer from vegetation classes (especially 
Annual Vegetation) to Built-up Area, are consistent with 
observed trends in Hanoi’s peri-urban expansion, where 
agricultural and open lands have served as the primary 
sources for residential, commercial, and industrial growth. 
The high conversion rate from Bare Land to Built-up Area 
further underscores the opportunistic nature of urban de-
velopment on readily available sites, while the decline 
in water body area highlights significant environmental 
trade-offs associated with urban expansion. The reasons 
for these increases and decreases, besides the actual land 
use situation varying each year, could also be due to the 
timing of image acquisition and image quality, which may 
introduce classification errors. Thus, it can be seen that 
over the 5 years of development, Gia Lam’s development 
rate is relatively high, clearly evidenced by the rapid ex-
pansion of Built-up Area, residential areas, commercial 
buildings, etc., while most other LULC covers have de-
creased in area annually.

Figure 10. Bult-up Area map: current status 2018, 2023, predict 2028

Table 5. Predicted area defference results to 2028

Defference 2018–
2028 (%)

Defference 2023–
2028 (%)

Area in 
2028 (%)

Bare Land –2.018 1.065057 1.66
Water 
Bodies 4.706 8.262074 17.92

Prenninal 
Vegetation 2.187 1.815344 10.71

Annual 
Vegetation –22.628 –18.0701 7.71

Built-up 
Area 17.752 6.92667 68.92
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The predict results for LULC changes in 2028 are clearly 
aligned with the urban growth rate of Gia Lam district, 
Hanoi city. The Water Bodies cover is also forecasted to 
increase, occupying up to 17.92% of the natural area. The 
Perennial Vegetation cover is expected to expand insig-
nificantly, and the Bare Land cover is forecasted to have 
a very small expansion, accounting for 1.66% of the area 
in 2028. There are many reasons and different influenc-
ing factors, including human impact, climate change, and 
socio-economic development trends, leading to the land 
use change results as forecasted in this study. Notably, the 
results show a clear inverse correlation between the area 
changes of Built-up Area and Annual Vegetation in the 
study area. By 2028, the Annual Vegetation cover will have 
decreased by 22.63% compared to 10 years earlier (2018) 
and by about 18.07% compared to 5 years earlier (2023), 
occupying only about 7.71% of the total natural area of 
Gia Lam district, Hanoi city.

The exploitation and analysis of online satellite image 
data for land management are increasingly proving to be 
efficient, fast, and cost-effective. The research method has 
provided reliable results, and the analyzed data is often 
the most recent. These results are highly detailed, timely, 
and show high effectiveness for land use planning, LULC 
change monitoring, and forecasting. The application of 
artificial intelligence with the RF machine learning algo-
rithm to classify LULC from Sentinel-2 satellite images in 
Gia Lam district, Hanoi city, has advantages such as speed, 
high automation capability, and the convenience of high-
resolution data, which is easy to use, time-saving, and sig-
nificantly cost-effective compared to other methods and 
types of materials. 

This study uses a hybrid RF + CA-ANN approach, 
achieving high classification accuracy (OA  =  0.94, Kap-
pa = 0.89) and providing clear spatial simulations through 
the MOLUSCE plugin. However, several limitations remain. 
The model assumes stationarity in transition rules based on 
2018–2023 patterns, which may not hold true under future 
policy shifts, climate change, or socio-economic transitions. 
Furthermore, the limited set of input variables (DEM, 2023 
population data, and historical LULC) excludes factors such 
as road proximity or zoning regulations; this could poten-
tially lead to an overestimation of urban expansion in ar-
eas where legal constraints on agricultural land protection 
are strictly enforced. Additionally, the seasonality of Senti-
nel-2 data acquisition may introduce minor biases in veg-
etation classification, although these were largely mitigated 
by consistent sensing dates and robust RF training.

Future research could incorporate additional spatial 
drivers, such as road networks and zoning layers, or utilize 
ensemble methods to address uncertainty and non-station-
arity. Despite these constraints, this study provides a reli-
able, reproducible, and cost-effective framework for short-
to-medium-term LULC forecasting in data-scarce peri-urban 
regions, offering valuable support for sustainable land-use 
planning in rapidly urbanizing districts like Gia Lam.

5. Conclusions

The research results have shown the LULC changes in Gia 
Lam district, Hanoi city from 2018 to 2023. During this 
5-year period, there were changes in different areas of 
each type of LULC. After 5 years, the study area clearly 
showed an increase in the Built-up Area with an average 
growth rate of 1.80% per year. In contrast, the Annual Veg-
etation had an average annual decline during the study 
period of 0.76% compared to the total natural area in the 
study area. Thus, it can be seen that during the 5-year 
development period, the development speed of Gia Lam 
is relatively high, clearly due to the rapid development and 
expansion of residential areas, apartment buildings, and 
commercial housing areas.

In addition, the research product on predicting chan-
ges in LULC up to 2028 in Gia Lam district, Hanoi city also 
shows a similar trend to the 5-year change period from 
2018 to 2023. However, the rate of change in area of the 
LULC is different for the predict period up to 2028. The 
results show that by 2028, the Built-up Area cover for 
68.92% of the natural totals area, which is also a trend 
showing the suitability with the economic - social growth 
rate and urbanization of Gia Lam district, Hanoi city in the 
next 5 years.

The method of using artificial intelligence and RF 
machine learning algorithms combined with QGIS open 
source software has proven its effectiveness in analy-
zing, managing land use and monitoring the changes 
in LULC of Gia Lam district, Hanoi city in the period of 
2018–2023. This is an effective solution, ensuring relia-
bility, fast processing time, no cost for data and for ren-
ting and purchasing processing software. The research 
products are capable of serving the annual and periodic 
statistics and inventory work in LULC, supporting plan-
ning and monitoring LULC in near real time; Creating 
accurate and timely updated LULC maps; Capable of 
being used in monitoring and evaluating the status of 
land resources... helping managers to make decisions on 
land management quickly and effectively.
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