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Abstract 

Urban heat islands (UHI) pose significant environmental 

and health challenges in rapidly urbanizing cities like Hanoi. This 

study presents an integrated approach utilizing machine learning 

model and cloud computing to predict and delineate UHIs in 

Hanoi. Leveraging high-resolution satellite imagery, 

meteorological data, population dentistry data and land cover 

factors, we develop a robust predictive model that accurately 

identifies UHI- prone areas. 

The data preprocessing involves normalizing diverse data 

sources, handling missing values, and ensuring spatial-temporal 

alignment. Feature selection is performed to identify the most 

influential factors contributing to UHI, including land surface 

temperature, vegetation index, population density, and urban 

morphology. Results indicate that the machine learning models, 

particularly the ensemble methods, exhibit high predictive 

accuracy, with the Random Forest model achieving an R2 of 0,66. 

In conclusion, applying machine learning models and cloud 

computing presents a powerful framework for predicting and 

managing urban heat islands. The study's innovative approach 

enhances understanding of UHI phenomena in Hanoi and provides 

a scalable solution adaptable to other urban settings. Future 

research should focus on refining model accuracy by 

incorporating additional data sources and exploring the socio- 

economic impacts of UHI mitigation strategies. 

Keywords: Urban heat island, machine learning, cloud 

computing 

African Journal of Biological 

Sciences 

mailto:phanthimaihoa@humg.edu.vn
mailto:phuongdongmdc@gmail.com


Page 265 of 275 
Dong Phuong Nguyen /Afr.J.Bio.Sc. 6(13)(2024).264-275 

 

 

1. Introduction 

Climate change is one of the threats increasingly affecting humanity around the world. 

Vietnam is also one of the countries hit hard by climate change. Over the past 50 years, the 

average temperature in the country has increased by about 0,62 oC , especially with the increase 

in hot days in summer in recent years. This risk affects economic development and 

sustainability goals, impacts human health, and increases economic and energy damage and 

losses. An urban heat island is a phenomenon typically observed in large cities and developed 

urban areas with high population and development densities, but due to the impact of climate 

change, the effects of this phenomenon are becoming more common and more severe. 

Due to the peculiarities of climatic parameters, including the temperature regime in the 

territory, it is often constantly changing and is influenced by many external factors, so direct 

measurement methods face many difficulties due to the declaration of implementation costs, 

area, and network of monitoring points. Remote sensing imaging technology is one of the 

practical solutions that help continuously monitor and track changes in air and surface 

temperature and update changes quickly [5-10, 16]. Using remote sensing image data, we can 

calculate, estimate, and separate the magnitude of the urban heat island effect [4]. 

However, the results of the above studies show that interpreting spectral channel images based 

on the differences in reflectance characteristics and spectral bands in each channel allows users 

to extract the required layer of information, which serves for standard zoning, monitoring, and 

forecasting [3]. However, in these studies, remote sensing images are used only to calculate 

specific indicators and cannot show a clear correlation between the change in surface 

temperature and other factors such as rainfall and population, land cover, etc. Therefore, this 

study aims to present the interpretation method data from the images remote sensing dataset 

combined with the random forest classification (RF) method on the Google Earth Engine cloud 

computing platform to estimate and predict urban heat island zoning in Hanoi city based on 

land cover, rainfall, population, elevation, and land surface temperature. 

2. Materials and research methods 

Research area 

The research area is the entire boundary of Hanoi city within the range from 20°34' to 

21°18' North latitude and from 105°17' to 106°02' East longitude. The terrain of Hanoi city is 

characterized by a gradual trend from north to south and from west to east, with diverse terrain 

including high hills and mountains in the north and west, as well as plains accounting for three- 

quarters of the natural area. The city is densely populated and convenient for construction, 

economic trade, and industrial development. 

Hanoi city was chosen for research because of its dense population, high level of 

resident activity, high construction density, and sparse, declining flora [14]. The city's surface 

is covered mainly with construction materials such as brick, steel, concrete, and asphalt, which 

have the characteristics of a tight, impermeable, and dark surface that increase the ability to 

absorb light energy and convert it into heat, thus further exacerbating the urban heat island 

phenomenon [15]. In recent years, climate change has affected Hanoi, so in the summer, there 

are intense heat waves for a week with temperatures up to 42,5 oC. 
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Figure 1. Boundaries and location of the study area 

Data and Research methods 

a. Database 

Land surface temperature (LST) is an important parameter in urban heat island 

estimation and zoning studies. As mentioned above, assessing temperature changes in urban 

areas using traditional monitoring methods faces many limitations related to equipment, human 

resources, economics, and the requirements of long monitoring periods. With the outstanding 

advantages of diversity, continuous updating, long data series, and high accuracy, remote 

sensing technology has been widely applied and proven highly effective and reliable in surface 

temperature change estimation research. There have been many different studies that have used 

satellite image sources such as MODIS imagery, Landsat imagery, or Sentinel imagery to 

estimate temperature change in large urban areas [5-10] or the correlation between surface 

temperatures and differences in land cover layers [5, 7, 10]. This study uses primary sources, 

including MODIS image datasets, to calculate land surface temperature median values. The 

MODIS satellite image data provides monthly average land surface temperatures for 2000- 

2017. 

Additionally, studies using datasets as selection parameters for machine learning 

include: 

- Terrain data used according to the NASADEM dataset is cited in GEE under 

information ee.Image("NASA/NASADEM_HGT/001"). It is a broadband model with a global 

resolution of 30 m, providing one of the high-precision datasets suitable for scientific research 

in geography, hydrology, geology, and environmental management. [11] 

- Population data in the study is used from the global WorldPop project population 

dataset, provided at 100 m resolution, allowing for detailed analysis of population density in 

each region of the world. [12] 

- The European Space Agency (ESA) WorldCover 10 m land use dataset for 2021 is 

cited in GEE under ee.ImageCollection("ESA/WorldCover/v200"). This is a dataset that 

presents a global land cover map for 2021 at 10 m resolution based on Sentinel-1 and Sentinel- 

2 data with 11 land cover types. [13] 

b. Cloud computing and sample data set establishment 

Currently, the analysis and processing of large satellite image data over a long period 
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has become a pressing need in many fields, especially in environmental science [17, 18]. One 

powerful tool widely used for this purpose is the Google Earth Engine (GEE) cloud computing 

platform for analyzing, processing, and computing geospatial data with a metadata repository 

consisting of raw satellite imagery, ultra-processed imagery, climate maps, climate data, terrain, 

population data, etc. [19-22]. The GEE cloud computing platform supports various tools, such 

as statistical tools, image processing tools, and learning machines, supporting the analysis and 

processing of huge volumes of data in a short time [23, 24]. 

In order to construct an image interpretation, test sample data must be created using the 

Stratified Random Sampling (SRS) method based on a certain number of samples selected for 

each data class. These sampling points will be divided into 2 sample groups: Samples for 

machine learning training (training) account for 80% of the total number of samples, and 

control samples (accounting for 20% of the total number of samples) to evaluate the reliability 

classification results. The study selected random samples throughout the region with a total 

number of selected - 9,741 samples, of which the number of samples used for machine learning 

training was 7.740, and the number of control test samples was 2.001. Figure 2 shows the 

diagram and distribution of random sampling points for the study area: 

  
Figure 2. Location and distribution of random sampling points for machine learning 

 

Random Forest algorithm 

Random Forest (RF) is a statistical machine learning method proposed by Breiman [1] 

in a group of combinatorial learning models, namely the multiple decision tree model (decision 

trees) [2]. Decision trees are a simple way of representing protocols, where each branch of the 

tree represents attributes and selected values for those attributes. In particular, the decision tree 

algorithm allows the simultaneous use of classification and regression tasks to specify the 

predicted value. A random forest classifier is developed based on multiple decision trees created 

using different random subsets of the data. Each decision tree provides predictions for 

classification. Random Forest will rely on the majority of prediction results to select the most 

popular result as the final model output [25, 26]. 
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Figure 3. The Random Forest (RF) algorithm 

3. Results and discussion 

Figure 4 shows the distribution of population density and classification of land cover 

types in the Hanoi city area. It can be seen that Hanoi is one of the most densely populated 

urban areas and is still experiencing rapid growth. However, the population is unevenly 

distributed, resulting in differences in density between areas and between urban and rural areas. 

The population is concentrated mainly in the urban districts of Hanoi, most of which are urban 

districts such as Dong Da, Thanh Xuan, Ba Dinh, Hoan Kiem, and Hai Ba Trung, with a density 

of 210 people/ha; meanwhile, suburban areas such as Ba Vi and My Duc districts have low 

population densities, less than 10 people/ha. The significant difference in population density 

between the two areas shows that most of the population is concentrated in the city center with 

many amenities and employment opportunities. High population densities also increase the 

need for housing and infrastructure, so there is a transition between land cover types with a 

gradual loss of vegetation cover and an increase in the built-up area. The area of each land 

cover type is calculated directly on the cloud platform and exported to Excel files, as shown in 

Table 1. 
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Figure 4. Population densities zoning and classification of land cover types in Hanoi 

city area 

 
Table 1. Detailed classification of land cover areas in Hanoi 

 

 

№ Land cover Area Unit 

1 Tree cover 112.938 Ha 

2 Shrubland 45 Ha 

3 Grassland 14.669 Ha 

4 Cropland 123.245 Ha 

5 Built-up 61.715 Ha 

6 Bare / sparse vegetation 5.548 Ha 

7 Permanent water bodies 17.089 Ha 

8 Herbaceous wetland 210 Ha 
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The results of the random forest model evaluating the influence and importance of 4 

input data factors indicate the following: population density have the most significant impact 

on LST variable values, followed by precipitation, elevation, and finally, land cover types. 

Figure 5 illustrates the surface temperature zoning of the study area, allowing for a more detailed 

assessment while considering other influencing factors. Figure 6 shows the relationship 

between predicted LST and actual LST values. There is a moderate positive correlation between 

actual and predicted LST values, as indicated by the clustering of points around the regression 

line. The analysis indicates that the predictive model performs moderately well, capturing the 

general trend between actual and predicted LST values. 

 
 

 

Figure 5. Land surface temperature in the Hanoi city: A) LST according to the data set 

and B) LST predicted after applying RF model 



Page 271 of 275 
Dong Phuong Nguyen /Afr.J.Bio.Sc. 6(13)(2024).264-275 

 

 

 

Table 2. Sampling parameters and correlation values 

Parameter Value 

Number of samples 9.741 

Training sample 7.740 

Comparison inspection sample 2.001 

R-square 0,66 

Mean LST prediction 28,345 oC 

 

 

Figure 6. Correlation between LST prediction values and actual values 

To evaluate urban heat island zoning, the study used the normalized urban heat island 

index (Normalized UHI) calculated according to the following formula: 

𝑈𝐻𝐼𝑁 =
𝐿𝑆𝑇−𝐿𝑆𝑇𝑚𝑒𝑎𝑛

𝑆𝐷𝐿𝑆𝑇
  (1)    

In which: UHIN – Standardized Urban Heat Island Index; 

LST – Prediction land surface temperature value; 

LSTmean – Average prediction land surface temperature 

value; SDLST – Standard deviation value. 

The results of urban heat island zoning in Hanoi city in Figure 7 show that the city 

center area, especially in districts such as Dong Da, Hoan Kiem, Hai Ba Trung, Ba Dinh, and 

Cau Giay, where urban heat island occurrence is the highest with UHIN index 2 – 4 °C above 

the average surface temperature throughout the entire territory. 

Areas near the center, such as Bac Tu Liem, Nam Tu Liem, Ha Dong, Thanh Tri, and 

Tay Ho districts, also show a higher increase in regional temperature than other rural and 

suburban areas from 1 - 2 °C. 
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Figure 7. Forecast of urban heat island zoning in the Hanoi city area 

4. Conclusion 

The prediction of LST results, when compared with LST using the MODIS dataset, 

achieves a confidence level of R2 = 0.66 (66 %), which is well suited to the requirements of 

database generation and an ambient temperature map. Thus, using cloud computing and 

random forest machine learning models will help to obtain a more detailed land surface 

temperature dataset using various input factors such as land surface temperature datasets, 

population, rainfall, and elevation data sets. 

The application of machine learning model and cloud computing to predict the urban 

heat island zoning in Hanoi city not only clarifies the area of influence of the urban heat island 

phenomenon but also allows management and planning managers to have a more detailed 

understanding of the sustainable management of the city. and development. In the future, the 

combination of modern technology and rich data will be an essential key to improving the 

quality of life, solving environmental problems, and creating sustainable urban development. 
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