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Abstract 

In addressing the pervasive issue of Urban Heat Islands (UHI) and the related carbon sequestration challenges in urban settings, this study utilizes 
Sentinel-2 imagery to propose a vegetative blueprint for the design green city with lower carbon in Banjarbaru. This research intricately links the 
role of increased vegetation cover in mitigating UHI effects and enhancing carbon absorption in urban environments. By employing a combination 
of Geographic Information Systems (GIS), field data, and real-time data via Wireless Sensor Networks (WSN), the study highlights the significant 
cooling and environmental benefits of strategically increasing green spaces in urban areas. Moreover, the study identifies specific zones within 
Banjarbaru that are optimal for the strategic placement of vegetation to maximize thermal comfort and carbon storage. This focus on localized 
green infrastructure development not only provides a pathway to more sustainable urban living conditions but also serves as a model for other 
cities facing similar ecological and climatic challenges. The integrated approach adopted here emphasizes continuous monitoring and dynamic 
adjustments in urban planning, ensuring long-term sustainability and resilience against the ongoing threats posed by climate change and urban 
expansion. 
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1. Introduction  

Global warming represents a formidable challenge to environmental sustainability, exacerbated by urbanization and 

industrialization which intensify local and global climate dynamics. The melting of polar ice caps, a salient indicator 

of global warming, has precipitated a concerning rise in global sea level from an annual increase of 2.2 ± 0.3 mm in 

1993 to 3.3 ± 0.3 mm by 2014, indicating an alarming acceleration in oceanic volume expansion [1], [2]. This 

phenomenon not only symbolizes the dire state of polar regions but also underscores a broader environmental 

destabilization, driven predominantly by greenhouse gas (GHG) emissions. These emissions, primarily from urban 

sectors, encapsulate solar radiation, thereby elevating terrestrial temperatures and altering global precipitation 

patterns—a process substantially contributing to the UHI effect [3], [4] 

Urban centers, due to dense population and infrastructural developments, are major contributors to GHG emissions. 

Cities like Sydney, Calgary, and Stuttgart see per capita emissions exceeding 15 tons of CO2-equivalent, starkly 

contrasting with lower emissions in cities within Nepal, India, and Bangladesh [5]. The UHI phenomenon, first 

identified by Luke Howard in 1810, exemplifies the thermal alterations urban areas undergo, primarily due to land 

cover changes and pollution [6]. These urban heat islands not only elevate local temperatures but also degrade urban 

living conditions and ecological resilience, making the development of sustainable urban infrastructure imperative [7]. 
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Recognizing the urgent need to address GHG emissions, international bodies and local governments are advocating for 

Low Carbon Cities (LCC). Initiatives such as ICLEI’s Green Climate Cities program and The World Business Council 

for Sustainable Development’s Urban Infrastructure Initiative aim to facilitate sustainable urban planning and GHG 

management. Concurrently, national strategies, including Indonesia's Medium-Term National Development Plan 

2020–2024, emphasize integrating climate protection policies into broader developmental agendas. This holistic 

approach seeks to blend environmental stewardship with urban development, striving to not only mitigate UHI effects 

but also enhance the global resilience against climate change [8]. 

Building on the outlined environmental and urban challenges, it is essential to contextualize the pressing issues that 

our research aims to address. This study is prompted by critical questions regarding the impact of UHI effects on urban 

livability, the role of vegetation in carbon sequestration and UHI mitigation, and the effective design patterns necessary 

for developing low-carbon green cities based on land cover concepts. These considerations lead directly to the study’s 

objectives, which include analyzing UHI impacts on residential comfort, exploring land cover’s role in enhancing 

carbon absorption and reducing UHI effects, and designing low-carbon green urban spaces. 

The goals of this research are intricately linked to its expected benefits, particularly in providing insights into the role 

of vegetation in reducing UHI zones and enhancing urban living spaces. Additionally, this study aims to offer a clear 

concept and design for a low-carbon city based on land cover, which could serve as a crucial reference in urban planning 

for Banjarbaru and other cities aiming to reduce UHI effects and improve urban comfort. By addressing these aspects, 

the research seeks not only to contribute to the academic field, but also to offer practical solutions for urban 

sustainability and resilience against climate change. 

In the context of Banjarbaru, a green city refers to an urban area designed to optimize green spaces, reduce carbon 

emissions, and enhance residents' quality of life through strategic vegetation planting and the use of green technologies. 

This includes the implementation of international standards such as ICLEI’s Green Climate Cities program and the 

World Business Council for Sustainable Development’s Urban Infrastructure Initiative. 

Moreover, our research boundaries are well-defined, focusing exclusively on Banjarbaru’s administrative region and 

considering variables such as surface and air temperatures, humidity, and carbon absorption. This focused approach 

allows us to develop a comprehensive spatial model that will include data from satellite imagery, field data, and WSN 

[9], providing robust insights into thermal comfort and urban greenery’s effectiveness in mitigating UHI effects. This 

methodological framework sets the stage for a novel contribution to the field, emphasizing the need for integrated 

social and biological considerations in urban forest functions and low-carbon city development, addressing gaps 

identified in previous studies. 

2. Method 

This research is predicated on a clearly defined problem that has been preliminarily explored through an extensive 

literature review, subsequently informing the formulation of specific research objectives and the underlying 

methodological approach. To facilitate a comprehensive understanding of this study, a conceptual framework has been 

delineated as presented in figure 1. 

 

Figure 1. Research Framework 
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This research focuses on geospatial analysis using Quantum Geographic Information System (QGIS) software and field 

surveys conducted in the city of Banjarbaru, South Kalimantan Province. QGIS was selected for its capability in 

detailed spatial analysis and compatibility with Sentinel-2 data. Thermohygrometers are used for accurate measurement 

of temperature and humidity in the field, which is crucial for UHI analysis [10]. One of the main challenges in field 

measurements is the variation in weather conditions that can affect the accuracy of temperature and humidity data. To 

address this issue, measurements are conducted at multiple time points to obtain more representative data. 

2.1. Stages of Research Implementation 

The UHI analysis employs tools such as Q-GIS (Raster calculator), Microsoft Excel, GRASS GIS, and SAGA GIS, 

along with applications like Avenza/GPS-RTK, thermal cameras, thermohygrometers, and WSNs. Data collection 

combines literature study and field surveys, with specific formulas used for data analysis, such as the LST calculated 

as: Ts=Tb/(1+λ(Tb/a)ln(Ɛ)), and UHI determined by UHI = Tmean – (μ + 0.5 α)  [11]. Brightness temperature and 

Temperature Humidity Index (THI) are also calculated using respective formulas. For the analysis of land cover and 

carbon absorption, tools like Q-GIS (Reclass), roll meters, sample rings, and drones are used. NDVI [3], [10] is 

calculated using NDVI = (NIR - Red) / (NIR + Red), and carbon volume is estimated through the formula C-tree = 

(0.5π(D/2)^2 * form factor (0.7) * carbon fraction (0.5))/1,000. The project also entails designing a low-carbon city 

based on land cover, utilizing tools like Microsoft Excel and baseline maps, with data gathered from literature and field 

surveys and analyzed using overlay models for carbon absorption, LST, UHI, and thermal comfort [12]. 

The measurement of greenhouse gas emissions, carbon sequestration, and carbon stocks is conducted at sample points 

placed proportionally within each NDVI class based on their respective areas, with a sampling intensity of 0.1%. The 

number of plots in this study is determined following the sample points consist of 20m x 20m (400 m²) sampling plots, 

totaling four pixels per plot (as shown in Figure 1), using Sentinel-2 imagery. The total number of sample plots is 

adjusted proportionally to the predefined sample area size. Plots are strategically placed using purposive sampling 

distributed across each NDVI class, ensuring that the pixel values surrounding each sample plot are consistent with 

adjacent pixel values to minimize sampling errors. Sample plots are then mapped and entered into the Global 

Positioning System to serve as a reference for field surveys shown in figure 2. 

 

Figure 2. Research Plot Form 

This sample plot delineates the sampling areas for various measurement levels: tree level in a 20x20m area, pole level 

in a 10x10m area, stake level in a 5x5m area, seedling level in a 2x2m area, and litter level in a 1x1m area. These plot 

sizes are applied across both peat and mineral soils. The position for sampling data such as land surface temperature, 

humidity, light intensity, thermal comfort, and other supporting parameters is aligned with the NDVI sample point 

locations. However, if the positions do not coincide, separate sample plots are established by selecting points four times 

within a 5-meter radius around the NDVI sample points. Sampling on peat and mineral land areas. By combining these 

two sampling methods, the accuracy of the research data is enhanced. Field observations are also conducted at the 

sample plot locations. Observations involve recording physical factors that influence the UHI phenomenon. Field 

criteria include the type of land surface cover, land use and allocation, building roof types and the number of floors, as 

well as the nature and type of vegetation and the condition of Green Open Spaces [13], [14], [15]. 
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2.2. Data Analysis 

Primary data, both in the form of satellite images and field data, are analyzed to obtain research results. The data 

analysis process for this research includes: 

2.2.1. Downloading Sentinel-2 Imagery 

Sentinel-2 imagery can be downloaded for free through earthexplorer.usgs.gov. The images are selected for the 

Banjarbaru area with cloud cover below 20% and are also chosen from the most recent recording year. 

2.2.2. Radiometric and Atmospheric Calibration 

Radiometric correction is necessary to improve the visual quality of images and to correct pixel values that do not 

match the actual spectral reflectance values of objects [16]. Atmospheric correction aims to reduce object reflectance 

after normalizing lighting conditions and removing atmospheric traces. In the Sentinel-2A imagery, geometric and 

radiometric corrections are systematically performed by Sentinel. However, when processing in the QGIS application, 

the manual equation that can be elaborated is [17]: 

Wavelenght Citra Sentinel =
Digital Number (DN)

Solar irradiance
 (1) 

2.2.3. Transformation NDVI (Normalized Difference Vegetation Index) 

The NDVI transformation is used to determine the vegetation index in the study area by displaying the degree of 

greenness of the vegetation as an indicator of biomass density. NDVI also serves to differentiate between vegetation 

and non-vegetation objects based on the absorption of received wavelengths [18]. In this study, NDVI is an indicator 

used to measure the presence and density of vegetation in urban areas. NDVI information is utilized to analyze the 

relationship between vegetation and surface temperature, as well as carbon absorption. The data in this study uses 

Sentinel-2 satellite imagery and CO2 data using a WSN with a CO2 Infra-Red DF Robot sensor device. Therefore, the 

NIR and Red bands are used for extraction. NDVI is formulated as follows: 

NDVI =
NIR Band − Red Band

NIR Band + Red Band
 (2) 

Note: NIR Band = Band NIR from Sentinel-2, Red Band = Band Red from Sentinel-2 

The NDVI value has a classification range from -1 to 1. NDVI values that represent vegetation fall within the range of 

0.1 to 1. NDVI values less than zero indicate the presence of covers such as clouds, non-vegetative objects, and water. 

The following are the NDVI classification range values [19] presented in table 1 below. 

Table 1. NDVI Class 

NDVI value NDVI class Land cover 

1 -0,9 – 0,00 Cloud, Water 

2 0,00 – 0,10 Open Area, Mine 

3 0,10 – 0,20 Meadow 

4 0,20 – 0,30 Shrub 

5 0,30 – 0,40 Young plantation 

6 0,40 – 0,50 Old Plantation, Young Secondary Forest 

7 0,50 – 0,60 Medium Secondary Forest 

8 0,60 – 0,70 Young Secondary Forest 

2.2.4. Land Surface Temperature (LST) 

LST is the Earth's surface temperature measured or estimated using remote sensing data from satellites. In this dataset, 

LST refers to the actual temperature experienced at the surface of the ground, vegetation, and buildings. In the context 
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of this research, LST is a parameter used to analyze and model the distribution patterns of temperature in urban areas 

[16]. LST is measured or estimated using satellite imagery data that reflects the thermal radiation intensity from the 

Earth's surface. In this study, LST is used as an input variable in modeling and the data obtained also includes ground 

temperature and humidity from a DS18B20 sensor, air temperature and humidity from a DHT11 sensor, and thermal 

camera data. Land surface temperature can be calculated by reducing brightness temperature and considering surface 

emissivity values. The emissivity values for each land cover type are as follows: water bodies at 0.979, built-up lands 

at 0.965, open lands at 0.964, and vegetated lands at 0.986 [4]. The formula for surface temperature is provided by 

USGS: 

Ts =
Tb

1 + λ (
Tb
a

) In (Ɛ)
 

(3) 

note: 

Ts  = Surface temperature (K) 

Tb  = Brightness temperature (K) 

𝜆  = The mean value of the channel wavelength (11.5 µm) 

a  = hc/k (148380 K) 

h  = Constanta planck (6.26 x 10-34 Js) 

c  = Speed of light (2.998 x 108 ms-1) 

k  = Constanta Stefan Boltzman (1.38 x 10-23 JK-1) 

Ɛ  = Emisisvity Object 

2.2.5. Urban Heat Island 

UHI data can be obtained from the extraction of Sentinel-2 satellite imagery by deriving Land Surface Temperature 

(LST) data. UHI maps can be produced by modifying the existing equations and incorporating the following formula 

as [16]: 

UHI = Tmean – (μ + 0,5 α) (4) 

note: 

UHI = Urban Heat Island 

Tmean  = Land Surface Temperature (oCelcius) 

μ         = Average value LST (oCelcius) 

α         = Veviation Value Standart LST (oCelcius) 

Meanwhile, UHI is divided into 3 classes which are presented in table 2. 

Table 2. UHI Class 

UHI Class Range of UHI 

1 0 – 2 °C 

2 2 – 4 °C 

3 >4 °C 

2.2.6. Thermal Humidity Index (THI) 

The most commonly used measurement for thermal comfort is the THI, which has been applied in various studies and 

is a relevant index for assessing thermal comfort in tropical regions. The equation for THI is as follows: 
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THI = 0,8 Ta + (RH x Ta / 500) (5) 

Note:   

THI  = Thermal Humidity Index 

Ta  = Air Temperature (°C) 

RH  = Relative Humidity (%) 

2.2.7. Spatial Regression Modeling 

In this research, spatial regression is employed as the analytical method to model the relationship between dependent 

variables, such as land surface temperature and humidity, and independent variables, such as land cover, building 

density, or proximity to heat sources, within the spatial analysis context of the UHI model for low-carbon city design. 

This method is crucial for considering the spatial structure of data, helping identify factors influencing UHI in low-

carbon city designs based on land cover. Below is the formula for Spatial Regression [20]: 

1) Notation: 

Y(u): Value of the response variable at the prediction location 

X(u): Value of the predictor variable at the prediction location 

Y(xᵢ): Value of the response variable at observation location i 

X(xᵢ): Value of the predictor variable at observation location i 

ε(u): Residual at the prediction location 

β: Regression coefficient 

2) Spatial Value Estimation  

(Y(u)): 𝑌(𝑢)=𝑋(𝑢)𝛽+𝜖(𝑢)Y(u)=X(u)β+ϵ(u) (6) 

3) Regression Coefficient  

(β): 𝛽=(𝑋′𝑊𝑋)−1𝑋′𝑊𝑌β=(X′WX)−1X′WY (7) 

In this formulation, Y(u) represents the predicted value of the response variable at the prediction location. X(u) 

represents the values of the predictor variables used to predict the response variable at that location. Y(xᵢ) and X(xᵢ) 

represent the values of the response and predictor variables at observation location i, respectively. ε(u) is the residual, 

the difference between the actual observed value and the value predicted by the regression model. 

The steps in the spatial regression analysis for this study include: 

1) Data Collection Using WSN: Installing temperature sensors at various locations to measure ground surface 

temperature and humidity. 

2) Model Building: Constructing a spatial regression model that considers predictor variables like land cover, building 

density, or distance to heat sources. This regression model will estimate the relationships between these predictors 

and land surface temperature in the design of low-carbon green cities. 

3) Model Evaluation and Interpretation: Evaluating and interpreting the regression model to understand the relative 

impacts of the predictor variables on land surface temperature. 

2.2.8. Validation Test 

The estimated carbon potential from the developed model is then compared with the carbon potential information from 

each testing plot. The comparison or accuracy testing method used is the Root Mean Square Error, which is calculated 

as follows: 

RMSE =
√(Xi − Yi)2

n
 (8) 
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Note: 

RMSE = Root Mean Square Error 

Yi represents the estimated necromass data from the i-th pixel of the correlation model 

𝑋𝑖 represents the actual necromass data on the i-th plot from the testing area 

n is the number of testing sample plots 

3. Result and Discussion 

Greenhouse gases, such as CO2, absorb and emit infrared radiation, leading to an increase in atmospheric temperatures. 

The following diagram illustrates how GHGs are trapped in the atmosphere, increasing the Earth's surface temperature. 

Data from literature, field surveys, and WSN are combined through an overlay process in Q-GIS to produce 

comprehensive maps. This analysis ensures that all data sources are considered, enhancing the accuracy and validity 

of the research results. NDVI was chosen for its proven ability to measure vegetation density and its relationship with 

carbon sequestration. Although there are other vegetation indices, NDVI offers the best balance between ease of use 

and accuracy in the context of this research. 

Mitigating UHI through increased green spaces can improve residents' quality of life by providing recreational areas 

and reducing energy costs for cooling. Carbon sequestration by vegetation also has the potential to be developed as a 

carbon trading project, providing additional economic benefits to the local community. The proposed green city design 

in Banjarbaru can be applied to other cities with similar geographic and climatic conditions, such as Palangkaraya and 

Samarinda. This vegetation-based approach can be adapted to various urban scales. The findings of this study are 

compared with similar studies in tropical cities like Jakarta and Kuala Lumpur. The results indicate similar challenges 

and solutions in reducing UHI effects through increased green spaces.  

Based on the research findings, it is recommended that the Banjarbaru city government invest more in green 

infrastructure, including tree planting along streets and the development of city parks, to reduce UHI effects and 

enhance carbon sequestration. 

3.1. Urban Heat Island Analysis in Cities 

To obtain information on the level of residential comfort (THI), an analysis LST is necessary from the Land Surface 

Temperature data, patterns of heat distribution, known as UHI effect, can be determined. This analysis could help 

identifying areas with elevated temperatures compared to their surroundings, which are typically more uncomfortable 

for living due to higher heat retention. Understanding these patterns is crucial for addressing urban planning and public 

health concerns related to thermal comfort in residential areas. 

3.1.1. Land Surface Temperature (LST) 

The analysis of land surface temperature was conducted using Sentinel-2 imagery and direct field measurements. The 

results are presented in Table 3 as result from sentinel-2. 

Table 3. Result from analysis of land surface temperature was conducted using Sentinel-2 

Number Plot Digital Value Sentinel 2A (oC) Soil temperature from field measurements (oC) 

13 27,7 30,9 

14 27,4 30,9 

48 25,9 30,1 

36 26,1 29,7 

37 27,7 29,7 

8 27,1 29,4 

38 27,0 29,4 
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46 25,8 29,2 

18 26,3 29,1 

33 24,9 28,8 

49 25,2 27,9 

54 24,4 27,9 

34 24,6 27,7 

68 25,5 27,7 

6 24,1 27,3 

60 24,9 27,3 

67 24,3 27,3 

58 23,9 27,1 

63 24,4 27,1 

62 24,4 27,0 

66 23,9 27,0 

57 24,4 26,9 

56 23,0 26,3 

Based on table 3, a graph was constructed to model the relationship between field-measured land surface temperatures 

derived from Sentinel-2 imagery and those measured directly on the ground. The coefficient of determination (R²) 

obtained was 0.835, indicating a very strong correlation. Figure 3 below show illustration between field-measured soil 

temperatures and Sentinel 2. 

 

Figure 3. Graph of the relationship between field-measured soil temperatures and Sentinel 2 

The graph illustrates the relationship between LST and field soil temperature, where LST is measured in degrees 

Celsius. There is a positive correlation between the two variables, as depicted by the linear regression line with the 

equation y=0.926x+4.856. The coefficient of determination, R², is 0.835, indicating that about 83.5% of the variation 

in LST can be explained by the field soil temperature variable. The correlation between these variables is quite strong 

with an r value of 0.914, close to 1, indicating a very significant statistical relationship between field temperatures and 

measured land surface temperatures. This Results show that an increase in field soil temperature tends to be followed 

by an increase in LST. This equation is then used to predict the surface temperature values in the research area. The 

results shown in figure 4. 
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Figure 4. Land Surface Temperature 

This map of land surface temperature shows the distribution of temperatures in Banjarbaru in September 2023, as 

analyzed from LST data using Sentinel-2 satellite imagery. The highest temperature reaches 32.44°C in urban areas, 

generally concentrated in the western part of the region. Urban areas with high building density or open land without 

vegetation cover often trigger the UHI phenomenon [13]. Conversely, the lowest recorded temperature is 24.67°C and 

is more dominant in areas with denser vegetation, such as parks, forests, or agricultural areas that help maintain lower 

temperatures. Surface temperature variability in urban areas is influenced by land cover and land use, where surfaces 

like concrete and asphalt absorb and retain more heat compared to natural environments [6], [17], [18].  Vegetated 

areas, which typically have cooler surface temperatures, contribute to cooler air temperatures. Research has shown that 

land cover changes, such as a decrease in urban vegetation and an increase in population, can enhance anthropogenic 

heat emissions contributing to the intensity of the urban heat island [8]. Moreover, the spatial pattern of land cover also 

affects surface temperatures, where the transformation of natural landscapes into urban settlements can cause 

significant temperature increases compared to surrounding. 

Other studies have highlighted the importance of vegetation in reducing the urban heat island effect by showing that 

the presence of green spaces can help reduce surface temperatures and affect temperature patterns in urban areas. 

Furthermore, changes in land cover have also been shown to impact surface temperature distribution, where areas with 

natural forest cover or parks have lower temperatures compared to densely urbanized areas. Thus, research on the 

relationship between land cover, changes in surface temperature, and the effects of the urban heat island becomes 

crucial in the context of sustainable urban planning and adaptation to climate change [8], [19], [20]. 

3.1.2. Urban Heat Island (UHI) 

Based on the LST values, the UHI index was calculated, and the results are presented in the following figure 5. 

 

Figure 5. Urban Heat Island (UHI) Distribution Pattern 

Figure 5 shows a thematic map that illustrates the distribution of the UHI effect in the urban area of Banjarbaru, using 

Sentinel-2 image data from September 2023. Non-UHI areas, which do not show increased temperatures, are 

characterized by lighter, almost white colors, indicating regions with a temperature increase of 0 degrees, typically 

areas with good vegetation cover or open spaces unaffected by urban heat. UHI Class 1 (0-1 degrees), represented by 
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pale yellow, includes urban areas with slight temperature increases due to urban development but still retaining some 

vegetation or open spaces. UHI Class 2 (1-2 degrees), shown in a darker yellow, marks areas with moderate heat 

intensity possibly caused by a mix of urban infrastructure and lack of vegetation cover. Finally, UHI Class 3 (2-3 

degrees), marked in brown to reddish tones, indicates regions with significant temperature increases, usually associated 

with densely urbanized areas such as city centers or industrial zones with minimal vegetation. This map is useful for 

urban planners to identify heat zones and plan UHI mitigation strategies, such as enhancing green spaces or designing 

more efficient buildings. 

UHI is a phenomenon where urban areas experience significantly higher temperatures than surrounding rural areas. 

Urbanization and climate change have exacerbated this issue, sparking an urgent need to reduce its impacts through 

UHI mitigation in urban planning. Various UHI mitigation strategies have been proposed, such as the development of 

green spaces and changes in building materials to reduce the negative impacts of UHI and address future challenges. 

Other research shows that urban characteristics, local meteorological conditions, and the presence of green spaces 

influence UHI intensity. Moreover, the transition from rural landscapes to urban areas triggers UHI. In this context, it 

is vital to monitor the impacts of UHI to support sustainable urban planning [21]. 

UHI mitigation has become a critical topic across various fields such as urban ecology, urban planning, urban 

geography, and urban meteorology. UHI mitigation strategies, such as cool roofs and indoor temperature adjustments, 

can help reduce near-surface air temperatures and heat stress for residents. However, there is a planning dilemma 

regarding whether dense urban development is a viable UHI mitigation strategy. 

3.1.3. Temperature Humidity Index (THI) 

From the LST values supported by humidity data, the THI values are derived. Graphically, from these calculations, a 

map depicting the distribution of THI values is obtained as shown in figure 6 below. 

 

Figure 6. Distribution Pattern of Temperature Humidity Index (THI) 

Figure 6 presents the analysis of the THI in the Banjarbaru area, based on Sentinel-2 imagery for September 2023. THI 

is an indicator used to assess thermal comfort based on temperature and humidity. This map illustrates the thermal 

comfort index, reflecting comfort conditions based on temperature in a region. Areas with a THI up to 24 degrees, 

characterized by the lightest color on the map, are considered "Comfortable" zones and are primarily located in the 

eastern and western parts of the region. These zones may have dense vegetation or geographical features that support 

lower temperatures. Areas with a THI between 24 and 26 degrees are marked with a medium color and are grouped in 

the "Moderately Comfortable" class. This indicates areas with moderate climatic conditions that may already be 

influenced by urban factors such as asphalt and concrete that absorb heat. Regions with a THI above 26 degrees, marked 

by the darkest color, are classified as "Uncomfortable." These areas typically include densely developed urban regions, 

open areas, water bodies, and scrubland that tend to have higher temperatures due to a lack of vegetation or the direct 

effects of solar heating. This map is useful for policymakers and urban planners to target greening and cooling 

interventions in uncomfortable areas and to optimize comfort in urban and open zones. 

The Thermal Comfort Index compiled based on temperature and humidity has a significant impact on community life. 

THI is used to evaluate the thermal environment for both humans and animals, as temperature and humidity have 
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interactive effects on thermal comfort. Studies have shown that THI is utilized in various research concerning thermal 

comfort, both to prevent work disturbances and to assess outdoor thermal comfort. Furthermore, THI is also used in 

research to optimize building designs, such as in religious buildings. Its application can extend to other contexts, such 

as evaluating thermal comfort inside motor vehicles, in public spaces, in open areas, and in spaces with high occupancy 

density, such as mosques. Additionally, THI is used in research to predict the effects of climate change on thermal 

comfort in specific regions. 

3.2. Increases The Potential for Carbon Absorption and Its Ability to Reduce UHI 

3.2.1. Vegetation Carbon Reserves 

Based on the survey results, vegetation measurement data were obtained, as presented in the appendix. Following data 

processing, results were obtained for Carbon Storage Potential (kg/pixel) for each sample plot as shown in table 4 

below. 

Table 4. Carbon Storage Potential (kg/pixel) per Sample Plot 

No. Plot Number 
NDVI 

Value 

Total Carbon 

(kg/pix) 

 
No. Plot Number 

NDVI 

Value 

Total Carbon 

(kg/pix)  

1 10 0,27 10,62  18 35 0,46 103,69 

2 11 0,26 7,91  19 39 0,46 124,16 

3 12 0,32 10,40  20 40 0,48 152,18 

4 13 0,36 8,43  21 41 0,45 108,97 

5 15 0,36 30,68  22 42 0,53 148,14 

6 16 0,36 56,27  23 44 0,54 200,97 

7 17 0,35 28,40  24 46 0,53 160,68 

8 18 0,37 43,92  25 48 0,50 254,15 

9 19 0,36 60,45  26 49 0,54 133,59 

10 20 0,39 23,73  27 51 0,56 357,09 

11 22 0,35 29,70  28 56 0,65 419,41 

12 24 0,39 60,08  29 57 0,61 398,18 

13 25 0,35 39,08  30 59 0,64 450,71 

14 28 0,45 27,48  31 60 0,61 412,44 

15 31 0,45 87,71  32 62 0,65 452,22 

16 32 0,47 138,44  33 63 0,63 298,13 

17 34 0,43 99,59  34 64 0,63 295,59 

     35 68 0,73 646,20 

Based on table 4, the data shows a correlation between NDVI and carbon storage potential in vegetation, measured in 

kilograms per pixel (assuming a pixel size of 10m x 10m). NDVI is a commonly used indicator to assess the density 

and health of vegetation, with higher NDVI values indicating denser and healthier vegetation. NDVI is an important 

indicator for monitoring vegetation dynamics due to its relationship with above-ground biomass, thus underpinning the 

relationship between NDVI and carbon storage. From the data presented, it is observed that NDVI values range from 

0.26 to 0.73, indicating variations in vegetation density at different locations. Plots with higher NDVI values generally 

have greater total carbon, indicating that areas with denser vegetation tend to have higher carbon storage potential. For 

example, Plot Number 68 with an NDVI of 0.73 has the highest total carbon in the table at 646.20 kg per pixel, while 

Plot Number 11 with an NDVI of 0.26 has one of the lowest total carbons at 7.91 kg per pixel. The results listed are 

statistically processed into a Model of NDVI Value Relationship with Total Carbon (kgC/100m²) which shown in 

figure 7 below. 
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Figure 7. Model of NDVI Value Relationship with Total Carbon 

The graph in figure 7 shows the model of the relationship between the NDVI and Total Carbon measured in kilograms 

per 100 square meters. The plotted data show a positive correlation between NDVI and carbon content in vegetation, 

reflected in an upward trend: as NDVI increases, the total stored carbon also tends to increase. This emerging pattern 

indicates a positive relationship between NDVI and carbon storage: as NDVI increases, the total stored carbon also 

tends to increase. This is consistent with the understanding that denser vegetation, indicated by higher NDVI, typically 

has a greater capacity to absorb and store carbon from the atmosphere through photosynthesis. In this model, the listed 

linear regression equation is y = 1258.3x - 425.01. This equation indicates that for each one-point increase in NDVI 

value, the total stored carbon increases by approximately 1258.3 kg per 100m², after being offset by a constant factor 

of -425 kg per 100m². This suggests that vegetation with higher NDVI has the potential to store more carbon. The 

determination coefficient (R²) is 0.850, indicating that about 85% of the variation in total stored carbon can be explained 

by this regression model based on NDVI values. This is a strong indication that NDVI is a good predictor for estimating 

carbon content in vegetation. Additionally, the mentioned Pearson correlation value is 0.92, indicating a very strong 

relationship between NDVI and total carbon. A correlation value close to 1 indicates that the relationship between the 

two variables is very close, with higher NDVI values consistently correlating with increased carbon content. This figure 

provides a clear visual representation of the positive relationship between vegetation indicated by NDVI and carbon 

storage potential. This statement is in line with research suggesting that NDVI can reflect changes in vegetation cover 

and productivity, thereby impacting carbon dynamics. To confirm that the model is acceptable, a validation test of the 

above model was conducted. In this study, validation has been carried out to test the accuracy of the formula in a model. 

The validation test results are presented in table 5 below. 

Table 5. Model Validation Test Results for the Relationship of NDVI Value with Total Carbon 

Numb Plot Number NDVI Value Actual Value Estimation Value Difference 

1 14 0,37 5,44 37,9 1051,2 

2 21 0,34 22,83 2,5 413,8 

3 23 0,37 18,76 42,2 549,2 

4 26 0,42 26,27 98,6 5236,2 

5 27 0,45 13,63 144,9 17231,3 

6 29 0,46 22,38 154,3 17395,6 

7 30 0,43 26,67 112,3 7328,3 

8 33 0,43 43,84 119,8 5774,5 

9 36 0,44 532,05 128,0 163236,3 

y = 1258.3x - 425.01
R² = 0.8501
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10 37 0,47 55,45 170,0 13126,3 

11 38 0,47 50,82 168,7 13903,5 

12 43 0,55 66,45 270,4 41587,5 

13 45 0,57 47,50 298,1 62774,7 

14 47 0,54 53,66 260,1 42620,3 

15 50 0,58 416,36 298,5 13887,3 

16 52 0,54 123,28 256,1 17639,2 

17 53 0,54 112,81 250,4 18939,3 

18 54 0,53 119,44 245,7 15932,7 

19 55 0,65 188,60 388,6 39982,1 

20 58 0,65 2282,14 399,0 3546303,5 

21 61 0,62 572,35 354,0 47658,4 

22 65 0,65 202,13 395,0 37191,2 

23 66 0,64 1094,72 382,8 506846,3 

24 67 0,72 228,27 476,1 61417,1 

    Average 195751,1 

    RMSE 442,4 

The actual value represents the carbon amounts calculated from vegetation survey data collected in the field. The 

estimated value is derived from the application of a formula (model equation). From these two sets of data, the average 

difference was calculated, and RMSE and Normalized Root Mean Squared Error (NRMSE) were determined to be 

0.23%. The validation results of the model are considered accurate because the NRMSE value is less than 1%. 

Subsequently, the data were processed spatially to estimate the overall carbon potential in the city of Banjarbaru, which 

is displayed in figure 8 below. 

 

Figure 8. Carbon Storage Potential Classes (Kg C/pixel) 

Figure 8 is a map that shows the distribution of carbon storage potential in the research area, measured in kilograms 

per pixel. The map uses a color scheme to depict various levels of carbon storage potential, with the values provided 
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in the map legend. Green colors on the map indicate areas with lower carbon storage potential, ranging from 0 to 100 

kg per pixel. The darker the green, the higher the storage potential, reaching up to 200 kg per pixel. Light pink to dark 

red indicates increasingly higher carbon storage potential, with the particularly dark red areas showing very high carbon 

storage potential, ranging from 500 to 700 kg per pixel. 

In the context of the distribution of vegetation carbon storage potential in urban areas relative to changes in vegetation 

cover and surface temperature levels. Green infrastructure is considered to have the potential to reduce the effects of 

UHI and other climate change impacts. The decline in environmental quality in urban areas is caused by the reduction 

of space for vegetation due to rapid urbanization. Other studies indicate that changes in land cover can affect surface 

temperatures in urban areas, with urban areas tending to have higher temperatures than more vegetated rural areas. 

These changes are influenced by factors such as the loss of vegetation cover and the expansion of residential land. The 

relationship between vegetation density and building with surface temperatures in urban areas. The decreasing 

proportion of vegetation due to land use change can contribute to the UHI phenomenon. Thus, these studies provide 

deeper insights into how the distribution of urban vegetation carbon storage potential can be influenced by changes in 

vegetation cover and surface temperature levels. 

3.2.2. Vegetation Carbon Emissions / Uptake From 2020-2023 

Reviewing the carbon absorption conditions in the city of Banjarbaru, one can observe the carbon absorption over the 

last four years, from 2020 to 2023, as presented in figure 9 below. 

 

Figure 9. Vegetation Carbon Emission/Absorption from 2020 to 2023 

The map in figure 9 contains information on Banjarbaru’s carbon reserves from 2020, 2021, 2022, and 2023. On the 

map, green colors indicate areas with larger vegetation carbon reserves; the darker the green, the greater the carbon 

stored in that area. Conversely, red colors represent areas with lower carbon reserves, with darker red indicating fewer 

carbon reserves in those areas. The magnitude of the stored peat potential can be seen from the legend for each year. 

In 2020, carbon absorption reached the highest value of approximately 611 kgC/100m². However, carbon absorption 

values continued to decline in the following years, with a drastic decrease in 2022, falling to 307 kgC/100m² from 609 

kgC/100m² in 2021. In 2020, carbon absorption reached its peak, but significant decreases were observed in subsequent 

years. This decline could be due to climate change and land-use changes that commonly occur in urban areas. 

Additionally, population growth and rapid urban expansion also contribute to land-use changes and reduced carbon 

absorption. Studies have also shown that landscape changes due to urbanization can affect carbon sequestration rates, 

where urban trees generally have higher carbon sequestration rates than other green spaces due to a higher leaf area 

index. Grass cutting and natural conditions such as lack of rainfall also impact. Although urban green spaces can 

function as carbon sinks through photosynthesis, there is a negative tendency towards shrubbery among local 

communities due to low productivity and susceptibility to fire. Furthermore, land-use changes from forest to agriculture 

and urban areas can also lead to a decrease in carbon reserves. 

Therefore, to address the decline in carbon storage potential in urban areas, greater efforts are needed to change the 

current conditions both socially and physically, such as increasing green spaces, managing land use wisely, and paying 

attention to population growth and sustainable urban expansion. Furthermore, additional research is needed to 

understand the impact of urbanization on carbon reserves and to develop effective strategies to balance urban growth 
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with environmental conservation. The decreasing carbon reserves observed over the years are expected to continue 

diminishing as time progresses. Land changes, deforestation, forest degradation, and other human activities are some 

of the causes of the significant reduction in carbon reserves. 

3.3. Wireless Sensor Networks Analysis Data 

Based on the results of the analysis from increases the Potential for Carbon Absorption and Its Ability to Reduce UHI. 

Field data were collected using a WSN based on NDVI classes, which were analyzed using satellite imagery. This 

dataset provides real-time representations of field conditions from areas corresponding to the data obtained via 

Sentinel-2 imagery. Sensor data encompass air temperature and humidity, soil temperature and humidity, and 

concentrations of CO and CO2. This dataset is analyzed to calculate carbon emissions and absorption potentials in real-

time. The analysis of field data serves to validate satellite-derived data, leading to the development of a model that is 

validated against real-time field data through a WSN. Results indicate that carbon emissions and absorption can be 

effectively analyzed using data captured by sensors installed at coordinate points previously classified via satellite 

imagery. Figure 10 below shown progress while analyzing realtime data using WSN. 

 

Figure 10. Analysis Realtime Data using WSN 

The result presents atmospheric CO2 concentration measurements CO2 concentrations decreased from 569 ppm to 566 

ppm, with significant reductions recorded intermittently, reflecting a decrease of 1 ppm at several intervals. The 

columns labeled 'Mol CO2' and 'Massa C (gr/Cruang)' provide information on the amount of CO2 molecules and the 

associated carbon mass resulting from these changes. The 'Emisi (grC)' and 'Serapan (grC)' columns indicate that no 

carbon emissions were detected, and carbon absorption occurred, noted as -0.007562 grams on several measurements. 

Additionally, the top of the table includes calculations for average and total carbon absorption per day, per hectare per 

day, and per year, illustrating the rate of carbon sequestration in the observed area during the measurement periode. 

3.4. Low Carbon Green City Design Based on Land Cover 

Based on the results of the analysis from Objective 1, which emphasizes high UHI effects and high THI levels supported 

by Objective 2, which presents a low potential for carbon sequestration (as per the research findings) Objective 3 aims 

to address both Objective 1 and Objective 2. This is achieved by improving thermal discomfort and enhancing carbon 

sequestration through designs that focus on increasing biomass with a foundation in spatial and economic concepts: 

1) Urban farming 

2) Green building 

3) Green corridors 

The impact of these three concepts contributes to the enhancement of carbon stocks and further reduction of greenhouse 

gases, leading to potential engagement in carbon trading. 

4. Conclusion 

This research presents a design for a low-carbon green city based on vegetation in Banjarbaru using Sentinel-2 imagery, 

encompassing various aspects. The study successfully demonstrates that increasing vegetation cover significantly aids 
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in mitigating the UHI effect and enhancing carbon sequestration in urban environments. Detailed analyses employing 

GIS, field data, and real-time data via WSN emphasize the critical role of urban greenery in reducing local air 

temperatures and enhancing urban livability. Furthermore, the study highlights the potential of green infrastructure to 

function as carbon sinks, absorbing CO2 emissions and contributing to climate change mitigation. Through 

methodological advancements and practical applications, this research makes a significant contribution to urban 

planning and environmental management strategies aimed at fostering sustainable urban environments. 

In the context of Banjarbaru, a green city refers to an urban area designed to optimize green spaces, reduce carbon 

emissions, and enhance residents' quality of life through strategic vegetation planting and the use of green technologies. 

This includes the implementation of international standards such as ICLEI’s Green Climate Cities program and the 

World Business Council for Sustainable Development’s Urban Infrastructure Initiative. Technological advancements, 

such as the use of drones for vegetation mapping and the development of more advanced sensors for monitoring 

temperature and humidity, can enhance the effectiveness of future UHI mitigation and carbon sequestration strategies. 

The results of this study strongly suggest that the strategic placement of vegetation in urban planning can greatly 

improve thermal comfort and enhance carbon sequestration. We've pinpointed specific areas within Banjarbaru where 

adding more greenery could significantly cool down densely built-up areas currently suffering from high temperatures 

due to a lack of green cover. This research provides a validated model for other cities similar to Banjarbaru to follow, 

emphasizing the necessity of integrating environmental considerations into urban development to address the 

challenges posed by climate change and urbanization. This model can serve as a benchmark for developing future 

urban planning policies that prioritize green infrastructure, thereby enhancing both the ecological and social fabric of 

urban areas. 
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