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Abstract. The availability of data on the Human Development Index (HDI) is crucial as a gauge 

of regional performance, particularly in terms of assessing the development of human resources. 

In Indonesia, the collecting of HDI data uses the conventional method, such as undirect 

estimation, National Socio-Economic Survey (SUSENAS), The Ministry of Religion, or 

inventory of sectoral data that used the large cost, time, and effort. Additional data are required 

to provide more detailed poverty data at a lower cost and with more recent information to 

overcome these limitations. According to recent studies, the quality of life for measuring HDI 

can be identified down to the granular level using geospatial big data. Therefore, the contribution 

of this research is to implement the use of geospatial big data, such as integrated multi-source 

satellite imagery data and Point of Interest (POI). Besides that, this study develops the relative 

spatial-human development index in 11 km x 11 km resolution for the granular mapping of the 

quality of life to measure the HDI in East Java, Indonesia. The kinds of weighted sum models 

used in this study such as equal weight (EWS), Pearson (PCCWS), Spearman (SCCWS) 

correlation-based weight, and Principal Component Analysis (PCA)-based weight (PCAWS). 

The best RSHDI PCCWS for representing the human development index in East Java in 2022, 

which was determined using a weight-sum model based on Pearson correlation, has a correlation 

coefficient of 0.7858 (p-value = 5.078 x 10-9) and is highly correlated with official HDI data. 

The use of this RSHDI as a predictor variable in the estimation of HDI data shows the ideal 

model had an RMSE of 3.098% and an R2 of up to 61.75% using RSHDI PCCWS. According 

to the findings of the descriptive analysis of this map, areas with low RSHDI scores typically in 

some regencies areas in Madura Island and the east area of East Java with geographically 

depressed, while areas with high RSHDI scores typically have dense populations and have better 

accessibility such as urban area in Surabaya and Kota Malang. As a result, the official human 

development index data can be supported by the RSHDI's ability to map spatially deprive areas. 

1. Introduction 

As one measure of regional performance, especially in terms of evaluating the process of human 

resource development, the provision of data on the Human Development Index (HDI) is very important 

[1]. This data provides a general indication of the development needs and priorities of the population. 

According to the United Nations Development Program (UNDP), the process of increasing people's 
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options for their income, health, education, and physical environment is known as "human 

development," and the four main factors that must be taken into account are productivity, equity, 

sustainability, and empowerment [2]. While the HDI is defined by BPS-Statistics Indonesia as a 

composite index created by combining the life expectancy index, education index, and decent standard 

of living index [3]. The HDI is pertinent to be used as a benchmark to determine human development 

success because the calculation of the life expectancy index, education index, and a decent standard of 

living index includes economic and non-economic components such as quality education, health, and 

population.  

The calculation of the HDI in Indonesia is updated once a year to the level of the district/city only 

due to the presence of data. For example UNDP uses the dimensions of longevity and healthy life which 

are represented by indicators of life expectancy at birth but this calculation in BPS-Statistics Indonesia 

is done through an indirect approach (indirect estimation), the knowledge dimension is represented by 

the Expected Years of School and the Average Years Schooled which are the results of conventional 

survey namely National Socio-Economic Survey (SUSENAS) and the number of students data who are 

studying with a residence from the Ministry of Religion is the results of an inventory of sectoral data in 

the regions in Indonesia [4]. Additionally, the UNDP uses information on Gross National Income (GNI) 

per capita as a measure of a respectable standard of living. [1]. However, since this information is not 

available at the regional level, an adjusted real per capita expenditure indicator—which is adjusted and 

calculated using the SUSENAS results as well is used as a substitute. [4]. Thus, the data collection to 

measure HDI is generally still using conventional methods such as SUSENAS. 

SUSENAS typically gathers data through a ground-based house-hold survey that is conducted every 

six months. Unfortunately, this traditional approach to data collecting is expensive, time-consuming, 

labor-intensive, and has a limited reach [5]. Due to a lack of coverage and duration across several 

dimensions, Indonesia's human development data representation is constrained. Therefore, to overcome 

the shortcomings of the current home survey-based data collection, a human development index 

estimation with greater scope granularity and needing less expense and time to update is required. 

Compared to the collection of existing household survey data, the use of satellite image data from remote 

sensing and other geospatial big data such as point of interest (POI) from OpenStreetMap (OSM) has 

the potential to complement the limitations of development data and the quality of human life. Remote 

sensing is a technique for obtaining information about the Earth's surface through electromagnetic 

radiation generated by a device that is not in direct contact with the object [6, 26, 27]. The POI data 

contains locations of interest based on specific categories and is personalized according to context [7]. 

Thus, data collection using such methods can provide more accurate data [8, 28], because its uniqueness 

and objectivity in observing socio-economic and physical phenomena from different perspectives 

effectively [9, 29], and the use of lower costs, up to date, as well as the representation of the area 

coverage is granular [10,30,31]. However, data derived from such sources cannot be used directly as a 

substitute for conventionally obtained data such as SUSENAS, but can be used as alternative supporting 

data [11]. 

Recent research has demonstrated that geographic big data, such as nighttime light (NTL), may 

reveal population density [12], gross domestic product (GDP)[13], and electricity usage [14] which 

might identify the socioeconomic situations. Besides that, using the normalized difference vegetation 

index (NDVI) was significantly high positive correlated with HDI [15], and land surface temperature 

(LST) could show the high and low income with urban thermal which could identify the expenditure 

indicator [16]. The normalized difference built-up index (NDBI) could have the potential to identify the 

urban areas with the normalized difference water index (NDWI) which provide the accurate urban land 

to show the good quality of life area [17]. Moreover, the air pollution such as the carbon monoxide (CO) 

and the nitrogen dioxide (NO2) is related with the regional economic growth and city level characteristic 

that could identify the quality of life indicator [18][19], and the sulfur dioxide (SO2) could be used to 

identify the energy consumption [20]. The other geospatial big data such as POI density and POI cost 

distance could show the regional economic development to identify the poverty for show the quality of 

life [9]. Therefore, the difference of geographical characteristic could show the quality of life for show 
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the human development. In Indonesia, the use of geospatial big data such as remote sensing and POI for 

HDI mapping is still limited in granular level. To support official HDI data, this research is focused on 

developing a relative spatial human development index (RSHDI) based on multisource remote sensing 

and other geospatial big data, such as POI. This method uses an aggregation at 11 x 11 km level with 

granular mapping estimation that requires less time to update. As a result, it is anticipated that policy 

decisions will be more successful in achieving their objectives. 

2. Method 

2.1. Study Area 
The East Java is the province in Indonesia which has 38 regencies/municipalities with 666 sub-districts 

and has been selected in this research due to the lowest number of HDI in Java in 2022 in 72.75 [4]. 

This research is expected to make development planning in East Java will be good and accurate if 

available data and information to the granular level (in this study using 11 km) so that it can monitor 

and evaluate towards human resource development comprehensively to know faster progress in quality 

of life up from the side of the coverage of its territory. The distribution of official HDI data at the 

regency/municipality level is shown in Figure 1 along with a map of East Java, the case study, for the 

year 2022. The high HDI values tend in urban areas such as Kota Surabaya and Kota Malang, which 

have a HDI of 82.74 and 82.71 respectively. While areas with low HDI tend to be in central areas such 

as Lumajang District (66.95) and Madura Island such as Sampang District (63.69) and Pamekasan 

(66.99). Then in the western area has an average HDI above 70 or has a fairly good quality of human 

life such as Ngawi District (71.75), Nganjuk (72.93), and Jombang (74.05). 

 

Figure 1. East Java Province as the Study Area with its Official Human Development 

Index (HDI)  

2.2. Data Source 
In this research, point-of-interest (POI and multi-source satellite images were used to construct a model 

for estimating poverty.  Table 1 contains comprehensive details about the datasets. 
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Table 1. Summary of Data Source and Variables. 

Data Source Variable Band Unit Spatial Resolution 

Visible Infrared Imaging 

Radiometer Suite (VIIRS) 

Nighttime Light Intensity 

(NTL) 
avg_radian 

nanoWatts/ 

cm2/sr 
750 m 

Sentinel Multispectral 

Level 2A 

Normalized Difference 

Vegetation Index (NDVI) 

B4 (Red) dan 

B8 (NIR) 

index 10 m 

Normalized Difference Water 

Index (NDWI) 

B3 (Green) dan 

B8 (NIR) 

Normalized Difference Built-

Up Index (NDBI) 

B8 (NIR) dan 

B11 (SWIR 1) 

Soil Adjusted Vegetation 

Index (SAVI) 

B4 (Red) dan 

B8 (NIR) 

Moderate-resolution Imaging 

Spectroradiometer (MODIS) 

Day Time Land Surface 

Temperature (LST) 
LST Day 1 km 

Kelvin 1000 m 
Night Time Land Surface 

Temperature (LST) 
LST Night 1 km 

Sentinel-5P 

Carbon Monoxide (CO) 
CO Column 

Number Density 

mol/m2 1113.2 m Nitrogen Dioxide (NO2) 
NO2 Column 

Number Density 

Sulfur Dioxide (SO2) 
SO2 Column 

Number Density 

OpenStreetMap (OSM) 
POI Density - point - 

POI Distance - meter - 

In this study, data from remote sensing—including multi-source satellite images—as well as other 

geographic big data—including Point of Interest (POI) data from OpenStreetMap (OSM)—are used. 

The multi-source satellite images used in this work include Nighttime Light (NTL) intensity from 

NOAA-VIIRS, Normalized Difference Vegetation Index (NDVI), Soil Adjusted Vegetation Index 

(SAVI), Normalized Difference Water Index (NDWI), and Normalized Difference Built-Up Index 

(NDBI). NDVI and SAVI are a vegetation index that is analyzed through reflection brightness and 

absorption of Near-Infrared (NIR) and red band and can use to identify the quality of life [21]. Then, 

NDBI could have the potential to identify the urban areas [16], and NDWI which provide the accurate 

urban land and water area [17], that both can identify the poverty areas. These are the composing indices 

that were utilized for this study. The formula used to calculate NDVI, NDBI, and NDWI is as follows: 

𝑁𝐷𝑉𝐼 =
𝑁𝐼𝑅𝑏𝑎𝑛𝑑 8 − 𝑅𝐸𝐷𝑏𝑎𝑛𝑑 4
𝑁𝐼𝑅𝑏𝑎𝑛𝑑 8 + 𝑅𝐸𝐷𝑏𝑎𝑛𝑑 4

     (1) 

𝑁𝐷𝑊𝐼 =
𝐺𝑟𝑒𝑒𝑛𝑏𝑎𝑛𝑑 3 −𝑁𝐼𝑅𝑏𝑎𝑛𝑑 8
𝐺𝑟𝑒𝑒𝑛𝑏𝑎𝑛𝑑 3 +𝑁𝐼𝑅𝑏𝑎𝑛𝑑 8

 (2) 
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𝑁𝐷𝐵𝐼 =
𝑆𝑊𝐼𝑅𝑏𝑎𝑛𝑑 1 −𝑁𝐼𝑅𝑏𝑎𝑛𝑑 8
𝑆𝑊𝐼𝑅𝑏𝑎𝑛𝑑 1 +𝑁𝐼𝑅𝑏𝑎𝑛𝑑 8

 (3) 

𝑆𝐴𝑉𝐼 =
𝑁𝐼𝑅𝑏𝑎𝑛𝑑 8 − 𝑅𝐸𝐷𝑏𝑎𝑛𝑑 4

(𝑁𝐼𝑅𝑏𝑎𝑛𝑑 8 + 𝑅𝐸𝐷𝑏𝑎𝑛𝑑 4 + 0.5)
 𝑥 (1 + 0.5) (4) 

Other data from Sentinel-5P and MODIS were also used in this analysis, including daytime land 

surface temperature (LST), nitrogen dioxide (NO2), carbon monoxide (CO), and sulfur dioxide (SO2). 

Remote sensing satellite imaging data is received and analyzed using Google Earth Engine (GEE), a 

cloud-based platform designed to store and analyze geographic data for the Earth. POI data is a different 

type of geographic big data collection that was gathered using OSM and used in this investigation. Up 

until December 31, 2022, there were 17.542 points in East Java according to this study. These points 

were evaluated based on several criteria, including those related to economics, tourism, health, and 

education. Figure 2 through 13 in this study's data visualization display the study's data. 

 

Figure 2. Data visualization of NTL (nanoWatts/cm2/sr) in East Java, Indonesia 2022 from VIIRS 
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Figure 3. Data visualization of SAVI (index) in East Java, Indonesia 2022 from Sentinel MSI-Level 

2A 

 

Figure 4. Data visualization of SAVI (index) in East Java, Indonesia 2022 from Sentinel MSI-Level 2A 
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Figure 5. Data visualization of NDWI (index) in East Java, Indonesia 2022 from Sentinel MSI-Level 2A 

 

Figure 6. Data visualization of NDBI (index) in East Java, Indonesia 2022 from Sentinel MSI-Level 2A 
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Figure 7. Data visualization of CO (mol/m2) in East Java, Indonesia 2022 from Sentinel-5P 

 

Figure 8. Data visualization of SO2 (mol/m2) in East Java, Indonesia 2022 from Sentinel-5P 
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Figure 9. Data visualization of NO2 (mol/m2) in East Java, Indonesia 2022 from Sentinel-5P 

 

Figure 10. Data visualization of Daytime LST (Kelvin) in East Java, Indonesia 2022 from MODIS 
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Figure 11. Data visualization of Nighttime LST (Kelvin) in East Java, Indonesia 2022 from MODIS 

 
Figure 12. Data visualization of POI Density (points) in East Java, Indonesia 2022 from OSM 
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Figure 13. Data visualization of POI Distance (meter) in East Java, Indonesia 2022 from OSM 

2.3. Research Framework 

 In this study, a relative spatial human development index (RSHDI), which describes human 

development index with better scope granularity, at a lower cost, and with shorter update times, is being 

developed. The purpose of relative spatial human development index (RSHDI) is to improve upon the 

shortcomings of the current household survey-based approaches to poverty data collection. Beginning 

with data collection, pre-processing, integration, transformation, correlation analysis, variable selection, 

and relative spatial human development index (RSHDI) calculation, the study then validated and 

interpreted the findings. We used R Studio, Python 3.6.9, and QGIS 3.28 to carry out our analysis and 

visualization. The 11 km x 11 km resolution relative spatial human development index (RSHDI) spatial 

human development index map and its validation were the expected results. Figure 14 of the 

explanations below provide more thorough explanations. 

 

Figure 14. The Research Framework  

2.4. Data Transformation 

In order to handle data values that can be both positive and negative, the Yeo-Johnson power 

transformation, a variant of the Box-Cox transformation, is used [22]. By restructuring the variables to 
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fit a Gaussian or more normal distribution, this transformation strategy is excellent for dealing with 

variables with different units throughout all ranges [23]. The following describes the formula data 

transformation strategy applied in this study:   

𝑦𝜆(𝑥)

{
  
 

  
 
(1 + 𝑥)𝜆 − 1

𝜆
, 𝜆 ≠ 0 𝑑𝑎𝑛 𝑥 ≥ 0  

𝑙𝑜𝑔(1 + 𝑥), 𝜆 = 0 𝑑𝑎𝑛 𝑥 ≥ 0 

−
(1 − 𝑥)2−𝜆

2 − 𝜆
, 𝜆 ≠ 2 𝑑𝑎𝑛 𝑥 < 0 

−𝑙𝑜𝑔(1 − 𝑥), 𝜆 = 2 𝑑𝑎𝑛 𝑥 < 0 

      (5) 

If the variables follow a normal distribution, a parameter, which is calculated using the Maximum 

Likelihood approach, is used to apply the Yeo-Johnson transformation to each individual variable or 

input data value, indicated as x. A linear connection is created when the family of transformations has a 

parameter value of λ=1. The distribution is then modified by the transformation, which condenses the 

right tail at λ < 1 to make the distribution right-skewed and more symmetric. In contrast, when λ >1, the 

left tail becomes more symmetrical, especially for left-skewed distributions. 

2.5. Relative Spatial Human Development Index (RSHDI) Calculation 

Selected geographical variables that indicate human development in East Java are superimposed to 

construct the relative spatial human development index (RSHDI). The variables were overlaid using a 

weighted sum model that we created. The weighted sum model is applied for relative spatial human 

development index (RSHDI) construction in the formula that follows: 

𝑅𝑆𝐻𝐷𝐼 =  ∑𝑤𝑖𝑥𝑖

𝑝

𝑖=1

 

(6) 

where w is the allocated weight, x is the observed value, and p is the total number of overlay variables. 

The weight computation was done using two different methods. First, we developed the correlation-

based weights with Equal Weighted Sum (EWS) that based on the Pearson Correlation Coefficient 

Weighted Sum (PCCWS) and Spearman Correlation Coefficient Weighted Sum (SCCWS). It is 

considered that variables with larger correlations more accurately reflect the quality of life. Second, we 

used the weight based on Principle Component Analysis Weighted Sum (PCAWS). Some previous 

researches use the correlation and PCA weighted based for granular mapping to estimate such as poverty 

and quality of life [24][21][25]. This study uses those methods for granular mapping of spatial 

distribution for human development in East Java, Indonesia.  

2.6. Model Evaluation 

To ascertain the association between each geographical variable described in this study and the official 

human development index (HDI) data for East Java, correlation analysis was carried out. Although we 

wanted to measure the link at the 11 km x 11 km level, we were only able to do so due to the official 

human development index data's limitations. To ascertain this, both Pearson and Spearman correlation 

studies were used. The formula to calculate the Pearson and Spearman correlation coefficient (r) is 

shown in the equation below: 

𝑟𝑥𝑦 =
𝑛 ∑ 𝑥𝑖  𝑦𝑖

𝑛
𝑖=1   − (∑ 𝑥𝑖)

𝑛
𝑖=1   (∑ 𝑦𝑖

𝑛
𝑖=1  )

√(𝑛 ∑ 𝑥𝑖
2 − 𝑛

𝑖=1  (∑ 𝑥𝑖
𝑛
𝑖=1  )2 √(𝑛 ∑ 𝑦𝑖

2𝑛
𝑖=1  − (∑ 𝑦𝑖

𝑛
𝑖=1  )2

 
                (7) 

𝑟𝑠 = 1 −
6 ∑ 𝑑𝑖

2𝑛
𝑖=1

𝑛3 −  𝑛
                 (8) 
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where n is the number of observations and 𝒓𝒙𝒚 is the correlation between the features and the second 

feature. By converting the observation value to its difference ranking value (𝒅𝒊
𝟐), the Spearman 

correlation is determined in the same manner. Between 0 and 1 is the correlation coefficient (r). A 

positive or negative sign denotes the direction of the connection. After that, the correlation significance 

test is run to see if the correlation coefficient was statistically significant at the level of 0.05 (significance 

level). The alternative hypothesis is characterized as supposing that there is a correlation between the 

two variables, as opposed to the null hypothesis, which states that there is no association between the 

two variables. The table 2 below instructions for analyzing the correlation coefficient (r) data based on 

the correlation coefficient [23]. 

Table 2. Correlation coefficient interpretation 

Correlation Coefficient Interpretation 

0.00 ≤  |𝑟| ≤  0.199 Very weak 

0.20 ≤  |𝑟|  ≤  0.399 Weak 

0.40 ≤  |𝑟|  ≤  0.599 Moderate 

0.60 ≤  |𝑟|  ≤  0.799 Strong 

0.80 ≤  |𝑟|  ≤  1.000 Very strong 

 

The variables we selected from this correlation study are statistically significant and are correlated 

with the East Java official human development index data, as determined by hypothesis testing. To 

develope the relative spatial human development index (RSHDI), variables that linearly reflect the 

human development index of East Java were used. The validation evaluation is a critical step in 

determining how well the relative spatial human development index (RSHDI) can represent human 

development in East Java. We used numerical evaluation by root mean square error (RMSE) and R2 to 

measure the numerical similarity between the generated result and the supplied ground truth data. The 

calculation is shown in the following formulas: 

𝑅𝑀𝑆𝐸 =  √
1

𝑛
∑(�̂�𝑖 − 𝑦𝑖)

2

𝑛

𝑖=1

               (9) 

𝑅2 = 1 −
∑ (�̂�𝑖 − 𝑦𝑖)

2𝑛
𝑖=1

∑ (𝑦𝑖  − 𝑦𝑖)
2𝑛

𝑖=1

              (10) 

 

where n is the number of observations, 𝒚𝒊 is the real value, �̅�𝒊 is the predicted value. Due to the 

restrictions of the availability of ground-truth data, each pixel cannot be evaluated. Therefore, to provide 

administrative-based statistics for comparison, we averaged the pixel values for each 

regency/municipality by computing the mean. 

3. Result 

3.1. Correlation Model Development 

Correlation analysis was used in this study to determine the strength and direction of the relationship 

between each geographic variable and the official human development statistics. Correlation analysis is 

carried out after the data have been pre-processed and transformed. Due to the limitations of official 

human development index statistics, which are only available at the regency/municipality level, we 

combined the pixel-sized geographic variable data by taking the median value for each 

regency/community. 38 observations were thus collected for each geographic variable. To better 

understand the relationship between geographic factors and the official human development index at the 

regency/municipality level, we used correlation analysis. We obtained correlation coefficients from this 
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study, which show how closely related the variables are, and p-values, which demonstrate whether 

correlations are statistically significant. The correlation coefficient was calculated using the Pearson and 

Spearman rank correlations. The results of the correlation analysis are shown in Table 3, which 

demonstrates that (except for SO2) the variables NTL, NDWI, NDBI, Daytime LST, Nighttime LST, 

CO, NO2, SO2, and POI Density have a positive direction connection and are statistically significant. 

This illustrates how the increment values of these variables will rise in lockstep with the official HDI 

value. With HDI and significant, NDVI, SAVI, and POI Distance all move in the opposite direction. 

Table 3. The correlation analysis between geospatial variables and the official human development 

index at the regency/municipality level. 

Variable 

Pearson Correlation  

Test 

Spearman Rank  

Test Direction & 

Closeness 

Statistically 

Significant Correlation 

Coefficient 
p-value 

Correlation 

Coefficient 
p-value 

NTL 𝟎. 𝟕𝟐𝟒𝟒 𝟐. 𝟕𝟐𝟖 𝒙 𝟏𝟎−𝟕 𝟎. 𝟔𝟕𝟒𝟒 𝟔. 𝟑𝟓𝟖 𝒙 𝟏𝟎−𝟔 Positive Strong Yes 

NDVI −𝟎. 𝟓𝟎𝟑𝟗 𝟏. 𝟐𝟓𝟖 𝒙 𝟏𝟎−𝟑 −𝟎. 𝟒𝟕𝟗𝟔 𝟐. 𝟓𝟖𝟏 𝒙 𝟏𝟎−𝟑 Negative Moderate Yes 

SAVI −𝟎. 𝟔𝟎𝟓𝟗 𝟓. 𝟓𝟑𝟗 𝒙 𝟏𝟎−𝟓 −𝟎. 𝟓𝟕𝟑𝟓 𝟐. 𝟏𝟕𝟑 𝒙 𝟏𝟎−𝟒 
Negative 

Strong/Moderate 
Yes 

NDWI 𝟎. 𝟒𝟒𝟎𝟑 𝟓. 𝟔𝟕𝟑 𝒙 𝟏𝟎−𝟑 𝟎. 𝟒𝟎𝟕𝟐 𝟏. 𝟏𝟕𝟏 𝒙 𝟏𝟎−𝟐 Positive Moderate Yes 

NDBI  𝟎. 𝟔𝟓𝟔𝟓 𝟕. 𝟔𝟏𝟓 𝒙 𝟏𝟎−𝟔 𝟎. 𝟔𝟏𝟔𝟒 𝟓. 𝟒𝟔𝟗 𝒙 𝟏𝟎−𝟓 Positive Strong Yes 

LST Day 𝟎. 𝟔𝟎𝟑𝟓 𝟔. 𝟎𝟓𝟒 𝒙 𝟏𝟎−𝟓 𝟎. 𝟔𝟓𝟎𝟓 𝟏. 𝟓𝟗𝟗 𝒙 𝟏𝟎−𝟓 Positive Strong Yes 

LST Night 𝟎. 𝟒𝟖𝟔𝟕 𝟏. 𝟗𝟒𝟒 𝒙 𝟏𝟎−𝟑 𝟎. 𝟓𝟎𝟗𝟖 𝟏. 𝟐𝟓𝟎 𝒙 𝟏𝟎−𝟑 Positive Moderate Yes 

CO 𝟎. 𝟑𝟗𝟕𝟓  𝟏. 𝟑𝟒𝟔 𝒙 𝟏𝟎−𝟐 𝟎. 𝟒𝟏𝟎𝟎 𝟏. 𝟏𝟏𝟎 𝒙 𝟏𝟎−𝟐 
Positive 

Weak/Moderate 
Yes 

NO2 𝟎. 𝟓𝟎𝟓𝟐 𝟏. 𝟐𝟏𝟔 𝒙 𝟏𝟎−𝟑 𝟎. 𝟓𝟏𝟖𝟔 𝟏. 𝟎𝟎𝟏 𝒙 𝟏𝟎−𝟑 Positive Moderate Yes 

SO2 𝟎. 𝟐𝟑𝟔𝟑 𝟏. 𝟓𝟑𝟑 𝒙 𝟏𝟎−𝟏 𝟎. 𝟏𝟔𝟖𝟖 𝟑. 𝟎𝟗𝟕 𝒙 𝟏𝟎−𝟏 
Positive Weak/Very 

Weak 
No 

POI 

Density 
𝟎. 𝟕𝟖𝟏𝟗 𝟔. 𝟖𝟎𝟕 𝒙 𝟏𝟎−𝟗 𝟎. 𝟕𝟑𝟏𝟑 𝟏. 𝟖𝟒𝟎 𝒙 𝟏𝟎−𝟕 Positive Strong Yes 

POI 
Distance 

−𝟎. 𝟔𝟒𝟓𝟑 𝟏. 𝟐𝟏𝟖 𝒙 𝟏𝟎−𝟓 −𝟎. 𝟔𝟔𝟏𝟗 𝟏. 𝟎𝟑𝟓 𝒙 𝟏𝟎−𝟓 Negative Strong Yes 

3.2. PCA Model Development 

PCA is used to reduce dimensions so that the main components have their respective variance 

proportions to all the variables in the data. Based on table 4, the components used are the first three 

components, namely component 1, component 2, and component 3 with a cumulative variance of 84.282 

% of all variables in the data. 

Table 4. The PCA and each component variance performance analysis. 

Variable Eigen Value Proportion of Variance Variance Cumulative Percentage 

Component 1 5.5767 0.4647 46.471% 

Component 2 2.7466 0.2289 69.360% 

Component 3 1.8146 0.1512 84.482% 

Component 4 0.7834 0.0653 91.010% 

Component 5 0.4561 0.0380 94.811% 

Component 6 0.2107 0.0176 96.567% 

Component 7 0.1695 0.0142 97.980% 

Component 8 0.1234 0.0103 99.009% 

Component 9 0.0926 0.0077 99.781% 

Component 10 0.0168 0.0014 99.920% 

Component 11 0.0074 0.0006 99.982% 

Component 12 0.0022 0.0002 100.000% 
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The following table 5 shows the loadings or components in the eigenvectors for each component to 

all variables. In this study, components 1, 2 and 3 will be weighted to form a relative spatial human 

development index (RSHDI) where a combination will be carried out, namely the sum of component 1 

alone, the sum of component 1 and component 2, as well as the sum between components 1,2, and 3. 

Table 5. The eigen vector of PCA component (loadings) for each variable. 

Variable NTL 
NDV

I 
SAVI 

NDW

I 
NDBI 

LST 

Day 

LST 

Night 
CO NO2 SO2 

POI 

Densit

y 

POI 

Distanc

e 

Comp. 1 
0.38

1 

-

0.242 

-

0.279 
0.203 0.339 0.299 0.260 0.259 0.327 0.094 0.333 -0.335 

Comp. 2 
0.04

6 

-

0.481 

-

0.438 
0.499 0.008 -0.352 -0.364 

-

0.107 

-

0.072 

-

0.002 
-0.149 0.176 

Comp. 3 
0.05

5 
0.064 

-
0.007 

-0.119 0.354 -0.105 -0.072 0.516 0.202 
-

0.604 
-0.296 0.280 

Comp. 4 
0.28

9 
0.196 0.169 -0.234 0.192 -0.399 -0.511 0.113 0.304 0.470 0.106 -0.032 

Comp. 5 
0.21

9 
0.041 0.033 -0.115 0.289 -0.082 -0.283 

-

0.151 

-

0.596 

-

0.389 
0.311 -0.374 

Comp. 6 
0.19

8 
0.002 0.043 0.076 0.023 0.075 0.136 0.532 

-
0.617 

0.400 -0.028 0.324 

Comp. 7 
0.03

8 
0.035 0.041 0.083 

-

0.375 
-0.136 0.021 0.119 0.116 

-

0.243 
0.758 0.409 

Comp. 8 
0.80

3 

-

0.135 
0.155 0.004 

-

0.408 
-0.014 0.121 

-

0.184 
0.038 

-

0.168 
-0.293 0.0236 

Comp. 9 
0.16

8 
0.045 

-
0.159 

-0.201 0.464 0.219 0.086 
-

0.516 
-

0.005 
0.077 0.076 0.596 

Comp. 

10 

0.02

3 

-

0.006 

-

0.703 
-0.615 

-

0.309 
0.048 -0.082 0.129 

-

0.049 
0.014 -0.0216 -0.054 

Comp. 

11 

0.01

2 
0.066 0.060 0.152 

-

0.146 
0.728 -0.635 0.070 0.049 

-

0.028 
-0.046 0.067 

Comp. 
12 

0.05
7 

0.812 
-

0.386 
0.418 0.009 -0.076 0.054 

-
0.032 

-
0.012 

-
0.014 

-0.045 -0.047 

3.3. Relative Spatial Human Development Index (RSHDI) Weighted Calculation 

We determined the relative spatial human development index (RSHDI) using a weighted sum overlay 

and variables that had a strong correlation to the official East Java HDI data. In this study, four methods 

for calculating weights were used: EWS (W1), PCCWS (W2), SSCWS (W3), and PCAWS (W4). The 

derived weight calculations are shown in Table 6 

Table 6. The Weight values for RSHDI approaches 

Variable W1 (EWS) W2 (PCCWS) W3 (SCCWS) W4 (PCAWS) 

NTL +1 𝟎. 𝟕𝟐𝟒𝟒 𝟎. 𝟔𝟕𝟒𝟒 0.482 

NDVI -1 −𝟎. 𝟓𝟎𝟑𝟗 −𝟎. 𝟒𝟕𝟗𝟔 -0.687 

SAVI -1 −𝟎. 𝟔𝟎𝟓𝟗 −𝟎. 𝟓𝟕𝟑𝟓 -0.724 

NDWI +1 𝟎. 𝟒𝟒𝟎𝟑 𝟎. 𝟒𝟎𝟕𝟐 0.583 

NDBI +1  𝟎. 𝟔𝟓𝟔𝟓 𝟎. 𝟔𝟏𝟔𝟒 0.701 

LST Day +1 𝟎. 𝟔𝟎𝟑𝟓 𝟎. 𝟔𝟓𝟎𝟓 -0.158 

LST Night +1 𝟎. 𝟒𝟖𝟔𝟕 𝟎. 𝟓𝟎𝟗𝟖 -0.176 

CO +1 𝟎. 𝟑𝟗𝟕𝟓  𝟎. 𝟒𝟏𝟎𝟎 0.668 

NO2 +1 𝟎. 𝟓𝟎𝟓𝟐 𝟎. 𝟓𝟏𝟖𝟔 0.457 

SO2 Not Significant Not Significant Not Significant -0.512 

POI Density +1 𝟎. 𝟕𝟖𝟏𝟗 𝟎. 𝟕𝟑𝟏𝟑 -0.112 

POI Distance -1 −𝟎. 𝟔𝟒𝟓𝟑 −𝟎. 𝟔𝟔𝟏𝟗 0.121 

In this study, the W1 through W5 are calculated on a grid with a spatial resolution of 11 km x 11 km 

to produce a map of human development, as shown in Figures 12 through 16. We present the min-max 
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scaled relative spatial poverty map, with values displayed that range from 0 to 1, making interpretation 

easier. From Figures 15 to 18, the human development maps produced by the RSHDI1 through the 

RSHDI4 have produced results that are remarkably similar. High values are primarily found in the urban 

areas of Kota Surabaya, Kota Malang, Kota Batu, Kota Kediri, Kota Madiun, and other parts of East 

Java. 

 

Figure 15. The obtained scaled of RSHDI EWS 

 

Figure 16. The obtained scaled of RSHDI PCCWS 
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Figure 17. The obtained scaled of RSHDI SCCWS 

 

 

Figure 18. The obtained scaled of RSHDI PCAWS 

4. Discussion 

The obtained relative spatial human development index (RSHDI) was then validated through numerical 

and descriptive analysis. During the numerical analysis, we focused on figuring out how closely the 
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relative spatial human development index (RSHDI) results matched the official HDI data numerically. 

Due to the limitations of the official poverty statistics, which are only available up to the 

regency/municipality level, it is not possible to examine every pixel. To combine the relative spatial 

human development index (RSHDI) pixel values, we took the mean of the 38 relative spatial human 

development index (RSHDI) values that were obtained for each regency/municipality. Correlation 

analysis (Pearson and Spearman Rank) and RMSE computation from linear regression are the two 

techniques used for numerical evaluation. Table 7 presents the correlation analysis that was obtained. 

Table 7. Relationship between the official regency/municipality level HDI and the RSHDI 

RSHDI 

Pearson Correlation 

Test Spearman Rank Test 

Closeness 
Directi

on 

Statistically 

Significant 

Correlati

on 

Coefficie

nt 

p-value 
Correlatio

n 

Coefficient 

p-value 

RSHDI EWS 0.7762 𝟏. 𝟎𝟑𝟏 𝒙 𝟏𝟎−𝟖 0.7523 3.921 x 10-7 Strong 
Positiv

e 
Yes 

RSHDI PCCWS 0.7858 5.078 x 10-9 0.7665 2.671 x 10-7 Strong 
Positiv

e 
Yes 

RSHDI SCCWS 0.7837 5.970 x 10-9 0.7779 1.976 x 10-7 Strong 
Positiv

e 
Yes 

RSHDI PCAWS 0.6583 7.056 x 10-6 0.5968 1.046 x 10-4 
Strong/Mo

derate 

Positiv

e 
Yes 

Table 7 shows that each relative spatial human development index (RSHDI) has a statistically 

significant correlation to the official HDI data (p-value 0.05). Except for the RSHDI PCAWS, which 

has a moderately positive Spearman rank correlation, the Pearson and Spearman rank correlation 

coefficient reveals that the RSHDI EWS, RSHDI PCCWS, and RSHDI SCCWS are strongly positively 

correlated to the official human development index data. The RSHDI PCCWS, which uses correlation-

based weight to calculate correlation coefficients, had the highest correlation coefficient (Pearson 

correlation coefficient = 0.7858 (p-value = 5.078 x 10-9) and Spearman rank correlation coefficient = 

0.7837 (p-value = 5.970 x 10-9). The direction is positive, indicating that the RSHDI variables' increment 

values tend to match the official HDI data's increment percentage. Additionally, using the relative spatial 

human development index (RSHDI) as the independent variable and the HDI data as the dependent 

variable, we constructed a simple linear regression model. The obtained model, along with its RMSE 

and R2 value for each relative spatial human development index (RSHDI), are displayed in Table 8. 

Table 8. Simple linear regression result 

  RSHDI EWS RSHDI PCCWS RSHDI SCCWS RSHDI PCAWS 

Model 71.0510 + 0.7662RSHDI 

70.9925 +  

1.3029RSHDI 

70.9947 +  

1.3359RSHDI 

71.7070 + 

1.3836RSHDI 

RMSE 3.159% 3.098% 3.112% 3.771% 

R
2

 0.6024 0.6175 0.6141 0.4333 

The model created by RSHDI PCCWS, as can be seen, has the lowest RMSE value (3.098%) and 

the highest R2 value (61.75%). The R2 value obtained is 0.6175 which means 61.75% of the official HDI 

variance data can be explained through estimates on linear regression equations using RSHDI PCCWS 

as an independent variable. Then the value of 1.3029 as the slope on the equation indicates that each 

increase in the PCCWS RSHDI value will increase the HDI value by 1.3029. Then, the value 70.9925 

is the intercept value, which shows that if the PCCWS RSHDI value is 0 then the estimated HDI value 

is 70.9925. 
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4.1. Comparison Between PCCWS RSHDI with Official HDI Data 

As a result, we can say that RSHDI PCCWS is the best index to quantitatively predict the data from the 

official human development index (HDI). So, we decide that the RSHDI PCCWS is the index that best 

captures the official HDI data for granular mapping estimation. 

Figure 19 compares the official HDI data with the aggregated relative spatial human development 

index (RSHDI) with Pearson Correlation Coefficient Weighted Sum (PCCWS) at the 

regency/municipality level with scatter plot. Due to the official HDI data's limitations, which limit its 

availability to the regency/municipality level, aggregation is done. Figure 20 illustrates the relative 

spatial human development index (RSHDI) mapping at the municipal/regent level for simple 

interpretation. 

 

 
Figure 19. The Scatter Plot of RSHDI PCCWS and 

Official HDI data at Regency/Municipality 

 
Figure 20. Comparison of HDI Estimation from RHSDI PCCWS (left) and Official HDI Data (right) 

Based on figure 20, the results of both mapping show that high estimates of HDI are concentrated in 

urban areas such as Kota Surabaya, Kota Malang, Kota Batu, Kota Probolinggo and so on. This is in 

line with the Official HDI data that shows that in urban areas with densely populated, good accessibility, 

as well as good economics show higher HDI values than other areas. Then, the results of the HDI 

estimates also showed that in the eastern region of East Java such as Jember, Banyuwangi, Lumajang, 
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Bondowoso, and so on has a lower result of the HDI compared to other areas which are also shown by 

official data as well. By visually mapping, the estimate is not much different from the official data so 

the PCCWS RSHDI is well used in the linear regression model with RMSE of 3.098%. 

RSHDI PCCWS is the development of a granular spatial-based human development index with a 

correlation weight approach and its composer variables are big geospatial data variables such as NTL, 

NDVI, NDWI, LST, Air pollution, LST, and POI data. This developed index can be used to monitor 

and see the distribution of quality of life and human development in a more granular manner at a cheaper 

cost, faster time, and up to date. This data can be used as an accompanying or supporting the official 

data source to look at areas with poor or good spatially granular quality of life and human development. 

However, the use of such data cannot be used to replace conventional data sources such as SUSENAS 

as this data does not contain data in detail for individuals such as name by address to have a direct 

impact on individuals in the area. Better use is to combine both such data as a source of material for the 

evaluation of quality of life and human development as at the granular level such as a region has low 

PCCWS RSHDI values (assuming low HDI values as well) then can be done development planning in 

the area for example construction of schools, hospitals, the provision of social assistance based on 

detailed data from conventional data, and so on to improve the standard of living and quality of human 

life in the region. Thus, geospatial big data sources and conventional data sources are jointly beneficial 

in policy making and so on for quality of life and human development. 

5. Conclusion 

To address the limitations of the current household survey-based HDI data collection, this study offers 

a relative spatial human development index (RSHDI) that has better scope granularity, is less expensive, 

and requires less time to update. The relative spatial human development index (RSHDI) calculations 

use multisource remote sensing satellite imagery. Geospatial variables used in the calculation of the 

relative spatial human development index (RSHDI) in the case study area of East Java, Indonesia include 

the normalized difference built-up index (NDBI), the normalized difference vegetation index (NDVI), 

the soil adjusted vegetation index (SAVI), the normalized difference water index (NDWI), the day and 

nighttime land surface temperature (LST), carbon monoxide (CO), nitrogen dioxide (NO2), sulfur 

dioxide (SO2), and the nighttime light intensity (NTL). After that, a weighted sum model is applied to 

these variables, using equal weight (EWS), Pearson (PCCWS) and spearman (SCCWS) correlation-

based weight, and PCA-based weight (PCAWS). It was discovered that Indonesia's human development 

index in 2022 has a good chance of succeeding using multisource remote sensing to represent East Java. 

This is demonstrated by the strong correlation between the official poverty statistics and the relative 

spatial human development index (RSHDI) at the regency/municipality level. According to a weight-

sum model based on Pearson correlation, the best RSHDI PCCWS for representing human development 

index in East Java in 2022 has a Pearson correlation coefficient of 0.7858 (p-value = 5.078 x 10-9) and 

is strongly correlated with official HDI data. It is also very promising to use this relative spatial human 

development index (RSHDI) as a predictor variable when estimating HDI data. We created a 

straightforward linear regression model, using relative spatial human development index (RSHDI) as 

the sole predictor variable, to estimate the official HDI for East Java, Indonesia, in 2022. Using RSHDI 

PCCWS, the ideal model had an RMSE of 3.098% and an R2 of up to 61.75%. Then, RSHDI is presented 

using a non-technical, user-friendly HDI map with a spatial resolution of 11 km x 11 km. According to 

the findings of the descriptive analysis of this map, regions with low relative spatial human development 

index (RSHDI) scores tend to be sparsely populated, geographically depressed regions with inadequate 

accessibility, such as some of the regencies in Madura Island and the eastern region of East Java, while 

regions with high relative spatial human development index (RSHDI) scores tend to be densely 

populated regions with adequate accessibility, such as Surabaya and Kota Malang. As a result, the 

official human development index data can be supported by the RSHDI's ability to map spatially deprive 

areas. 
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