

  ijgi-11-00275




ijgi-11-00275







ISPRS Int. J. Geo-Inf. 2022, 11(5), 275; doi:10.3390/ijgi11050275




Article



Developing Relative Spatial Poverty Index Using Integrated Remote Sensing and Geospatial Big Data Approach: A Case Study of East Java, Indonesia



Salwa Rizqina Putri 1[image: Orcid], Arie Wahyu Wijayanto 1[image: Orcid] and Anjar Dimara Sakti 2,*[image: Orcid]





1



Department of Statistical Computing, Politeknik Statistika STIS, Jakarta 13330, Indonesia






2



Remote Sensing and Geographic Information Science Research Group, Faculty of Earth Science and Technology, Institut Teknologi Bandung, Bandung 40132, Indonesia









*



Correspondence: anjar@itb.ac.id







Academic Editors: Wolfgang Kainz, Nicholas Hamm, Qian Sun and Keone Kelobonye



Received: 23 January 2022 / Accepted: 2 April 2022 / Published: 24 April 2022



Abstract

:

Poverty data are usually collected through on-the-ground household-based socioeconomic surveys. Unfortunately, data collection with such conventional methods is expensive, laborious, and time-consuming. Additional information that can describe poverty with better granularity in scope and at lower cost, taking less time to update, is needed to address the limitations of the currently existing official poverty data. Numerous studies have suggested that the poverty proxy indicators are related to economic spatial concentration, infrastructure distribution, land cover, air pollution, and accessibility. However, the existing studies that integrate these potentials by utilizing multi-source remote sensing and geospatial big data are still limited, especially for identifying granular poverty in East Java, Indonesia. Through analysis, we found that the variables that represent the poverty of East Java in 2020 are night-time light intensity (NTL), built-up index (BUI), sulfur dioxide (SO2), point-of-interest (POI) density, and POI distance. In this study, we built a relative spatial poverty index (RSPI) to indicate the spatial poverty distribution at 1.5 km × 1.5 km grids by overlaying those variables, using a multi-scenario weighted sum model. It was found that the use of multi-source remote sensing and big data overlays has good potential to identify poverty using the geographic approach. The obtained RSPI is strongly correlated (Pearson correlation coefficient = 0.71 (p-value =   5.97 ×   10   − 7    ) and Spearman rank correlation coefficient = 0.77 (p-value =   1.58 ×   10   − 8    ) to the official poverty data, with the best root mean square error (RMSE) of 3.18%. The evaluation of RSPI shows that areas with high RSPI scores are geographically deprived and tend to be sparsely populated with more inadequate accessibility, and vice versa. The advantage of RSPI is that it is better at identifying poverty from a geographical perspective; hence, it can be used to overcome spatial poverty traps.
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1. Introduction


Poverty is a historical problem that almost all countries have not been able to clearly solve [1]. According to the UN, approximately 8.2% of people in the world were living in poverty in 2019 [2]. People are considered poor if they live on less than USD 1.90 a day [3]. To overcome this problem, the UN proposed to “end poverty in all its forms everywhere” as the first goal of their Sustainable Development Goals (SDGs); this goal is expected to be achieved by 2030 [4]. Consequently, the reduction of poverty has become a challenging task for all countries, especially for developing or less developed countries [5]. Indonesia is one of the developing countries that is facing poverty. According to Statistics Indonesia, locally known as Badan Pusat Statistik (BPS), there are approximately 10.14% or 27.54 million Indonesian people living in poverty as of March 2021 [6]. To reduce poverty, through the Indonesia SDGs Roadmap Toward 2030 [7], the government has set targets for the poverty rate of Indonesia to drop to 6.5–7% by 2024 and 4.4–5% by 2030.



To reach Indonesia’s poverty reduction target, comprehensive poverty monitoring by policymakers plays a significant role. Poverty monitoring in Indonesia is carried out based on official poverty data obtained through the National Socio-Economic Survey (SUSENAS). SUSENAS data collection is conventionally conducted through an on-the-ground household survey that is conducted every six months. Unfortunately, data collection with this conventional method is limited in scope, expensive, laborious, and time-consuming [8]. This deficiency causes limitations in Indonesia’s poverty data representation in terms of coverage and time. Data limitation is widely considered one of the main factors for ineffectiveness in providing social assistance [9] according to Indonesia’s poverty reduction strategies, based on the 2020–2024 National Mid-Term Development Plan [10]. Therefore, poverty estimation with better granularity in scope and requiring less cost and time to update is needed in order to ameliorate the limitations of the existing household survey-based poverty data collection.



In comparison to conventional socioeconomic survey data, remote-sensing satellite imagery and geospatial big data are valuable resources [11,12,13], due to their uniqueness and objectivity, by which to observe socio-economic and physical phenomena from a multiple-scale perspective effectively and accurately [14,15]. The advantages of the use of this data are lower costs, frequent updates, and the granularity of the area coverage representation [15,16]. Recent studies have shown that night-time light satellite imagery (NTL) has great potential to capture socio-economic phenomena [17,18], such as gross domestic product (GDP) [19,20,21,22], housing vacancy rate [23], electric power consumption [24], population [25], and others [26]. Indirectly, NTL data show the development of human society, which is correlated with economic activity intensity. This data can identify poverty accurately, effectively, and granularly [27]. Several studies have used NTL to identify poverty. Yu et al. [28] reported that NTL data had great potential in identifying poverty. Despite its great potential as one of the best poverty proxy indicators, NTL alone is insufficient as a single data source because poverty is a complex concept and has regional characteristics that are more related to its topography; hence, integration with other geospatial features is required to improve the quality of estimation [29].



As well as night-time satellite imagery, daytime satellite imagery also has the ability to describe socioeconomic conditions. Daytime satellite imagery captures geographical characteristics that indicate the socio-economic conditions of an area. This is proven by the fact that land use or land cover, built-up growth, and accessibility could be used as proxies for certain socioeconomic indicators, such as poverty [30]. Tian et al. [31] concluded that the causes of regional poverty can be structurally different, based on geographical characteristics. Dawson et al. [32] revealed that the NDVI (normalized difference vegetation index) was significantly correlated with poverty, both positive high and/or negative high, in both shrinking and growing countries. The built-up index (BUI) has the ability to map urban areas [33] that are related to regional poverty [34]. Land surface temperature (LST) also has the ability to indicate regional poverty; it tends to be high in low-income and high-poverty areas [35]. Ahmed [36] stated that the urban thermal field variance index (UTFVI), which is created using NDVI, the normalized difference built-up index (NDBI), and LST, is mostly related to the expansion of urban areas. In addition, the normalized difference water index (NDWI) also has the potential to be used as an approach to detect urban areas. Zheng [37] built a vegetation–water-adjusted NTL urban index (VWANUI) that integrated NTL, NDVI, and NDWI, which provides a more accurate and detailed extraction of urban land.



Remote-sensing satellite imagery can also capture air pollution information, which can indicate poverty. According to Baloch et al. [38] and Sakti et al. [39], the increase in poverty has a detrimental effect on environmental pollution. Carbon monoxide (CO) concentration is related to urbanization and economic growth [40,41]. Nitrogen dioxide (NO2) is positively correlated to GDP [42]. Sulfur dioxide (SO2) is significantly related to population density and energy consumption [43]. Therefore, CO, NO2, and SO2 can be used to map the environmental pollution related to poverty. Moreover, the use of geospatial big data, such as point-of-interest (POI) data, is another potential option to identify poverty geographically. Shi et al. [14] stated that POI density and POI cost distance can reflect the convenience of human survival and production supporting the degree of regional socio-economic development, which is closely related to poverty.



Several studies have identified poverty from various geographic aspects through remote sensing and big data. Duque et al. [44] used high-resolution satellite imagery to produce an intra-urban poverty index using land-cover data. They found that the built-up index can explain up to 59% of the variability in the survey-based slum index. Principal component analysis (PCA) has also been used to summarize the spectral information obtained [45]. Niu et al. [46] developed the multi-source data poverty index (MDPI) based on the characteristics of the built environment obtained from remote sensing satellite imagery, consisting of land cover composition (NDVI, NDBI, and NDWI), NTL, and social conditions obtained from housing rent data. From this study, it was found that there is a high consistency between the MDPI and the official poverty measurement. Shi et al. [14] also developed a poverty index based on remote-sensing satellite imagery and geospatial big data, the comprehensive poverty index (CPI). The CPI was developed by combining NTL data, the digital elevation model (DEM), NDVI, and POI data to map poverty at 500-m spatial resolution. The results suggest that CPI provides a powerful way of identifying poverty distribution.



Multiple sources of remote sensing and geospatial big data have promising potential for capturing the geography of poverty (GOP), which studies poverty from a geographical point of view [47]. To the best of our knowledge, investigation regarding a study identifying the relative spatial poverty of Indonesia that integrates the potential of remote sensing and geospatial big data is still limited, especially in terms of using economic spatial concentration (NTL), infrastructure distribution (BUI), land cover (NDVI and NDWI), air pollution (CO, NO2, and SO2), and accessibility (POI) as combined poverty proxy indicators. However, the availability of this information can support the limitations of the official poverty data. To answer this problem based on the existing potential, we proposed a new approach to map poverty, with better granularity in scope and at a lower cost. In particular, this study aims to: (1) calculate the relative spatial poverty index (RSPI) based on multisource remote sensing and geospatial big data that represent poverty in the case study area, using a median aggregation method at 1.5 km grid level; (2) provide a 1.5-km spatial resolution RSPI poverty map; and (3) validate the obtained RSPI through numerical and descriptive approaches. We selected East Java, Indonesia as a case study area and focused our research on poverty in 2020 in East Java. In 2020, East Java was the province with the largest number of poor people in Indonesia [48]. The obtained results are expected to provide a lower-cost granular spatial poverty map that needs less time to update, to support the existing official poverty data. Thus, policy decisions are expected to be more effective and efficient as a consequence, so that the poverty reduction target can be achieved.




2. Materials and Methods


2.1. Study Area


East Java is one of 34 provinces in Indonesia with Kota Surabaya as the capital province. East Java consists of 38 regencies/municipalities. The percentage of East Java in poverty in 2020 has reached 11.09, or approximately 4,419,100 people who are considered to be living in poverty [48]. Figure 1 shows the map of East Java as the case study, along with the distribution of official poverty data at the regency/municipality level in 2020. Official poverty data were calculated, based on a monetary expenditure approach, through the Indonesia National Socio-Economic Survey, SUSENAS [48].



The poverty of East Java is concentrated in the regencies on Madura Island, the northeast part of the East Java province. Madura Island is lacking in fertile areas and is in the form of a plateau without volcanoes and dry agricultural land [49]. In 2020, the poverty of Sampang Regency was the highest in East Java, reaching 22.78%, followed by Bangkalan (20.56%), and Sumenep (20.18%) [48]. Kota Batu (3.89%) and Kota Malang (4.44%) are the municipalities with the lowest poverty rates in East Java. Both municipalities are well-developed areas with fertile plateaus and tourism areas [50,51]. Kota Surabaya, the largest metropolitan city in East Java and the second-largest in Indonesia, has the fourth-lowest poverty rate, with a value of 5.02% [48,52]. Physiographically, the southern region of East Java is a plateau area with volcanoes in the middle, while in the northwest, there are limestone mountains that are relatively barren.




2.2. Data Used in This Study


To identify spatial poverty in East Java, there are two types of geospatial data used in this study. The first type uses remote sensing raster images obtained from multisource satellite images; we used night-time light intensity (NTL) images from NOAA-VIIRS, the normalized difference vegetation index (NDVI), built-up index (BUI), and normalized difference water index (NDWI) from Sentinel-2, land surface temperature (LST) from MODIS, and carbon monoxide (CO), nitrogen dioxide (NO2), and sulfur dioxide (SO2) from Sentinel-5P. We selected currently publicly available remote-sensing data sources with the highest resolution. Remote-sensing satellite imagery data were collected and preprocessed through the Google Earth Engine, a cloud-based platform designed to store and process earth data. The Google Earth Engine supported the processing of the satellite image data into classification tasks [53,54,55]. The area and time scope of the data collection is East Java Province, Indonesia from 1 January 2020 to 31 December 2020.



The second type used is geospatial big data. We used point-of-interest (POI) data obtained from the Open StreetMap. A huge number of point locations of important places are included in the POI data, with 1 July 2020 as the time reference. We filtered several POI categories that are related to poverty according to previous studies [56,57]. Generally, four POI categories were included in this study: education, health, finance, and tourism. There were more than 13,000 points collected, including those representing a hotel, restaurant, hospital, tourist attraction, post office, cafe, school, theatre, mall, university, etc. This data describes the accessibility of an area. The data used in this study are presented systematically in Table 1. From Table 1, we can see that the highest satellite spatial resolution is Sentinel-2 (10 m) and the lowest is Sentinel-5P (1.1 km). To accommodate the lowest resolution, we chose a 1.5 km spatial resolution poverty map as the output of this study. The detailed data pre-processing and calculation of the variables are described in Section 2.3.



For validation purposes, we used the official poverty data at the regency/municipality level, as published by BPS. The data was obtained through the 2020 Indonesia National Socio-Economic Survey, SUSENAS. In this data, poverty is seen as an economic inability to meet basic food and non-food needs, as measured from the expenditure approach. A population is categorized as poor if their average monthly per capita expenditure on basic food and non-food needs is below the poverty line [48].




2.3. Methodology


In this study, we built a relative spatial poverty index (RSPI) for additional information that describes poverty with better granularity in scope and lower cost, with less time to update. RSPI is supposed to enhance the limitations of the existing household survey-based poverty data collection methods. The research framework of this study is schematically illustrated in Figure 2. This study started by collecting and pre-processing data, transforming data, integrating data, performing correlation analysis, and selecting variables, calculating RSPI, then validating and interpreting the result. In performing our analysis and visualization, we utilized Python 3.6.9 and QGIS 3.10.4. The expected output was the 1.5 km × 1.5 km RSPI spatial poverty map and its validation. Further detailed explanations are outlined below.



2.3.1. Data Collection and Pre-Processing


The data collected from the sources that have been described were then pre-processed. Pre-processing data is one of the most important tasks for this index, including preparing the data and converting it to the proper format [70,71]. In this study, data pre-processing mostly aims to clean and improve the quality of the data to be analyzed. Data pre-processing that is performed for remote sensing satellite imagery is different from geospatial big data; the details are explained as follows.



Remote Sensing Satellite Imagery Data Pre-Processing


The remote-sensing satellite imagery data used in this study is a collection of the images from 1 January 2020 to 31 December 2020. The obtained images are then pre-processed through four stages: cloud selection, cloud masking, median reducing, and band compositing. Cloud selection and cloud masking of Sentinel-2 and MODIS satellite imagery is performed, based on the quality assessment described in Table 2.



The collected NTL data are the composite image that has been corrected for cloud cover using the VIIRS Cloud Mask (VCM) product. Median reducing is then performed to obtain one value for each observation that represents the satellite images from one year. To get NDVI, BUI, and NDWI values from Sentinel-2 images, band compositing is conducted using the following formulas [62,63,64,72]:


  N D V I =   N I  R  b a n d   8   − R e  d  b a n d   4     N I  R  b a n d   8   + R e  d  b a n d   4      



(1)






  N D B I =   S W I  R  b a n d   1   − N I  R  b a n d   8     S W I  R  b a n d   1   + N I  R  b a n d   8      



(2)






  B U I = N D B I − N D V I  



(3)






  N D W I =   G r e e  n  b a n d   3   − N I  R  b a n d   8     G r e e  n  b a n d   3   + N I  R  b a n d   8      



(4)







The obtained remote sensing satellite imagery data are shown in Figure 3.




Geospatial Big Data Pre-Processing


The point-of-interest (POI) data used in this study are in the form of vector data that contain points. The main pre-processing method performed on POI data is calculating POI density and POI distance. To calculate the relative spatial poverty index (RSPI) with 1.5 km × 1.5 km spatial resolution, the calculation of POI density and POI distance are done to fill the value on each grid. POI density is defined as the number of points in a 1.5 km × 1.5 km grid. POI distance is defined as the minimum distance from 1.5 km × 1.5 km grid center to the nearest POI calculated using the Euclidean distance approach. We calculate POI distance in meter units. The obtained remote sensing satellite imagery data are shown in Figure 4.





2.3.2. Data Transformation


There are two main objectives of data transformation application in this study, firstly, getting values with a similar range with the aim of no variable dominating other variables, and secondly, accommodating heteroscedasticity in the data so that better analysis could be obtained. We applied the Yeo-Johnson power transformation to achieve the determined objectives. Yeo-Johnson transformation is a form of Box-Cox transformation that can deal with both positive and negative data; this transformation can be applied to handle the variability of variables that are unequal across the range by making it more Gaussian-like [73]. This data transformation is defined as follows:


    h λ  ( x ) = {           (  1 + x  )   λ  − 1  λ                                                    i f   λ ≠ 0   a n d   x ≥ 0       l o g  (  1 + x  )                                                    i f   λ = 0   a n d   x ≥ 0       −      (  1 − x  )    2 − λ     2 − λ                                                     i f   λ ≠ 2   a n d   x < 0         − l o g  (  1 − x  )                                                    i f   λ = 2   a n d   x < 0        



(5)




where  x  is the input data and  λ  is the parameter.




2.3.3. Data Integration


To calculate the relative spatial poverty index (RSPI) with 1.5 km × 1.5 km spatial resolution, we applied aggregation to take the median value of the raster satellite imagery data, based on the 1.5 km × 1.5 km grid shapefile, and integrate it with geospatial big data. Besides this, for correlation analysis purposes, we applied zonal statistics to convert raster-based values into administrative-based values by ascertaining the median to make them comparable to the official administrative-based poverty data. The expected final output from this step is a 1.5 km × 1.5 km East Java vector grid and administrative-based vector, with the defined attributes shown in Table 1.




2.3.4. Correlation Analysis and Variable Selection


In this study, correlation analysis was conducted to determine the relationship between each geospatial variable defined in Table 1 and East Java’s official poverty data. We intended to find the relationship at the 1.5 km × 1.5 km grid-level but, due to the limitation of official poverty data, we could only measure it at the regency/municipality administrative level. Both Pearson and Spearman correlation analyses were conducted to determine the relationship. The equation below shows the formula to establish the Pearson correlation coefficient (r):


   r  x y   =   n   ∑  1 n   x i   y i  −  (    ∑  1 n   x i   )   (    ∑  1 n   y i   )       (  n   ∑  1 n   x i    2  −    (    ∑  1 n   x i   )   2   )         (  n   ∑  1 n   y i    2  −    (    ∑  1 n   y i   )   2   )       



(6)




where    r  x y     represents the correlation between    x i    as the first feature,    y i    is the second feature, and  n  is the number of observations. The Spearman correlation is calculated in the same way by changing the observation value to its ranking value. The correlation coefficient (r) ranges from 0 to 1. The direction of the relationship is indicated by a positive or negative sign. Table 3 shows the guidelines for interpreting the results of the correlation coefficient (r) according to Sugiyono [74]. The correlation significance test is then carried out to determine whether the correlation coefficient obtained was statistically significant at the  α  (significance level) of 0.05. The defined null hypothesis is that there is no correlation between the two variables, while the alternative hypothesis is defined as assuming that there is a correlation between the two variables.



Although several studies have shown that geospatial variables are related to poverty, Wang et al. [75] stated that regional poverty may be varied in terms of spatial differences. From this correlation analysis, we selected variables that are statistically significant and correlated to the East Java official poverty data, according to the hypothesis testing. The selected variables should also be moderately, strongly, or very strongly (   | r |  ≥ 0.4  ) correlated with the East Java official poverty data, according to its correlation coefficient measure. Therefore, the RSPI is built based on variables that linearly represent poverty in East Java.




2.3.5. Relative Spatial Poverty Index (RSPI) Calculation


The relative spatial poverty index (RSPI) is calculated by overlaying selected geospatial variables that represent poverty in East Java. In order to overlay the variables, we implemented a weighted sum model. Several previous studies have implemented this method for constructing a geospatial index [76,77,78]. The following formula shows the application of the weighted sum model for RSPI construction.


  R S P I =   ∑   i = 1  p   w i   x i   



(7)




where p is the number of overlaid variables used, w is the assigned weight, and x is the observed value.



We used two approaches when performing the weight calculation. First, we established the correlation-based weight; correlation coefficient information was used as the weights. Variables with higher correlations are assumed to represent poverty better. Second, we used the PCA-based weight. These weights are calculated via the first principal component, established using the principal component analysis (PCA) method. Several studies have used PCA as an approach to calculating the socioeconomic index. Uddin et al. [79] used PCA for mapping the socio-economic vulnerability of the coastal region. It was found that PCA is a very useful method for identifying vulnerable areas in the coastal region of Bangladesh. Cartone and Postiglione [80] used PCA to build a spatial deprivation index.




2.3.6. Validation Assessment


Validation assessment is an important way to establish how far RSPI could describe poverty in East Java. We used two validation assessment approaches. The first method, numerical evaluation, is an evaluation to measure the similarity between the obtained result and the available ground-truth data numerically. In this evaluation, we calculated the Pearson and Spearman correlation, root mean square error (RMSE), and R2. The following formulas show the calculation of RMSE and R2:


  R M S E =    1 n    ∑   i = 1  n     (    y ^  i  −  y i   )   2     



(8)






   R 2  = 1 −     ∑   i = 1  n     (    y ^  i  −  y i   )   2      ∑   i = 1  n     (   y i  −   y ¯  i   )   2       



(9)




where    y i    is the true value,     y ^  i    is the predicted value,     y ¯  i    is the mean of true value, and n is the number of observations. It is not possible to evaluate each pixel due to the limitations of ground-truth data availability. Therefore, we aggregated the pixel values for each regency/municipality by calculating the mean to create administrative-based data for comparison.



Second, in terms of descriptive evaluation, we visually compared the obtained result with the ground-truth data. Several previous studies have shown that ground-truth identification through high-resolution imagery can offer an evaluation option that cannot be performed numerically on each pixel. For example, Varshney et al. [81] estimated the percentage of roof material through Google Earth images, and Shi et al. [14] randomly chose six points to be identified via high-resolution satellite imagery to recognize poverty through the slope of the land. In this study, we randomly picked six 1.5 km × 1.5 km pixels and identified their geographic characteristic areas with the high-resolution Google Earth satellite.






3. Results


3.1. Correlation Model Development


In this study, correlation analysis was carried out to determine the closeness and direction of the relationship between each geospatial variable and official poverty data. Correlation analysis is carried out after the data has been pre-processed and transformed. Due to the limitations of official poverty data that are only available at the regency/municipality level, we aggregated the pixel-sized geospatial variable data by taking the median value for each regency/municipality. Therefore, 38 observations were obtained for each geospatial variable.



Figure 5 and Figure 6 show the visualization of the geospatial variable maps, along with the official poverty maps, to compare them at the regency/municipality level. It can be seen that each geospatial variable describes a different spatial pattern for each region. The NTL variable, which is a proxy for economic activity, shows that high scores tend to be scattered in municipalities or urban areas with low poverty rates. The variables obtained from the Sentinel-2 satellite imagery (NDVI, BUI, and NDWI), which represent land cover, indicate that there is a homogeneous pattern in the southern regions of East Java, which comprises areas with middle–low poverty rates.



LST variable values tend to be high in municipalities or urban areas with a low poverty rate. Each variable of air pollution (CO, NO2, and SO2) obtained from Sentinel-5P satellite imagery shows different patterns. CO variable values are high in the northwest of East Java, which is an area with middle–high poverty rates, NO2 variable values are high in industrial areas with different poverty rates, while SO2 variable values tend to be high in the central area, which is a densely populated mountainous area with relatively a low poverty rate. Accessibility variables (POI density and POI distance) capture the pattern of municipalities or urban areas with high accessibility and low poverty rates.



To achieve a better understanding of the relationship between geospatial variables and the official poverty at the regency/municipality level, we applied correlation analysis. Through this analysis, we acquired p-values to show the statistically significant correlated variables and correlation coefficients that represent the closeness and direction of the relationship. The correlation coefficient was calculated using two approaches, namely, the Pearson and Spearman rank correlations. Table 4 shows the obtained correlation analysis results. Interpretation of the closeness and direction of the relationship was performed, following the method used by the authors of [74]. As we can see in Table 4, the variables with a positive direction relationship are NDVI, NDWI, and POI distance. This shows that the increment value of these variables will be in line with the increment of the official poverty rate value. Conversely, the variables with a negative direction relationship are NTL BUI, LST, CO, NO2, SO2, and POI density. This shows that the increment value of these variables will be in line with the decrement of the official poverty rate value.



From Table 4, it can be seen that there are five variables that are statistically significant when correlated to the official poverty rate: NTL, BUI, SO2, POI density, and POI distance. The SO2, POI density, and POI distance variables are strongly correlated with the official poverty rate, while NTL and BUI are moderately correlated, and the rest are weakly or very weakly correlated. To ensure that the relative spatial poverty index (RSPI) can be used to represent poverty in East Java, we chose variables that are significantly correlated (p-value < 0.05, number of observations = 38) and at least moderately correlated (   | r |  ≥ 0.4  ) to the official poverty rate. Therefore, five variables were selected to calculate the East Java RSPI: NTL, BUI, SO2, POI density, and POI distance.




3.2. Relative Spatial Poverty Index Calculation


In order to meet the requirement of providing the poverty identification with better granularity in scope and taking the least cost and time to update, and to enhance the limitations of the existing household-based poverty data collection, a relative spatial poverty index (RSPI) is proposed by this study. By applying a weighted sum overlay, we calculated the RSPI based on variables that were significantly correlated or were at least moderately correlated with East Java official poverty data: NTL, BUI, SO2, POI density, and POI distance. Two weight calculation approaches were used in this study: correlation-based weight (   W 1   ) and PCA based-weight (   W 2   ). The correlation-based weight (   W 1   ) was obtained based on the Pearson correlation coefficient. The PCA-based weight (   W 2   ) was obtained through the first principal component of PCA. Table 5 shows the derived weight calculations.



Of the two types of weighting approaches,   R S P  I 1    is calculated using    W 1    weights and   R S P  I 2    is calculated using    W 2    weights. In this study, both   R S P  I 1    and   R S P  I 2    are calculated on a 1.5 km × 1.5 km spatial resolution grid to achieve a poverty map, as illustrated in Figure 7 and Figure 8. To simplify the interpretation, we present the min–max-scaled relative spatial poverty map, so that the displayed values are in the range of 0–1. From Figure 7 and Figure 8, it can be seen that the poverty maps generated by RSPI1 and RSPI2 have given similar results; low values tend to be concentrated in the central part of East Java. The southern and northwest parts of East Java, along with Madura Island, tend to have relatively high values. To assess this similarity, the correlation coefficient was calculated; the obtained Pearson correlation coefficient is 0.99 and the obtained Spearman rank correlation is 0.98. This shows that RSPI1 and RSPI2 are strongly correlated.





4. Discussion


4.1. RSPI Numerical Evaluation


The obtained RSPI was then validated with two approaches, namely, numerical evaluation and descriptive evaluation. In the numerical evaluation, we focused on calculating how close the RSPI values were, numerically, to the official poverty data. The descriptive evaluation will be discussed in the next section. Due to the limitations of the official poverty data, which is only available up to the regency/municipality level, it is not possible to evaluate each pixel. Therefore, we aggregated the obtained RSPI pixel values for each regency/municipality by taking the mean value; 38 RSPI values were obtained. Numerical evaluation has been performed using two approaches: correlation analysis and RMSE calculation. Table 6 shows the obtained correlation analysis.



From Table 6, we can see that each RSPI is statistically significant (p-value < 0.05) correlated to the official poverty data. The Pearson and Spearman rank correlation coefficient shows that RSPI1 and RSPI2 are strongly positively correlated to the official poverty data. The highest correlation coefficient was obtained by   R S P  I 1    (Pearson correlation coefficient = 0.71 (p-value =   5.97 ×   10   − 7    ) and the Spearman rank correlation coefficient = 0.77 (p-value =   1.58 ×   10   − 8    ) which is calculated using correlation-based weight. The positive direction indicates that the increment value of RSPI variables tends to be in line with the increment percentage of official poverty data. We also built a simple linear regression model, with RSPI as the independent variable and poverty rate data as the dependent variable. Table 7 shows the obtained model, along with its RMSE and R2 value for each RSPI.



As we can see, the model built by RSPI1 has the lowest RMSE value and the highest    R 2    value. Therefore, we can conclude that RSPI1 is the best index to numerically predict the official poverty data. Figure 9 shows the prediction of the official poverty rate, based on RSPI1 and RSPI2, and the official poverty rate. It can be seen that the distribution of predictions that are closest to the official poverty is the prediction based on RSPI1. Hence, we choose RSPI1 as the most representative index of the official poverty data. Figure 9 shows the regression plot of the official poverty rate based on RSPI1 and RSPI2.




4.2. RSPI Ground Truth Analysis


Many previous studies have shown that ground truth identification through high-resolution imagery can offer an evaluation option that cannot be performed numerically on each pixel. In this study, we randomly picked six 1.5 km × 1.5 km pixels and identified their geographic characteristic areas through Google Earth images. The selected RSPI plot is RSPI1, which is the most representative index of the official poverty data. Figure 10 shows the resulting RSPI ground-truth check. It can be seen that areas with high RSPI scores tend to be sparsely populated areas with inadequate accessibility. This area tends to be a spatially deprived area with limited accessibility. On the other hand, areas with low RSPI scores tend to be densely populated areas that have better adequate accessibility. Urban areas tend to have low RSPI values.




4.3. Comparison between the Obtained RSPI and the Official Poverty Data


Although the calculated relative spatial poverty index (RSPI) maps poverty from the geographical point of view, we were interested in descriptively comparing the obtained result with the official poverty data, which was calculated using the expenditure approach. Figure 11 shows the comparison between the aggregated regency/municipality-level RSPI (Figure 11a,b) with the official poverty data (Figure 11c). Aggregation is performed due to the limitations of the official poverty data, which is only available up to the regency/municipality level. It can be seen that RSPI1 and RSPI2 present similar results. The areas with the lowest spatial poverty are Kota Surabaya, Kota Malang, and the other urban areas. These areas tend to be non-monetary-deprived areas according to the official poverty data. The southern part of East Java tends to be non-monetary-deprived areas, but it does tend to have high RSPI scores. Therefore, it can be said that although these areas are less poor (according to the official poverty data), these areas still have the ability to be affected by spatial poverty traps or geographically deprived areas. Moreover, it can be seen that Madura Island’s regencies, which are areas with high poverty rates according to the official poverty data, tend to have high RSPI scores. This indicates that, apart from monetary deprivation, these areas are also spatially deprived.




4.4. Limitations and Future Possible Directions


Poverty data are usually collected through on-the-ground household-based socioeconomic surveys. Unfortunately, data collection with this method is limited in scope, expensive, laborious, and time-consuming [8]. Indonesia’s official poverty data are obtained through the Indonesian National Socio-Economic Survey (SUSENAS), which is conducted every six months at the household level. However, data collection by surveys cannot be separated from the sampling error and non-sampling error [82]. Sampling error is obtained from the use of samples in estimating the population. No matter how many samples are used, there will always be a difference or error between the estimated and the actual value [83]. The non-sampling error is obtained from the inaccuracy of the data collection. Sari et al. [84] revealed that the SUSENAS data collection is still inseparable from human errors, such as inaccuracies during data entry. In addition, the SUSENAS data are only available up to the regency/municipality level, even though decision-making requires more granular data [85]. On the other hand, remote sensing and big data offer datasets that are unlimited, free, easier to obtain and are representative of the population. However, the use of satellite imagery and big data, such as the relative spatial poverty index (RSPI), only captures poverty information from the geographical point of view, and there has never been an evaluation of how this data can describe the actual poverty, which is multidimensional. From a comparison of the advantages and disadvantages, it is possible to cover the existing weaknesses with the existing advantages via data integration. In this case, we can obtain monetary poverty information at the regency/municipality level through official poverty data and observe spatial poverty to an accuracy of 1.5 km × 1.5 km using RSPI.



The integration of the official poverty data and RSPI is also useful for describing poverty from another point of view. So far, the calculation of poverty in Indonesia still uses the expenditure approach. A population is categorized as poor if their average monthly per capita expenditure on basic food and non-food needs is below the poverty line [48]. In fact, poverty is a multidimensional problem that cannot only be seen from the point of view of income or expenditure [86,87]. Therefore, studies on measuring poverty from various approaches are still continuously conducted, for example, from the geographic approach. Areas with unique geographic characteristics play an important role in poverty mapping; poor people are found to be more likely to live in certain places [80,88]. The spatial poverty traps are situations where geographical capital, for example, the area’s physical nature and socio-political conditions are low and poverty is high, as a result of geographic disadvantage [89]. Spatial poverty traps are areas where people are at higher risk of being trapped in poverty rather than elsewhere, due to spatial disadvantages [90]. In the case of identifying poverty traps, RSPI can be a better approach because it is built from various geographic variables.



To sum up, RSPI has the ability to capture spatial poverty at a 1.5-km grid level and also has the possibility to be updated every month. The RSPI datasets were obtained from free and publicly available data sources, which are faster to access and require fewer human resources. Nevertheless, RSPI can only describe poverty from a geographical point of view. Moreover, further and more accurate validation up to a 1.5-km grid level is still needed to evaluate how far the ability of RSPI can go in describing poverty, which is a multidimensional problem. Therefore, we suggest the application of data integration between RSPI and official poverty data for better poverty identification and monitoring.



In addition, it is possible for RSPI calculations to be applied to other regions of Indonesia or even to other countries by paying attention to the spatial characteristics that characterize poverty in a particular area. This is in line with the research of Wang et al. [75], which states that regional poverty can vary according to spatial differences. To ensure that certain geospatial variables can be used to describe poverty in certain areas, further analysis is needed regarding the relationship between the geospatial variables used and poverty in the specific geospatial area.





5. Conclusions


To enhance the limitations of the existing household survey-based poverty data collection, this study provides a relative spatial poverty index (RSPI) with better granularity in scope, which is less costly and takes less time to update. The RSPI calculations utilize the use of multisource remote sensing satellite imagery and geospatial big data. The RSPI in the case study area, East Java, Indonesia, is calculated based on geospatial variables that specifically represent poverty in East Java in 2020: night-time light intensity (NTL), the built-up index (BUI), sulfur dioxide (SO2), point-of-interest (POI) density data, and POI distance data, which are statistically significant correlated or at least moderately correlated with the official poverty data. These variables are then overlaid by a weighted sum model using two weight calculation approaches: correlation-based weight and PCA-based weight. It was found that the use of multisource remote sensing and geospatial big data has good potential for representing poverty in East Java, Indonesia in 2020. This is evidenced by the strong correlation between the RSPI at the regency/municipality level and the official poverty data. The best RSPI for representing poverty in East Java 2020, calculated using a correlation-based weight-sum model, is strongly correlated with official poverty data, with a Pearson correlation coefficient of 0.71 (p-value =   5.97 ×   10   − 7    ) and a Spearman rank correlation coefficient of 0.77 (p-value =   1.59 ×   10   − 8    ). This RSPI is also quite promising for use as a predictor variable in the estimation of poverty data. We built a simple linear regression model, estimating the East Java, Indonesia 2020 official poverty rate with RSPI as the only predictor variable. The model obtained an RMSE of 3.18%, with an R2 up to 0.50. RSPI is then presented in the form of a non-technical, user-friendly poverty map with a spatial resolution of 1.5 km × 1.5 km. The results of the descriptive evaluation of this map indicate that areas with high RSPI scores tend to be geographically deprived areas that are sparsely populated, with more inadequate accessibility; in contrast, areas with low RSPI scores tend to be densely populated areas that have better accessibility. Therefore, the ability of RSPI to map spatially deprived areas can be used to support the official poverty data.
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Appendix A


Remote-Sensing Variables Ground-Truth Check


To gain a deeper understanding of the use of multisource remote-sensing satellite imagery, we identified several unique points through high-resolution Google satellites. Night-time light (NTL) is the most commonly used remote sensing imagery for estimating poverty [59]. NTL can record luminosity from human activity at night and has been demonstrated to have a great ability to estimate various socioeconomic parameters, including poverty. A higher NTL value indicates higher economic activity in an area [60]. Through descriptive analysis, we observed several NTL values, to identify the corresponding geographic features and compare them to the official East Java poverty data. Figure A1 shows some of the NTL values and their ground-truth check. Using Figure A1, we will discuss some of the anomalies that exist in the use of NTL data in identifying poverty in East Java. First, we can see that high NTL scores are clustered in Kota Surabaya. Surabaya is the largest metropolitan city in Indonesia after Jakarta. However, official poverty data shows that Kota Batu, Kota Malang, and Kota Madiun are the three lowest-poverty regencies/municipalities in East Java. Second, we can also see that most of the largest NTL values are not in regencies/municipalities with low poverty. Areas with energy plants and factories that operate late into the night tend to have high NTL values. Third, high values of NTL were also found in plantations with all-night lighting which did not indicate poverty. These anomalies indicate that in some areas, for example, in East Java, the use of NTL values as a poverty approach needs to be supported by the use of other data for better identification. From Figure A1, we can also see that areas with low NTL values are usually the forests around mountains.
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Figure A1. East Java NTL values (nanowatts/cm2/sr) and their resulted ground-truth checking. 






Figure A1. East Java NTL values (nanowatts/cm2/sr) and their resulted ground-truth checking.
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Dawson et al. [32] revealed that the NDVI (normalized difference vegetation index) was significantly correlated with poverty (positive high and/or negative high) in both shrinking and growing countries. From Figure A2, we can see that the very low NDVI value is likely from a water-covered area, such as a pond; this value is usually lower than that of buildings. High NDVI values indicate a dense forest area. This is in line with a study by Maurya R. et al. [91], which stated that negative NDVI values represent non-vegetated areas such as water, while positive NDVI values indicate the vegetated ones. It can be seen that Kota Surabaya and Kota Malang, which are densely built-up areas, tend to have lower NDVI values, and poverty in these areas is also low.
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Figure A2. East Java NDVI (index) values and their resulted ground truth checking. 
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According to Lee et al. [63], the built-up index (BUI) is compatible with classifying urban and non-urban areas. The higher BUI value indicates the higher possibility of a pixel signifying a built-up area. However, in the case of heterogeneous East Java, a very high BUI value was obtained not only in urban built-up areas but also in lime mines and inland water, as we can see in Figure A3. Lime mining is mostly found in the Tuban and Bojonegoro regencies. Therefore, this area also had high BUI values, besides the urban areas. In fact, according to official poverty data, Tuban and Bojonegoro are regencies with high poverty. We can also see that those areas with low BUI values are usually forests and mountain craters. This is why regencies/municipalities with many mountains, such as Kediri, Malang, Lumajang, Jember, and Pasuruan, tend to have low BUI values.
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Figure A3. East Java BUI values (index) and their resulted ground-truth checking. 
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Figure A4 shows the distribution of the normalized difference water index (NDWI). Theoretically, NDWI values above 0 indicate a water body imagery result; otherwise, values below 0 indicate a non-water imagery result [64]. As we can see, areas covered by water are most likely to have an NDWI value of more than zero, except for the Karangkates reservoir, which has an NDWI value below zero. Regencies/municipalities with many mountains, such as Kediri, Malang, Lumajang, Jember, and Pasuruan, tend to have high NDWI values.
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Figure A4. East Java NDWI values (index) and their resulting ground-truth checking. 
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Land surface temperature (LST) is often used to identify urban areas. In their research, which examines the correlation between LST and urban heat islands, Mia et al. [92] stated that the higher the LST value, the more extensive the urban heat island. However, as we can see in Figure A5, in the case of East Java, areas with high LST are not only urban areas but also arid areas and limestone mining areas. The northern part of East Java is an area with a great deal of arid and empty land and limestone mines, which tend to have a higher LST value than the southern area, which consists of mountains. We can see that regencies/municipalities with high poverty rates tend to have low LST values, except for Kota Surabaya and the regencies/municipalities around it.
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Figure A5. East Java LST values (Kelvin) and their resulted ground truth checking. 
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Air pollution can be one indicator of economic activity that is related to poverty. Wu et al. [93] use CO2 (carbon dioxide) and SO2 (sulfur dioxide) to examine the poverty-environmental trap. In this study, we examine CO (carbon monoxide), NO2 (nitrogen dioxide), and SO2 to capture air pollution in East Java. Figure A6, Figure A7 and Figure A8 show the East Java pollution indicator values and their ground-truth checks. Each pollution indicator’s high value captures different information. From Figure A6, we can see that areas with high CO values are industrially dense areas. This value exceeds the CO value of Kota Surabaya, which is the second-largest metropolitan city in Indonesia. From Figure A7, we can see that those areas with high NO2 values are steam power plants and densely populated and industrial areas. From Figure A8, we can see that the highest SO2 values we captured are in mountain slope areas; however, the values can be small in other areas. On the other hand, each pollution indicator’s low value captures similar information. Areas with low CO, NO2, or SO2 are usually mountain peaks.
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Figure A6. East Java CO values (mol/m2) and their resulting ground-truth checking. 
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Figure A7. East Java NO2 values (mol/m2) and their resulting ground-truth checking. 
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Figure A8. East Java SO2 values (mol/m2) and their resulting ground-truth checking. 






Figure A8. East Java SO2 values (mol/m2) and their resulting ground-truth checking.
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Figure 1. East Java, Indonesia as the case study area and its poverty rate (percent). 
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Figure 2. The research framework of this study. 
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Figure 3. Visualization of the obtained data from NTL (nanowatts/cm2/sr), NDVI (index), BUI (index), NDWI (index), LST (Kelvin), CO (mol/m2), NO2 (mol/m2), and SO2 (mol/m2). 
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Figure 4. Visualization of the obtained data POI density (points), and POI distance (meters). 
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Figure 5. Transformed geospatial variables: NTL (nanowatts/cm2/sr), NDVI (index), BUI (index), NDWI (index), LST (Kelvin), CO (mol/m2), NO2 (mol/m2), and SO2 (mol/m2) at the regency/municipality level. 
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Figure 6. Transformed geospatial variables: POI density (points), and POI distance (meter) and scaled official poverty data at the regency/municipality level. 
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Figure 7. The obtained scaled RSPI1. 
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Figure 8. The obtained scaled RSPI2. 
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Figure 9. The regression plot referred to in Table 7. 
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Figure 10. RSPI (scaled index) ground-truth check. 
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Figure 11. Comparison of (a) RSPI1 and (b) RSPI2 (scaled index) and (c) official poverty data (scaled percentage) at regency/municipality level. 
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Table 1. Summary of data sources and variables.
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Source

	
Spatial Resolution

	
Variable

	
Band Used

	
Year Data Analysis

	
Units

	
Socio-Economic References






	
NOAA-VIIRS [58]

	
750 m

	
Night-time Light Intensity (NTL)

	
avg_rad

	
One-year NTL value

	
nanowatts/

cm2/sr

	
[17,24,25,26,27,28,59,60]




	
Sentinel-2 [61]

	
10 m

	
Normalized Difference Vegetation Index (NDVI) [62]

	
B4 (Red) and B8 (NIR)

	
The median value of 2315 cloud masked images.

	
index

	
[32,36,37]




	
Built-Up Index (BUI) [63]

	
B4 (Red), B8 (NIR), and B11 (SWIR 1)

	
index

	
[33,63]




	
Normalized Difference Water Index (NDWI) [64]

	
B3 (Green) and B8 (NIR)

	
index

	
[36,37]




	
MODIS [65]

	
1000 m

	
Land Surface Temperature (LST)

	
LST_Day_1 km

	
The median value of 365 cloud-masked images.

	
Kelvin

	
[35,36]




	
Sentinel-5P [66,67,68]

	
1113.2 m

	
Carbon Monoxide (CO)

	
CO column number density

	
The median value of the obtained images in 2020.

	
mol/m2

	
[40]




	
Nitrogen Dioxide (NO2)

	
NO2 column number density

	
mol/m2

	
[42]




	
Sulfur Dioxide (SO2)

	
SO2 column number density

	
mol/m2

	
[43]




	
Open Street Map [69]

	
-

	
POI Density

	
-

	
The number of points in a 1.5 km × 1.5 km grid.

	
points

	
[14]




	
-

	
POI Distance

	
-

	
The distance from the center of the 1.5 km × 1.5 km grid to the nearest point.

	
meter

	
[56,57]
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Table 2. Sentinel-2 and MODIS cloud selection and cloud masking.
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	Satellite Data Source
	Band
	Value





	Sentinel-2
	QA60
	Bit 10 (opaque clouds) equal 0

Bit 11 (cirrus clouds) equal 0



	MODIS Terra LST Daily
	QC_Day
	Bits 0–1 (Mandatory QA flags) equal 0
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Table 3. Correlation coefficient interpretation adapted from [74].
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	Correlation Coefficient
	Interpretation





	   0.00 ≤  | r |  ≤ 0.199   
	Very Weak



	   0.2 ≤  | r |  ≤ 0.399   
	Weak



	   0.4 ≤  | r |  ≤ 0.599   
	Moderate



	   0.6 ≤  | r |  ≤ 0.799   
	Strong



	   0.8 ≤  | r |  ≤ 1.000   
	Very Strong
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Table 4. The correlation analysis between geospatial variables and the official poverty rate at the regency/municipality level.
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Variable

	
Pearson Correlation

	
Spearman Rank Correlation

	
Closeness

	
Direction

	
Statistically Significant




	
Correlation Coefficient

	
p-Value

	
Correlation Coefficient

	
p-Value






	
NTL

	
−0.5

	
0.001

	
−0.49

	
0.001

	
Moderate

	
Negative

	
Yes




	
NDVI

	
0.25

	
0.130

	
0.21

	
0.205

	
Weak

	
Positive

	
No




	
BUI

	
−0.45

	
0.004

	
−0.44

	
0.005

	
Moderate

	
Negative

	
Yes




	
NDWI

	
0.14

	
0.401

	
0.14

	
0.401

	
Weak

	
Positive

	
No




	
LST

	
−0.29

	
0.077

	
−0.31

	
0.058

	
Weak

	
Negative

	
No




	
CO

	
−0.065

	
0.698

	
−0.054

	
0.747

	
Very Weak

	
Negative

	
No




	
NO2

	
−0.25

	
0.130

	
−0.26

	
0.114

	
Weak

	
Negative

	
No




	
SO2

	
−0.6

	
   6.84 ×   10   − 5     

	
−0.63

	
   2.25 ×   10   − 5     

	
Strong

	
Negative

	
Yes




	
POI Density

	
−0.64

	
   1.51 ×   10   − 5     

	
−0.72

	
   3.48 ×   10   − 7     

	
Strong

	
Negative

	
Yes




	
POI Distance

	
0.73

	
   1.98 ×   10   − 7     

	
0.79

	
   3.69 ×   10   − 9     

	
Strong

	
Positive

	
Yes
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Table 5. Weight values for the three approaches.
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	Variable
	     W 1     
	     W 2     





	NTL
	−0.5
	0.5



	BUI
	−0.45
	0.26



	SO2
	−0.6
	0.29



	POI Density
	−0.64
	0.5



	POI Distance
	0.75
	0.58
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Table 6. The correlation between RSPI and the official regency/municipality level poverty rate.
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Index

	
Pearson Correlation

	
Spearman Rank Correlation

	
Closeness

	
Direction

	
Statistically Significant




	
Correlation Coefficient

	
p-Value

	
Correlation Coefficient

	
p-Value






	
   R S P  I 1    

	
0.71

	
   5.97 ×   10   − 7     

	
0.77

	
   1.58 ×   10   − 8     

	
Strong

	
Positive

	
Yes




	
   R S P  I 2    

	
0.69

	
   1.64 ×   10   − 6     

	
0.72

	
   3.48 ×   10   − 7     

	
Strong

	
Positive

	
Yes
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Table 7. Simple linear regression result.






Table 7. Simple linear regression result.










	
	    R S P  I 1     
	    R S P  I 2     





	Model
	   P o v = 12.603 + 1.7063 R S P  I 1    
	   P o v = 12.605 + 2.2191 R S P  I 2    



	RMSE
	3.18%
	3.25%



	    R 2    
	0.50
	0.48
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