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Preface 
This paper presents the results of a research project undertaken by Global Water 
Partnership Tanzania (GWPTZ) to explore and develop innovative approaches for measuring 
levels of poverty using non-traditional, water-related indicators. Recognising the limitations of 
conventional poverty metrics, particularly in data-scarce environments, the project sought to 
introduce a scalable, data-driven model capable of encapsulating poverty dynamics through 
the lens of water access, use, reliability, and governance. 

The project aimed to bridge the gap between water security and socioeconomic well-being, 
acknowledging that access to safe, reliable, and affordable water is both a fundamental 
human right and a powerful proxy for multidimensional poverty. By leveraging spatial and 
socio-hydrological data and open source generative artificial intelligence (AI) modelling, the 
project sought to produce freely available, accessible, and ready-to-use poverty mapping 
that can rapidly inform evidence-based policy decisions and targeted development 
interventions. 

The research used non-traditional water-related indicators, such as overhead water storage 
tanks, proximity to wastewater ponds, payment of water bills, and proximity to water bodies 
and landfills, to detect extreme poverty in urban areas. The research focused on the Coastal 
sub-basin of the Wami-Ruvu Basin, and the collected data, including remotely sensed 
imagery data, were used to train a generative AI model to develop synthetic spatial 
distributions of poverty severity and the associated water-related indicators in the area. The 
objective was to develop a scalable model with capacity to provide freely available, 
accessible, and ready-to-use information on poverty distribution to support and inform 
evidence-based policy decisions and interventions. 

This paper details the approach, methodology, pilot application, and key findings of the 
project, offering a foundation for future scale-up across other regions in Tanzania and 
beyond. We believe that this work will contribute meaningfully to the growing discourse on 
integrated water and poverty assessments and can catalyse smarter, more inclusive 
planning in the pursuit of sustainable development. 

The research team included Dr Victor Kongo, Dr Subira Munishi, and Frank Anderson. The 
project support team included Suzan Sisty Mboya, Sharon Richard, Andrew Kimati, and 
Janety Kessy. Technical support was provided by the National Bureau of Statistics, 
particularly Silvia Meku and Stephano Cosmas. 
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Abstract 
A lack of access to clean and safe water and sanitation has commonly been seen as a proxy 
for poverty. The ongoing advancement in technological innovations presents new 
opportunities for mapping and identifying poverty hotspots using non-traditional indicators. 
This study examined the potential of using non-traditional remotely sensed water-related 
indicators to calibrate and train a GPT-4o Vision AI model for the automated detection of 
poverty hotspots in the focus area. More than 400 high-resolution aerial images (7 cm and 
30 cm resolution) were used in the study. Selected non-traditional indicators were analysed 
to examine spatial distribution and detect hotspots of extreme poverty in the selected urban 
catchments of the Coastal sub-basin in the Wami/Ruvu Basin, covering a mix of the central 
city and peripheral areas of Dar es Salaam. The indicators used were categorised into two 
classes: (1) water-related indicators, which include overhead water storage tanks, open roof 
latrines (unroofed toilets), untreated stormwater and wastewater ponds, and flood 
inundation areas; and (2) other geospatial covariates, which may fully or partially influence 
the state of water-related indicators, such as good roof condition, informal businesses, 
dumpsite (formal and informal), and the conditions of house compounds (paved surfaces or 
gardens). 

Spatial relationships between these indicators and extreme poverty were analysed using 
univariate and bivariate local Moran’s I statistics to identify the most distinct demarcations 
between wealth and poverty, with relative wealth (Demographic and Health Survey (DHS) 
wealth index) used as the response variable. The Mann–Whitney U test was applied to 
determine whether statistically significant differences exist between the distribution of 
relative wealth and the presence or absence of water-related indicators. Principal 
component analysis- (PCA-) based factor analysis was used to construct a Spatial Relative 
Poverty Index (SRWI), using water-related indicators and other geospatial covariates with a 
Spearman correlation ≥ 0.40 with the DHS wealth index. The accuracy of SRWI was 
assessed by measuring its correlation with the DHS wealth index and through a descriptive 
comparison with aerial imagery. The GPT-4o Vision AI model was trained using a randomly 
selected sample of 418 aerial images, and model accuracy was assessed using root mean 
square error (RMSE) and the coefficient of determination (R²). 

The results reveal that the DHS wealth index tends to exhibit a strong positive spatial 
autocorrelation (univariate Moran’s I = 0.916), indicating that relative wealth is not randomly 
distributed, but rather clustered, with the pattern not resulting from random chance (p < 0.05; 
91.82% of points are significant). This implies that the observed clustering patterns of the 
DHS wealth index are statistically distinct and independent of the outcomes of water-related 
indicators. Bivariate Moran’s I showed that areas with higher wealth index values are 
associated with the presence of overhead water storage tanks  and the absence of unroofed 
toilets. It was noted that wealthy neighbourhoods are also less vulnerable to floods. 
Extremely deprived neighbourhoods tend to be vulnerable to floods and households in such 
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localities show an absence of overhead water storage tanks, in addition to the presence of 
numerous unroofed toilets. A Gini coefficient of 0.358 indicates moderate spatial inequality 
in wealth distribution, where the most deprived (~one-fifth of households) control only a 
tenth of the total wealth, while the richest decile control approximately ~40%. This hydro 
divide forces poor households to treadle into the path of poverty as they strive to access 
basic water supply services. 

Generally speaking, the trained GPT-4o Vision AI model achieved human-comparable 
indicator detection accuracy, with a RMSE value of 8.06 and R² = 0.88. This implies that 
integrating AI-based visual analysis with expert annotation can reliably identify poverty-
indicative proxies in remotely sensed imagery. The hybrid approach used in this study can 
easily and affordably be adopted to rapidly monitor and map both spatial and temporal 
patterns of poverty using a range of datasets compared to traditional asset mapping, which 
depends on either structured house-to-house visits or household self-reported data. 

This study contributes to the current knowledge base and research paradigm relating to 
innovative poverty assessment approaches and efforts made by national statistical offices 
to integrate Big Data sources with traditional surveys in order to fill data and information 
gaps in areas where traditional surveys are infrequent or incomplete. It therefore supports 
dynamic, continuous poverty monitoring. This approach is well documented and is detailed 
in this link: https://spatial-relative-wealth-estimation.streamlit.app/. 

Keywords: GPT 4o Vision, non-traditional indicators, principal component analysis (PCA), 
spatial relative poverty index, water-related indicators of poverty 

https://spatial-relative-wealth-estimation.streamlit.app/
https://spatial-relative-wealth-estimation.streamlit.app/
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1 Introduction 
Water security has become a political and developmental catchphrase employed on the 
global stage in relation to national security, economic stability, and human well-being. The 
Global Water Partnership (Global Water Partnership, 2002) has argued that a water-secure 
world means a better quality of life where every person has enough safe, affordable water, 
and can tackle the destructive effects of water – the damage caused by floods, droughts, 
pollution, and waterborne diseases. The World Summit on Sustainable Development in 2002 
linked water to the world’s development challenges (Laubner, 2002). The Africa Agenda 
2063 prioritises water security as a standalone priority area for the continent (World Bank, 
2024; African Union, 2015), in a context in which over 80% of African countries are rated as 
low- and middle-income economies. Water-related issues manifest in the poorest countries, 
and they also interconnect with other development challenges at different levels. However, 
within these countries, the most vulnerable people are often those who are neglected, 
abandoned, and/or disadvantaged whenever there is competition for access to resources 
and services – including water (Bagachwa and Naho, 1994; Kashaigili et al., 2002; Rogers 
and Hall, 2003). 

Access to safe water and sanitation, in the broader context, is not only seen as a basic 
human right but also a critical determinant of health, economic opportunities, and social 
stability (Mitlin and Satterthwaite, 2012). It is recognised globally as a proxy for human well-
being, economic development, and poverty alleviation (World Health Organization, 2017). 
Studies by the United Nations (2006), Cohen and Sullivan (2010) and Wątor and Zdechlik 
(2021) finds a clear link between water, poverty, and economic development – arguing that 
water is both a cause and an effect of poverty, and hence the latter can easily be mapped 
through a water nexus approach.  

Access to clean water and sanitation is one of the major determinants of poverty in urban 
areas. Despite increased enumeration efforts by national statistical offices and international 
development actors, small area estimates of urban poverty and economic welfare remain 
rare (Engstrom et al., 2016). This partly reflects large gaps in the availability of household 
survey data for measuring economic welfare. This shortcoming is a barrier to timely efforts 
by policymakers and development partners to direct scarce resources to those who are 
destitute. 

Many researchers have strived to identify alternative and robust methodologies for mapping 
poverty in the face of the scarcity of household surveys. Studies by Filmer and Pritchett 
(2001) and Rutstein (2008) developed and supported the use of wealth indices as an 
effective indicator of long-term socioeconomic position, compared to expenditure data. 
They argued that wealth indices are easy to develop and can utilise various generic sources 
of household survey data, such as DHSs. A study by Smits and Steendijk (2015) adopted and 
fine-tuned a wealth index approach and developed an International Wealth Index, which is a 
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comparable index across countries and surveys. It is also a reduced version of the Asset 
Wealth Index, which uses only 12 indicators from hundreds of indicators used in the DHS.  

Despite this progress, the current trend of research on poverty mapping has continued to 
challenge the traditional wealth index approach. A study by Engstrom et al. (2016) raised 
concerns that data used to fit the wealth index are derived from generic household surveys, 
and are often too small to produce a reliable estimate below the regional level. This data gap 
guided their research to investigate the use of high-resolution satellite imagery to reveal 
economic welfare across spatial scales. A study by Sarmadi et al. (2025) sought to adopt 
large language models to process satellite images in mapping poverty levels. The Asian 
Development Bank (2020) presented two broad ways of assessing economic welfare: (i) 
using non-traditional data sources to estimate poverty, underscoring the use of structural 
models for predicting poverty by applying covariates from geospatial data (ii) building a 
multilayered machine model to predict poverty using information obtained from satellite 
imagery. Economics (2024) used machine learning model to estimate rural poverty using 
data derived from satellite images, such as building footprint and nightlights. All of these 
research efforts have demonstrated the potential for estimating poverty at sub-regional 
levels using satellite imagery, providing a complementary approach to conventional 
household surveys. 

Although the literature has not affirmed all proxies (particularly non-traditional) that shape 
the complex interaction between urban poverty, with many environmental, infrastructural, 
and socioeconomic factors, the relationships among many of these variables is clear. A 
good example is the destitute spending the little they have to buy one-time-use vended water 
in mega cities like Dar es Salaam, despite this being very expensive, since there is no 
substitute for water (Sokile et al., 2003) and they cannot afford to store water or tap into 
reticulated system due to geographical limitations (Kjellen, 2007). Poor people often opt to 
live in flood-prone areas of mega cities, as they cannot afford rentals in safer 
neighbourhoods. When floods occur, the destitute are often subjected to extreme poverty 
due to the loss of their belongings. In flood-vulnerable areas, the extreme poor normally 
settle for unsafe sanitation, and neglect safe wastewater management practices, resulting 
in the spread of waterborne diseases (Sokile et al., 2003). Another intricate challenge is 
informal vendors, who are often prevalent in overcrowded and unplanned dwelling areas. 
The poor live in poor-quality buildings with rusted roofs which cannot be used for rainwater 
harvesting, as an alternative source of water. Proximity to stagnant pools of water, 
wastewater ponds, landfills, and waste treatment plants impoverishes a once highly valued 
land. 

Recently, generative AI models like GPT-4o, with vision capabilities, have been used to 
generate and interpret non-traditional indicators of poverty from aerial imagery (Sarmadi et 
al., 2025). Final model outputs are validated against household survey datasets and 
statistical tests, while other correlation tests are used to assess the reliability of the 
generated classifications relative to ground-truth data. This is the approach applied in this 
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study. The conclusion drawn from past research endeavours of this kind suggests that high-
resolution aerial imagery coupled with crowdsourced data and artificial intelligence (AI) are 
effective in identifying the determinants of poverty, and their integration with traditional data 
sources and conventional models can effectively inform poverty levels at local levels 
(Sarmadi et al., 2025; Asian Development Bank, 2020; World Bank, 2020; Engstrom et al. 
2016).  

1.1 Research questions and focus  

This research seeks to examine non-traditional water-related indicators of extreme poverty 
and their relationship with relative wealth, as well as developing and testing a means of 
measuring poverty using openly available aerial images, street images, and generative AI. 
Specifically, this study was guided by the following questions: (i) What non-traditional water-
related indicators are associated with extreme poverty in urban areas? (ii) How do these 
indicators relate to relative wealth at the local scale? (iii) Can openly available aerial images, 
street images, and generative AI be used to develop and test new methods for measuring 
poverty? (iv) To what extent can insights from generative AI provide timely and reliable 
estimates of poverty severity, to complement traditional data sources?  

By addressing these questions, this study aims to generate actionable evidence that can 
enhance data availability and support decision makers and policymakers in designing 
responsive, evidence-based programmes and policy reforms to reduce poverty in urban 
areas.  

Given the study’s focus on water, the study’s focal area was an urban catchment of the 
Coastal sub-basin of the Wami/Ruvu basin, as indicated in Figure 1. The selection of the 
Wami-Ruvu basin was driven by the fact that it harbours the mega city of Dar es Salaam and 
is also among the most water-stressed basins in Tanzania, having water per capita below 
the Falkenmark water stress threshold of 1,700m3/person/year. The city hosts major 
economic activities, and includes residential and industrial areas, all of which increase water 
demand. The basin is highly vulnerable to the impacts of climate change, particularly 
droughts and floods. The resultant effects of these water-related fluxes in the basin are 
largely manifested in Dar es Salaam, where destitution is prevalent in inner-city areas, 
particularly those characterised by densely developed, unplanned residential settlements.  

1.2 The study area 

The study was piloted in an urban catchment of the Coastal sub-basin of the Wami-Ruvu 
basin (Figure 1). The longest flow path (Msimbazi River) was used to guide the delineation 
of the focal area. Given the need to include a diversity of livelihoods, efforts were made to 
identify a small catchment that also covered high-end neighbourhoods. In this case, two 
small catchments adjoining the catchment with the longest flow path were selected and 
spatially joined. The resultant ‘urban catchment’, which is the study area, combines the 
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Msimbazi River catchment and two small catchments covering the northeastern part of Dar 
es Salaam. 

Figure 1:  Study area showing the urban catchment, covering 167 sub-wards and 47 wards (44 in 
Dar es Salaam and 3 in Coast region) 
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2 Methodological approach  
2.1 Indicator definition and co-creation workshop 

The literature highlights several proxies for poverty that are not usually measured or 
enumerated in household surveys. However, many of these proxies have rarely been directly 
or indirectly linked to water, despite water access, sanitation, hygiene and water-related 
disasters being among the major determinants of poverty, especially in urban areas. Usually, 
wealthier households can make long-term water investments, such as obtaining water 
storage infrastructure, whereas poorer households must rely on temporary, low-cost storage 
solutions, such as buckets and jerrycans. In these cases, possession of water storage 
facilities can be a determining factor for assessing poverty levels.  

In this study, other variables, particularly those derived from Big Data analytics, were 
explored through a co-creation process. A team of experts conversant with policy, national 
statistics, water, and AI, drawn from development partners, academia and research 
institutions, non-governmental organisations, and the Tanzania National Statistical Office, 
were engaged in a co-creation process. This process added value to the methodological 
approach, while drawing inherent knowledge from partners, especially in regard to compiling 
a list of non-traditional water indicators on urban poverty, as indicated in Table 1. 

Table 1: Non-traditional water-related indicators 

Component Dataset 
name/ 
geospatial 
covariates 

Rationale for selection Data source 
(means for 
capturing 
dataset) 

Hypothesis and 
expected direction of 
relationship between 
Relative Wealth 
Index (RWI) and 
variables 

Household 
willingness to 
invest in water-
related expenses 

Overhead 
water 
storage 
tanks 

Sokile et al. (2003) 
highlighted that water 
availability is a class 
issue having a slight 
merge of ‘tap-connected 
households’ storing and 
owning about half of 
water, while 
unconnected households 
depend on them, and 
thus making it a useful 
dividing criterion 
between the poor and 
the rich. 

Unmanned 
aerial vehicle 
(UAV) imagery 
(7 cm 
resolution) 

Possession of 
overhead water 
storage tanks is 
associated with high 
RWI 

Open roof 
latrines 
(unroofed 
toilets) 

Tesha et al. (2024) 
suggest that many 
toilets in unplanned 
settlements in Dar es 
Salaam are unroofed – 
residents use them early 
in the morning or during 
the night when they think 
the likelihood of being 

UAV imagery (7 
cm resolution)  
Maxar (30 cm 
resolution) 

Possession of open-
roof latrines is 
associated with low 
RWI 
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seen is minimal. Despite 
the desire to have 
privacy, economic status 
plays a significant role in 
these types of 
households. 

Household 
willingness to 
invest in water-
related expenses 

Water 
vendors 

Theoretically, the Dar es 
Salaam Water and 
Sewerage Authority 
(DAWASA) is responsible 
for supplying water to 
the entire city. In 
practice, its role in water 
delivery to consumers is 
geographically limited 
(Kjellén, 2010), with 
fewer tap-connected 
households in the inner-
city, who store about half 
of all water and resell it 
to poorer unconnected 
households at higher 
prices. This capitalistic 
mechanism forces 
already deprived people 
to spend the little they 
have on water. 

Street-level 
imagery from 
Mapillary 

Relationship 
between water 
vending and RWI is 
bidirectional: 
households selling 
water are associated 
with high RWI while 
households buying 
water from water 
vendors are 
associated with low 
RWI 

People’s choice 
about where to live  

Untreated 
water ponds 

We focused on 
assessing the proximity 
of households to open 
ponds containing 
untreated stormwater 
and/or wastewater, 
either stagnant or 
flowing as runoff. 

UAV imagery (7 
cm resolution)  
Maxar (30 cm 
resolution) 
Street-level 
imagery from 
Mapillary 

Streets with high 
distribution of 
untreated water 
ponds are likely to be 
associated with 
poorer 
neighbourhoods (low 
RWI) 

Wastewater 
stabilisation 
ponds 

Living near wastewater 
stabilisation ponds in 
Dar es Salaam requires 
great fortitude. These 
ponds release pungent 
odours and 
contaminants, and are a 
breeding ground for 
vectors. Their presence 
is often damaging 
people’s peaceful 
enjoyment of their 
habitation, including 
rentals. Though the 
literature has yet to 
affirm this, poor people 
may resort to living near 
sewage ponds because 
rent is often cheaper 
there. Similarly, property 
values, whether land or 
houses, may strongly 
degrade when sewage 

UAV imagery (7 
cm resolution)  
Maxar (30 cm 
resolution) 

The closer the 
proximity of 
households to 
wastewater 
stabilisation ponds, 
the lower the RWI 



INTEGRATING OPEN SOURCE NEXUS MODELLING (AI) AND REMOTE SENSING IN MAPPING WATER-RELATED INDICATORS 
OF EXTREME POVERTY 

© Data & Evidence to End Extreme Poverty  7 

ponds are constructed 
nearby. 

Flood 
inundation 
areas 

In contrast to general 
understanding, a World 
Bank report (Erman et al., 
2019) surprisingly states 
that poorer households 
in Dar es Salaam do not 
suffer the largest losses 
from flood exposure in 
relation to their income 
because damage usually 
comes from asset 
losses; with richer 
households having more 
valuable assets. It is 
inherently difficult for the 
rich to reside in flood-
vulnerable areas, while 
the poor who tend to 
have access to 
dispensable assets. 

Elevation 
Shuttle Radar 
Topography 
Mission 
(SRTM) with 30 
m resolution 

Households with low 
RWI live in flood-
prone areas 

 
It is worth noting the prevalence of other covariates that strongly relate to non-traditional 
water-related indicators. During the co-creation workshop, experts strived to identify and 
outline clear links between covariates that may fully or partially influence the state of non-
traditional water-related indicators that influence urban poverty. These covariates are 
indicated and described in Table 2, alongside the means for capturing them. 

Table 2: Details of geospatial covariates assembled for use in modelling poverty 

Component Covariates Rationale for selection Data source 
(means for 
capturing 
dataset) 

Housing 
condition 

Good roof 
condition 

Ignoring roof maintenance can lead to roofs 
looking worn and unkept, potentially decreasing 
the value of the entire house (Spooner, 2024). 
From a water security perspective, worn-out 
roofs have been linked to elevated levels of 
metals in rainwater, particularly iron, copper, 
nickel, and zinc (Odoh and Jidauna, 2013). 
Worn-out roofs are prevalent in informal 
settlements where poorer people live. The 
inability to collect rainwater during the rainy 
season further eliminates the potential for 
accessing alternative water sources. 

UAV imagery 
(7 cm 
resolution)  
Maxar (30 cm 
resolution) 
 

House’s 
outdoor 
compound/floor 
is with paved 
surface  

We assessed households with well-paved or 
neatly maintained gardens within their 
compounds as a proxy for material wealth and 
the ability to afford aesthetically enhanced 
environments. 

UAV imagery 
(7 cm 
resolution)  
Maxar (30 cm 
resolution) 

People’s 
choice about 
where to live 

Informal 
business 

Hieu et al., (2014) argued pessimistically that 
the informal sector perpetuates poverty –
informal workers often enjoy little social 

Street-level 
imagery from 
Mapillary 
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protection and working conditions are very poor 
(ESCAP, 2006). Informality has been seen to 
cause water pollution through discarded rotten 
goods and through littering (Chirisa and Bobo, 
2018). 

Open dumpsite 
(formal and 
informal) 

Schoessling (2024) delves into how waste 
management impacts impoverished 
communities, arguing that open dumpsites 
often release harmful toxins and pollutants into 
water, leading to gastrointestinal illness. 
Households in close proximity to open 
dumpsites and/or landfills are more likely to 
incur health-related expenses (Shibata et al., 
2015). This phenomenon has led to stark 
disparities in infrastructural development 
between affluent and impoverished regions. 

UAV imagery 
(7cm 
resolution)  
Maxar (30 cm 
resolution) 
Street-level 
imagery from 
Mapillary 

Tree abundance 
(green space 
access) 

Access to green spaces was used as a proxy to 
delineate deprived versus non-deprived areas, 
as it provides insights into neighbourhood 
quality. Availability of green spaces is linked to 
health and well-being, such as cooler 
temperatures, recreational opportunities, and 
aesthetic value, and its absence can serve as a 
proxy for deprivation and reduced quality of life. 
Deprived areas tend to exhibit lower vegetation 
indices and higher surface temperatures, due to 
the lack of vegetation, in contrast to wealthier 
parts of the city. Green belt areas signify less 
congested neighbourhoods, with low building 
density. 

UAV imagery 
(7cm 
resolution)  
Maxar (30 cm 
resolution) 

2.2 Methodological overview 

The conceptual framework presented in Figure 2 illustrates a methodological overview for 
examining non-traditional water-related indicators of extreme poverty. This includes 
estimating variations of relative wealth in urban areas by leveraging indicators extracted 
from aerial and street imagery and then annotated by experts, and the latter automated 
using advanced computer vision techniques. This framework is anchored in two primary 
data sources (1) aerial and street imagery, which served as the primary data for digitising 
and extracting indicators; (2) DHS data from the National Bureau of Statistics, used to 
construct a reference wealth index for validation purposes. A series of non-traditional 
indicators of poverty (which were digitised) were grouped into three thematic categories 
(each of which is linked to socioeconomic status): 

• Household willingness to invest in water-related expenses. This includes the availability 
of overhead water storage tanks, open roof latrines, and water vendor points. 

• Household choice on where to live. This is determined by the proximity of houses to 
open dumpsites, untreated water ponds, wastewater stabilisation ponds, water bodies or 
flood-prone areas, informal businesses, dumpsites, and trees. 

• Housing condition. This is linked to roof condition and the presence of outdoor floor 
paving and/or gardens. 
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These extracted indicators were subjected to correlation analysis to determine their 
relationship with the DHS wealth index, which provides benchmark data on relative wealth. 
Moderately correlated indicators were used as inputs to a numerical model using principal 
component analysis (PCA) to develop a relative poverty estimator. This model identifies 
determinants that best narrate variations in urban poverty through a quantitative lens. 
Thereafter, GPT-4o with vision capabilities was calibrated to detect and classify the 
indicators directly from household-level images. The model was fine-tuned and validated 
using images of indicators and tested using out-of-sample images of indicators covering the 
study area. The outputs were validated against the DHS wealth index and expert judgement. 
The final output of the modelling exercise was the Spatial Relative Wealth Index (SRWI), 
which enables explicit rapid spatial mapping of poverty severity at a higher resolution over 
larger spatial extents. 
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Figure 2: Conceptual framework of the study 

 

2.3 Data collection and processing 

Data on the selected water-related indicators and associated covariates were collected 
based on two major levels: household level and street level. These datasets were acquired 
from aerial images and street-level images, as indicated in Table 1 and Table 2. High-
resolution Maxar satellite images with a spatial resolution of 30 cm and UAV images with a 
spatial resolution of 7 cm provided a detailed and distinct view of household-related 
indicators, including overhead water storage tanks, roof conditions, open roof latrines, and 
houses with paved outdoor floors. Streetscape indicators, including informal businesses, 
open dumpsites, and untreated stormwater/wastewater ponds, were partially acquired from 
the high-resolution aerial images. Most street-level indicators were obtained from street 
images that are openly available on Mapillary, an open source platform that provides 

https://d.docs.live.net/9940A744846782EF/Documents/mapillary.com/app/
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geotagged street-level images. These images added ground-level visibility of indicators, 
particularly those that are difficult or impossible to identify in aerial images, due to 
obstructions, resolution limits, or vertical viewing angles. 

Figure 3: Street imagery from Mapillary (left), UAV imagery in 7 cm spatial resolution (right) 

  
 
Flood inundation data were derived by analysing elevation variations using the Digital 
Elevation Model (DEM), acquired from Shuttle Radar Topographical Mission (SRTM). The 
study area was visualised with contour lines at one-metre intervals to assess topographic 
changes. Areas with elevation less than 10.5 metres above sea level were considered to be 
flood-prone areas (Erman et al., 2019). 

All data on indicators were collected in binary format, in Yes/No outcome variables, except 
for ground truth data, which were derived from the 2022 Tanzania Demographic and Health 
Survey (TDHS) dataset. This numerically formatted dataset includes information from 
15,705 households, grouped into 629 clusters, with each cluster containing 26 sampled 
households across 31 regions of the country. For this study, ground truthing was based on 
the TDHS HV 271 variable, which represents the wealth index factor score combined at the 
household level (Croft et al., 2023). TDHS HV271 is constructed by applying PCA to 
household asset ownership, housing characteristics, and utilities, producing a continuous 
score that reflects relative household wealth (Croft et al., 2023). The average of the HV 271 
variable for the households, in each cluster, in the study area was used as the reference 
basis and for validation. Given that the study area covers over 90% of Dar es Salaam, a total 
of 25 out of 35 clusters in the city were located within the vicinity of the study area. The 
remaining 10% area covered the water towers (the upper mountainous catchments) located 
in Pwani region. 

Given the vastness of the study area and the time-intensive nature of digitising each 
indicator individually, a strategic sampling approach was applied. The area was divided into 
equally sized GRID of 90m by 90m to capture neighbourhood characteristics and to provide 
a spatial framework for integrating street-level indicators. Each GRID typically enclosed 4 to 
8 households. Purposive sampling was used to select all grids that overlapped with the 
locations of DHS clusters within the study area. Within these selected grids, all households 
(48,201) were mapped, and relevant indicators were digitised as point shapefiles. All 
generated data were systematically re-projected into Universal Transverse Mercator (UTM) 
32337 European Petroleum Survey Group (EPSG), datum: World Geodetic System (WGS) 84, 
aligning with the precise projection consistency and spatial accuracy. Then, spatial overlay 
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and spatial join techniques were applied to integrate household locations with the 
associated indicators, including street-level information, by joining their attributes based on 
the respective grid locations. 

2.4 Assessing water-related indicators of poverty 

Efforts were made to understand and evaluate the relationship between water-related 
indicators and relative wealth. Water-related indicators were evaluated as independent 
variables, with the DHS wealth index serving as the response variable for analysis. A test 
was conducted to assess the assumption of normality of the response variable to inform the 
choice of statistical test for measuring existing associations. A test was also conducted to 
determine the strength of the response variables and if the association between water-
related indicators and poverty estimates from the DHS wealth index was statistically 
significant. In this regard, the Shapiro–Wilk test of normality was applied to determine 
whether the response variable followed a normal distribution, thereby guiding the selection 
of appropriate statistical tests for subsequent analysis. The result of the Shapiro–Wilk test 
of normality (statistic: 0.746, P< 0.05) suggested that data were not normally distributed. 
Therefore the we adopted Mann–Whitney U test (Wilcoxon Rank-Sum Test) to assess if 
there was a statistically significance difference in the distribution of relative poverty 
between the binary outcomes (Yes/No) of water-related indicators. The Mann–Whitney U 
test was chosen because it is well-suited for analysing data that do not follow a normal 
distribution. Kernel Density Estimation (KDE) was applied to visualise the distribution of 
data, and the results were plotted using a histogram and density curve, alongside the results 
of the Mann–Whitney U test. 

With the understanding that the distribution of urban poverty is influenced by significant 
spatial distribution of certain characteristics, rather than occurring by random chance, we 
assessed whether distinct geographic patterns exist in the distribution of poverty and water-
related indicators across the study area. To undertake this assessment, we analysed spatial 
associations by calculating spatial autocorrelation using univariate global and local Moran’s 
I statistics to examine the clustering of individual water-related indicators. In this regard, 
bivariate global and local Moran’s I statistics were used to explore the spatial relationship 
between water-related indicators and poverty. The Moran’s I approach quantified the degree 
to which values at one location resembled those at neighbouring locations across the entire 
study area. This helped to identify areas where significant spatial clustering occurred, as 
well as detecting spatial outliers. The output of Moran’s I, which presented both clusters of 
indicators (high-high and low-low) and outliers as ‘high-low, low-high’ simultaneously, were 
visualised using Kuandran Moran’s scatterplot (Anggani et al., 2023). 
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2.5 Spatial estimation of variations in poverty levels 

a. Proxy measures of living standards 

We adopted a proxy-based analysis and measurement of socioeconomic inequalities, as 
described by World Bank (2018). This method relies on indirect indicators or proxies, such 
as household assets, housing characteristics, street characteristics, and access to basic 
services, to estimate variations in socioeconomic status when direct measures like income 
or expenditure data are unavailable or unreliable. In this study, we focused our analytics on 
water by testing hypotheses that explore the relationship between water and water service 
outcomes (explanatory variables) and household living standards. Many researchers have 
used easily accessible data on household assets and other characteristics to construct 
alternative measures of welfare or living standards (World Bank, 2018). However, in this 
study, a different approach was used whereby we focused on geospatial non-traditional 
water-related assets and other characteristics linked to water, including household and 
streetscape conditions to construct a SRWI (Putri et al., 2022). 

b. Correlation analysis and variable selection 

Correlation analysis was conducted to determine the relationship between each of the 
water-related variables defined in Table 1, covariates defined in Table 2, and the DHS wealth 
index. We intended to find relationships at the household level but, due to the spatial 
limitations of the DHS wealth index, where data are sampled and collected at cluster level, 
we could only apply it at the DHS cluster level. Spearman correlation analyses were 
conducted to determine the relationship, followed by carrying out a correlation significance 
test to determine whether the correlation coefficient obtained was statistically significant at 
the α (significance level) of 0.05. 

Unlike many studies (e.g. Tarozzi and Deaton, 2009) which have shown that non-spatial 
variables for household assets – particularly those derived from household surveys – are 
strongly related to poverty, Putri et al. (2022) state that geospatial variables may be 
moderately to strongly correlated with poverty levels, particularly when measured at the 
lower administrative level. Based on this view, we selected variables that are statistically 
significant and also moderately, strongly, or very strongly (|p|≥0.4) correlated with the DHS 
wealth index. Therefore, the SRWI was established based on variables that are correlated 
with poverty in the study area. 

c. SRWI estimation 

The SRWI is similar to other asset wealth indices. However, instead of using surveying data, 
it utilises annotated geospatial household asset and neighbourhood quality data from a 
large pool of aerial and open street images. Since the introduction of the asset wealth index 
method of estimating relative poverty, as documented in the landmark papers of Filmer and 
Pritchett (1999, 2001), most studies have adopted PCA (Filmer and Pritchett, 1999, 2001; 
McKenzie, 2005; Sahn & Stifel, 2000), despite the existence of other methods which produce 
slightly different outcomes compared to PCA (Booysen et al., 2008; Sahn and Stifel, 2000). 
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PCA is a statistical technique used for dimensional reduction in a dataset by converting the 
data into smaller number of components (Vyas and Kumaranayake, 2006). The first principal 
component is chosen as the weight factor for each variable. In this study, we applied PCA to 
estimate weights for each variable. These weights were used to compute the raw wealth 
score. To obtain the raw wealth score, variable weights multiplied by the outcome of 
indicator variables had to be summed up, as described in Equation 1 

𝑦𝑦𝑦𝑦 = ∑β𝑛𝑛 ∙ 𝑥𝑥𝑛𝑛                                                                                                                                                                                                Equation 1 

Where: 

yr is the raw wealth score, βn is the estimated variable weight of the nth variable, and xn is the 
outcome of the indicator variable of the nth variable. 

The minimum raw wealth score was -3.294611 while the maximum was 1.399267 (Table 3). 
Households with the lowest score owned the fewest assets and/or had characteristics 
associated with lower neighbourhood quality. Smits and Steendijk (2015) have argued for 
the necessity of scaling raw wealth score to enhance comparability. We scaled the raw 
wealth score from 0 (lowest) to 100 (highest wealth score). This was done by adding the 
absolute value of the minimum raw wealth score to each household’s score , resulting in a 
maximum value of 4.693878. To re-scale the scores to a 0–100 range, we used a min-max 
transformation, as described in Equation 2:  

𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆 = 100 ∙ 𝑅𝑅𝑅𝑅𝑅𝑅 −𝑀𝑀𝑀𝑀𝑀𝑀 𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠
Max−Min score

= �100 ∙ 𝑅𝑅𝑅𝑅𝑅𝑅 𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠
Max−Min score

� − �100 ∙ 𝑀𝑀𝑀𝑀𝑀𝑀 𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠
Max−Min score

� = �100 ∙ (∑βn∙ 𝑥𝑥n)
4.693878

� −

�100 ∙ (−3.294611
4.693878

� = ∑β′n ∙  𝑥𝑥n +  70.272331                                                                      Equation 2 

Where β’n are the scaled variable weights. These are obtained by multiplying the original 
PCA-derived weights by 21.304342 (100 ÷ 4.693878). The parameters of the SRWI formula 
included the constant value 70.189531, the dot product of scaled variable weights and the 
outcome of indicator variables. . The outcomes are presented in Table 3. 

Table 3: Mean and standard deviations (SD) of variables (N = 48,201) 

Indicator variables Mean (%) SD (%) Raw variable 
weight 

Scaled variable 
weight 

Good roof condition 9.91 29.88 0.702981 14.97655 

Overhead water 
storage tank 

7.03 25.56 0.696286 14.83392 

House outdoor 
floor with paved 
surface 

0.94 9.64 0.327969 6.987157 

Dumpsite (formal 
and informal) 

39.81 48.95 -0.51527 -10.9775 

Untreated water 
pond 

47.79 49.95 -0.62303 -13.2733 

Informal business 46.33 49.87 -0.67739 -14.4312 

Flood inundation 
area 

94.32 23.15 -0.72751 -15.4991 
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Open roof latrine 
(unroofed toilet) 

84.66 36.04 -0.75141 -16.0084 

Constant     70.189531 

Minimum value    -3.294611 0 

Maximum value    1.399267 100 

 
Table 3 highlights how household indicator variables contribute to the SRWI. Assets that are 
relatively rare, such as a good roof condition (mean 9.91%) and overhead water storage 
tanks (mean 7.03%), receive high positive weights, reflecting their strong ability to 
distinguish wealthier households. In contrast, common negative conditions, such as open 
roof latrines (mean 84.66%) and flood-prone areas (mean 94.32%), carry large negative 
weights, indicating their association with lower household wealth. Variables with very low 
variance, like paved outdoor floors (mean 0.94%, SD 9.64%), contribute less to the index, 
despite being positive assets. 

d. Testing a structural model 

Two sets of assessment were used to validate the degree to which the SRWI could describe 
relative wealth in the study area. First, we performed numerical evaluation to measure the 
correlation between the SRWI and the DHS wealth index at the DHS cluster level using the 
Spearman method. The second step entailed descriptive evaluation whereby we visually 
compared the results of the SRWI with known welfare indicators that can be observed in 
high-resolution aerial images including, building density and road networks. Several previous 
studies have shown the potential of using high-resolution imagery as an alternative option 
for ground-truthing (matching features on images with physical footprints) with the 
advantage of being able to apply the matching process numerically on each pixel. Putri et al. 
(2022) used descriptive evaluation to validate areas with poverty using a ground-truth check 
based on geographic characteristics seen in Google Earth images. Sakti and Takeuchi 
(2020) investigated roof materials from images and ground-truthed using Google Earth 
images. However, for our case, we used high-resolution 7 cm aerial images for descriptive 
evaluation. These have a much better digital signature than Google Earth images and hence 
were used for ground-truthing as well.   

2.6 Fine-tuning AI GPT-4o Vision 

AI GPT 4o with vision capabilities was fine-tuned to detect indicator variables in aerial and 
street images for automated estimation of the SRWI. This disruptive multimodal vision 
capability enhanced the repetitive digitisation process for indicator variables of poverty 
generated from aerial and street images. For example, instead of digitising overhead water 
storage tanks, we tested if GPT multimodal vision could digitise it precisely, accurately, and 
in milliseconds. In doing so, we built on the work of Sarmadi et al. (2025), who highlighted 
the effectiveness of ChatGPT multimodal vision capacities in ranking satellites images by 
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poverty level. The fine-tuning of GPT-4o model entailed two key steps, as described in the 
following paragraphs. 

a. Image sampling and system prompt development 

Images of the indicator variables, as described in Table 3, were sampled from high-
resolution aerial imagery and open street images. The sampling was confined to the study 
area to ensure that all possible appearances of the indicator variables within that area were 
captured. Multiple samples of each indicator variable were selected to account for 
variations in appearance. For instance, overhead water storage tanks can differ in colour, 
shape, and size – all possible variations were included for fine-tuning. System prompt 
development was conducted to guide the multimodal vision in detecting and classifying 
indicator variables obtained from aerial and street images. The final system prompt is 
shown in Figure 4. 

Figure 4:  A system prompt used for fine-tuning AI GPT-4o Vision model for the detection of water-
related indicators 

 
 

b. Fine-tuning GPT-4o Vision 

We fine-tuned the AI GPT-4o Vision model to improve vision capabilities, with the aim of 
achieving stronger object detection capacity on images. The fine-tuning process followed an 
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empirical procedure as described by OpenAI (2024) using an Application Programming 
Interface (API). Training data with sample images were annotated with labels, processed, 
and transformed into the required format (‘jsonl’), followed by fine-tuning using API endpoint. 
We used a total of 150 image samples, 80% of which were used as training data and 20% of 
which were used for validation. The model was fine-tuned iteratively using different 
hyperparameters until the best performance was attained. Loss function was used as 
metrics for measuring the accuracy of the fine-tuned model. 

The fine-tuned model was tested on more than 300 new, unseen images. Our approach 
entailed using two researchers to manually identify and label the indicator variables in these 
images, which were then used to evaluate the model’s performance in detecting those 
variables. We used root mean square error (RMSE) and R² to assess the accuracy of the 
fine-tuned model by comparing its predictions against the true values identified by the 
experts. 
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3 Results 
3.1 Non-traditional water-related indicators of urban poverty 

The distribution of urban poverty was analysed to identify concentrations of high and low 
values, as well as outliers, to detecting the most distinct boundaries between wealth and 
poverty within the study area. Using the DHS wealth index, also christened as RWI, Anselin’s 
local Moran’s I was applied. The findings are shown in the Kuandran Moran’s scatterplot in 
Figure 5. The high Moran’s I value (0.916) reflects a strong positive spatial autocorrelation of 
the RWI, which indicates that wealthy areas tend to be near other wealthy areas, and poor 
areas tend to be near other poor areas. This means relative wealth is not randomly 
distributed: it is clustered, and the pattern is not a result of random chances (p < 0.05; 
91.82% of points are significant). 

Figure 5: Local Moran's I scatterplot for variable RWI, representing DHS wealth index 

 
Note: X-axis represents actual observations, y-axis is spatially lagged observations, i.e. the average RWI of 
neighbouring locations. Quadrants: top-right (red) represents high RWI surrounded by high RWI – ‘high-high’ 
clusters. Bottom-left (blue) represents low RWI, surrounded by low RWI – ‘low-low’ clusters. Top-left (light-blue) 
represents low RWI surrounded by high RWI – ‘low-high’ outliers. Bottom-right (orange) represents high RWI 
surrounded by low RWI – ‘high-low’ outliers. Centre (grey) contains non-significant points (not spatially 
autocorrelated). The trend line (black) represents the strength and direction of the spatial autocorrelation. 
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If wealth and poverty are not randomly distributed, then socioeconomic conditions tend to 
exhibit spatial inequity. This implies that without spatially targeted interventions, efforts 
towards poverty alleviation and development may risk reinforcing these inequities, as areas 
of concentrated poverty may remain underserved relative to wealthier clusters. In this study, 
an attempt was made to examine whether the observed pattern of wealth distribution is 
related to socioeconomic inequality, in the context of water access and services. A Mann–
Whitney U test was carried out to determine whether there is a statistical difference between 
the distribution of RWI and water-related indicators. The Mann–Whitney U test was carried 
out after processing the data and therefore all 48,201 observations were obtained. These 
observations correspond to the total sampled households where water-related indicators 
were detected. The 90 m × 90 m grid cells were used as a spatial framework to integrate 
street-level indicators with the respective households within each grid; however, the 
households formed the actual units of analysis.  

Figure 6 presents two distinct and comparable results. First, the distribution of observations 
is illustrated using histograms and density plots (KDE), showing the outcome variables 
(presence/absence) of water-related indicators. The distribution appears multimodal, as 
indicated by several peaks, suggesting that these outcome variables form clusters. Second, 
the Mann–Whitney U test results indicate a statistically significant difference between the 
outcome variables of water-related indicators and the RWI. This implies that the variations in 
water-related indicators are associated with differences in relative wealth, though the 
distributional peaks themselves cannot be directly attributed to RWI alone.  



INTEGRATING OPEN SOURCE NEXUS MODELLING (AI) AND REMOTE SENSING IN MAPPING WATER-RELATED INDICATORS 
OF EXTREME POVERTY 

© Data & Evidence to End Extreme Poverty  20 

Figure 6: A histogram and density curve (KDE), alongside the Mann–Whitney U test, showing the 
results of univariate analysis of water-related indicators on poverty 

 
Figure 6a indicates that households living in flood-prone areas tend to be poorer (Z = -8.76, p 
≤ 0.001) and their distribution is narrow whereas areas without flood inundation tend to have 
wealth distributed more broadly. Notable peaks are observed around an RWI value of 2.5, 
suggesting that some relatively wealthier households tend to be located near the coastal 
shoreline, an area classified as flood-prone due to its lower elevation. Figure 6b indicates 
that the absence of tanks is skewed more towards the lower end of the RWI. Moreover, the 
presence of water tanks is associated with a slightly broader wealth spread, with some 
poorer and many wealthier households (Z = 18.35, p ≤ 0.001). A small proportion of 
households with an RWI value of 2.5 appear to lack overhead water storage tanks, likely due 
to their reliance on underground sumps equipped with electric pumps. Wealth distribution in 
areas with untreated water ponds shows a multimodal pattern (Figure 6c) – higher wealth 
households are progressively less likely to live near these ponds (reflected by a pronounced 
peak at lower RWI values), although a small number of relatively wealthier households still 
face exposure (Z = 5.8, p ≤ 0.001).This might be linked to wealthier households living in 
areas with high water retention capacity, such as coastal zones, which are not necessarily 
flood-inundated but are still prone to the presence of untreated water ponds. Households 
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with unroofed toilets tend to have a significantly lower wealth index (Figure 6d). The Mann–
Whitney U test (Z = -12.13, p ≤ 0.001) confirms a statistically significant difference between 
wealth groups with and without unroofed toilets, implying a strong association between the 
presence of unroofed toilets and lower wealth status. In general, the results indicate that a 
higher wealth index is linked to areas where households have overhead water storage tanks 
and have no unroofed toilets. The streets where wealthy households are located are not 
flood-vulnerable although there is a slight tendance for them to have untreated water ponds, 
mainly from pools of rainwater due to pavements. Poor neighbourhoods tend to be flood-
vulnerable, with the majority of households lacking water storage tanks and relying on 
unroofed toilets. 

With the understanding that water-related indicators could serve as useful proxies for 
locating poverty and addressing it in spatial or development planning, we analysed the 
spatial autocorrelations of these water-related indicators as a meaningful proxy for urban 
poverty. We employed bivariate Moran’s I to assess if the observed clustering of outcomes 
variables of water-related indicators aligns with observed clusters of RWI. 

The bivariate local Moran’s I scatterplot presents the spatial relationship between household 
wealth (RWI) and the presence/absence of water-related indicators. The results show a 
statistically significant pattern of spatial clustering (I = -0.148, p < 0.05). Notably, high-wealth 
households are mainly found in areas that are not vulnerable to floods (lower-right quadrant) 
(Figure 7). A minority of wealthier households which are located in flood-prone areas (upper-
right quadrant) may point to infrastructural lag in otherwise affluent zones. The slightly 
negative slope of the regression line further supports an inverse relationship, indicating that 
an increase in household wealth is associated with households living in non-flood-prone 
areas. Although it is important to note that not all poorer households live in flood-prone 
areas (lower-left quadrant), those that do are more skewed towards high deprivation level 
(upper-left quadrant). The most destitute are concentrated in the upper-left quadrant of 
Figure 7. Conversely, the lower-right quadrant represents wealthier households who could 
become impoverished if they are affected by flooding. 
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Figure 7: Bivariate local Moran’s I scatterplot of RWI and the spatially lagged values of flood 
inundation areas 

 

 
 

Figure 8 shows a statistically significant positive spatial autocorrelation (I = 0.207, p < 0.05), 
with wealthier households tending to possess overhead water storage tanks, while poorer 
households tend to cluster in areas where tanks are scarce. High-high clusters (rich 
households in water tank-rich neighbourhoods) and low-low clusters (poor households in 
water tank-poor neighbourhoods) dominate the scatterplot, as indicated by the dense red 
and dark-blue points in the upper‐right and lower-left quadrants, respectively. Spatial outliers 
– i.e. poor households in tank-rich areas (light blue) and rich households in tank-poor areas 
(orange) – are relatively rare, underscoring the robustness of this wealth‐infrastructure 
association. These patterns suggest that access to household‐level water storage 
infrastructure is not evenly distributed but instead follows existing socioeconomic divides. 
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The observed few spatial outliers may represent early adopters in poorer areas or legacy 
deficits in otherwise affluent neighbourhoods. 

Figure 8: Bivariate local Moran’s I scatterplot of RWI and the spatially lagged values of overhead 
water storage tanks 

 
 

Figure 9 shows a relatively uniform spatial distribution (clustering and dispersion) of 
untreated water ponds (ponds of water as a result of rain and or leaking pipes) across both 
wealthier and poorer households (I = 0.296, p < 0.05). However, the dominant pattern is one 
of concordant clustering, because the trend is slightly skewed towards wealthier 
households, suggesting a slightly high tendency for these ponds to be located near to 
households with higher RWI. The regression line slopes upward, supporting the suggestion 
that as household wealth increases, so does the average number of nearby untreated ponds. 
Spatial outliers are relatively infrequent: some low-wealth households appear in pond-rich 
areas (upper-left quadrant, light blue), and some high-wealth households in pond-poor areas 
(lower-right quadrant, orange). The handful of these spatial outliers indicate areas where 
local conditions (such as tarmac streets in wealthier streetscapes, unique topography, or 



INTEGRATING OPEN SOURCE NEXUS MODELLING (AI) AND REMOTE SENSING IN MAPPING WATER-RELATED INDICATORS 
OF EXTREME POVERTY 

© Data & Evidence to End Extreme Poverty  24 

densely compacted ground in under-resourced streetscape) disrupt the broader wealth–
pond relationship. 

Figure 9: Bivariate local Moran’s I scatterplot of RWI and the spatially lagged values of untreated 
water ponds 

 
 

The negative slope of the trend line in Figure 10 indicates a modest negative spatial 
autocorrelation (I = -0.143, p < 0.05), meaning that, as wealth increases, the surrounding 
prevalence of unroofed toilets tends to decrease. The majority of observations fall into the 
lower-right quadrant (high-low, orange), indicating many wealthier households in areas with 
low open‐latrine prevalence. The lower-left quadrant indicates that clusters of poorer 
households are associated with low rates of unroofed toilets. Although high-high (red) and 
low-high (light-blue) spatial outliers are comparatively rare, they represent critical clusters of 
sanitation deprivation. The high-high outliers (i.e. wealthier households using open latrines) 
may reflect localised factors (e.g. land tenure issues), while the low-high outliers indicate 
pockets of poorer households with unroofed toilets. Household destitution is most likely 
represented by those in the low–high clusters. 



INTEGRATING OPEN SOURCE NEXUS MODELLING (AI) AND REMOTE SENSING IN MAPPING WATER-RELATED INDICATORS 
OF EXTREME POVERTY 

© Data & Evidence to End Extreme Poverty  25 

Figure 10: Bivariate local Moran’s I scatterplot of RWI and the spatially lagged values of unroofed 
toilets 

 

 
 

3.2 Estimating variations in urban poverty levels using SRWI 

In estimating SRWI, we used non-traditional water indicators as determining factors of 
relative poverty, analysed using PCA. To ensure the analysis is robust, efforts were made to 
integrate geospatial covariates that have a direct link with water-related indicators and that 
are at least moderately correlated with the RWI. Spearman rank correlation analysis was 
conducted, and covariates with correlation values greater than 0.4 were selected as auxiliary 
indicators (Table 4). These include good roof conditions and the presence of informal 
businesses, dumpsites (both formal and informal), and outdoor household floors with paved 
surfaces. 

Table 4: Results of Spearman correlation coefficients 

Variable Expected direction Actual direction and magnitude 
Overhead water storage tanks Positive 0.48 
Open roof latrines (unroofed toilets) Negative -0.71 
Untreated water ponds Negative 0.44 
Flood inundation areas Negative -0.54 
Good roof condition Positive 0.52 
House outdoor floor with paved surface Positive 0.41 
Informal business Negative -0.86 
Open dumpsite (formal and informal) Negative -0.68 



INTEGRATING OPEN SOURCE NEXUS MODELLING (AI) AND REMOTE SENSING IN MAPPING WATER-RELATED INDICATORS 
OF EXTREME POVERTY 

© Data & Evidence to End Extreme Poverty  26 

 
The results obtained from the factor analysis using PCA (Table 5) collectively indicate that 
the RWI, established using the non-traditional water-related indicators, provides a defensible 
summary measure of wealth distribution. Notably, the spatial wealth index (SRWI) captures 
roughly 42% of the total variance in the underlying indicators. This is in agreement with 
social science research norms according to which a one-factor solution that explains ≥ 40% 
of common variance is generally considered satisfactory, indicating that the chosen 
indicators share a significant underlying dimension of economic well-being. The result of 
Bartlett’s test of sphericity (χ² = 335,709.42, p < 0.001) is highly statistically significant. And 
hence, we reject the null hypothesis that the correlation matrix among the indicators is an 
identity matrix. This means that the indicators are sufficiently correlated to justify factor (or 
principal component) extraction. A Kaiser–Meyer–Olkin (KMO) value of greater than 0.60 is 
deemed ‘mediocre to adequate’, meaning that the sampling adequacy is acceptable for 
social research. The value of Cronbach’s alpha (α), which is greater than 0.6, indicates 
moderate internal consistency of indicators and is deemed acceptable for exploratory 
indices, particularly a wealth index, which is multidimensional in nature. 

Table 5: Metrics of the PCA-based factor analysis for SRWI 
 

First PCA 

Eigenvalue (λ₁) 3.292977 

Proportion of variance explained 0.4116 

Cumulative proportion of variance explained 0.411622 

Bartlett’s test of sphericity (χ²) 314323.2 *** 

KMO 0.6254 

Cronbach’s alpha (α) 0.6292 

*** significance at confidence level (95%) 

The SRWI results were visualised using a Getis-Ord Gi* heatmap using hexagonal binning 
(Figure 11) to reveal spatial variation in clusters of high or low SRWI using Gi* Z-scores. The 
results show that dark-blue hexagons are concentrated in the western and southern parts of 
the study area, indicating clusters of higher SRWI – wealthier households tend to be located 
close to each other. By contrast, dark-red hexagons are concentrated in the eastern and 
northeastern parts, indicating clusters of lower SRWI (deprivation hotspots). The darker the 
red, the stronger the clustering of lower wealth. The central part seems to indicate more 
mixed neighbourhoods and statistically insignificant, indicating less spatial clustering or 
socioeconomic transition. 
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Figure 11: Getis-Ord Gi* heatmap of SRWI  

 
Note: Blue hexagons represent statistically significant high clusters of SRWI values (i.e. wealthier areas). Red 
hexagons represent statistically significant low clusters of SRWI values (i.e. poorer areas). White or pale 
hexagons represent areas with no statistically significant clustering, meaning these could be mixed 
neighbourhood where wealth is more randomly distributed. 

The accuracy of the SRWI was assessed by measuring the correlation between the SRWI 
and the DHS wealth index, as well as comparing the SRWI with aerial images descriptively. 
The result of Spearman rank correlation between the DHS wealth index and the SRWI, as an 
aggregated score was found to be 0.76936 (p-value = 0.023) at the DHS cluster level. This is 
a strong positive monotonic association, which is statistically significant at α = 0.05, 
meaning that an increase in SRWI tends to be associated with an increase in the position on 
the DHS wealth index.  

A descriptive evaluation is presented in Figure 12, which shows that sparsely populated 
areas, which seem to be well planned and have adequate accessibility, have a high SRWI. 
Flood-prone areas tend to be densely packed, with poor sanitation services (unroofed 
toilets) – here, the SRWI tends to be low, indicating clear deprivation. 
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Figure 12: Descriptive evaluation of SRWI 

 
Note: This figure presents the spatial variation of SRWI, with each dot on the map representing a sampled spatial 
unit, colour-coded by Getis-Ord Gi* z-scores indicating local clustering of relative wealth (red = high wealth, blue = 
low wealth). Selected neighbourhoods were annotated with high-resolution aerial imagery and descriptive 
evaluation of socioeconomic profiles was derived from visual interpretation and comparison with SRWI scores. 

We applied measures of wealth inequality to understand the underlying distribution of 
wealth in the study area and its implications for water and water-related services. The Gini 
coefficient was noted to be 0.358 and the Theil T index was 0.235, which is comparable to 
the indicators for Tanzania as a whole (World Bank, 2021). This indicates moderate 
inequality in wealth distribution in the study area. This is supported by the results presented 
in Figure 13, which highlight that about one-fifth of households hold only 1–2% of the total 
SRWI – indicating clear deprivation. This means that 60% of the total population control only 
a fraction (less than 35%) of the total wealth, while a small fraction of the richest population 
(which is approximately less than 1% of the total population) command over 15% of the 
wealth, as shown by a heavy tail at the top. This means, for example, that if water is 
supplied, those with water storage tanks (the richest part of the population) are likely to 
store over 15% of all water. 
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Figure 13: Lorenz curve (blue line) showing the distribution of SRWI across the population at ward 
level 

 
Note: Red line represents perfect equality, meaning that the population has equal possession of all indicators. 

3.3 GPT-4o Vision-derived estimation and spatial distributions of urban 
poverty severity 

Efforts were made to develop a generative AI model by fitting the estimated indicator 
weights and formula for estimating SRWI. We applied multimodal vision capabilities (GPT-
4o) and calibrated the model with several images of indicators in order to train it to 
understand variations in indicators in aerial and street images. Figure 14 presents the 
results of the model training and validation process. We fine-tuned the model with 88 
iterations (epochs). The results showed that the model started to over-fit after roughly 
epoch 22, which is where validation loss is lowest and validation accuracy peaks. We 
applied early stopping to avoid progressive training beyond the point which steadily hurts 
generalisation (validation loss rises, validation accuracy slips). The best fit hyperparameters 
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include four epochs, batch size 1 and learning rate (LR) multiplier was 2. These 
hyperparameters yielded training loss of 0.012, validation loss of 0.089, and full validation 
loss of 0.123 (Figure 10). 

Figure 14: Metrics score of GPT-4o Vision fine-tuning process 

 
 

Note: Loss (top) Blue ≈ training loss, Green ≈ validation loss, Dashed lines = linear trend. Accuracy (bottom), Blue 
≈ training accuracy, Green ≈ validation accuracy, Dashed line = trend. 

We tested the accuracy of the best fit model with sample images of existing households and 
the associated streetscape. According to OpenAI (2024), vision fine-tuning improvements 
can be observed with as few as 100 images, especially for tasks like object localisation or 
visual recognition. In this study, we randomly selected 418 images spatially distributed 
across the study area – well beyond the minimum threshold. The calibrated fine-tuned GPT 
4o was used to detect if the indicators were present or absent in the images. Similarly, the 
same images were analysed and annotated by experts. We used the same indicator weights 
and same formula to estimate SRWI and compare the outputs of GPT-4o (taken as 
prediction) and expert annotations (true values) using RMSE and R2. RMSE was noted to be 
8.06 and R2 = 0.88, meaning that the model had a robust fit as it could account for close to 
89% of variance in the true poverty index, with a prediction error of only 8 units away from 
the true poverty index. 
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4 Discussion 
4.1 The relationship between non-traditional water-related indicators and 

urban poverty 

It is worth noting that private ‘long-term’ water storage infrastructure is not evenly 
distributed but instead follows existing socioeconomic divides. Sokile et al. (2003) found 
that wealthier households invest in large storage tanks, storing more than half of the 
domestic water supply, while poorer families (with far fewer means) end up spending their 
limited funds just to secure even minimal amounts of water. While some households use 
water in excess and store it to meet future needs, others struggle to secure enough water 
even for their basic needs. This implies the existence of spatial inequality in both water 
access and resilience, and – implicitly – poverty. 

The nexus of poverty and floods is bidirectional: either a household might be impoverished 
because it is exposed to flooding or it might be exposed to flooding because it is poor. We 
found that flood-prone areas are home to both poor and wealthier households, and that 
when floods occur, the resultant impacts tend to depend on socioeconomic status. Despite 
the fact that there are documented absolute losses, it is well known that during floods, 
wealthier families often suffer the greatest economic losses (Bangalore et al., 2016) and risk 
falling into poverty, while the poor may fall further into extreme poverty. The poorer 
households also often end up confronting more existential threats, such as loss of life or 
basic services (shelter, water), rather than just asset damage (Rentschler et al., 2022). The 
flood–poverty nexus implies that, although not all low-income households live in flood-prone 
areas, those that do make up a disproportionate share of the most deprived and tend to 
cluster geographically. 

Relative low prevalence of water ponds around poorer areas could indicate minimal land 
modification, with unpaved outdoor floors and rough roads that enhance stormwater 
infiltration, rather than pond formation. The study by Upper Midwest Water Science Center 
(2019) further affirmed this position, finding that permeable surfaces, such as unpaved 
roads, serve as natural sponges, preventing pooling and promoting infiltration. Although the 
likelihood of flash floods poorer areas is high, low prevalence of water ponds in under-
resourced households and streetscape implies that stormwater overflows and infiltrates 
more quickly in poorer streetscapes than it does in wealthier streetscapes. Stagnant pools 
of water tend to cluster disproportionately in wealthier neighbourhoods, likely due to both 
household choices about where to live (e.g. around unique topography on beach plots that 
retain water). Affluent homes are often decorated by paved outdoor surfaces characterised 
by driveways, patios, and walkways. These paved surface features increase surface runoff, 
which is collected and discharged to unpaved street roads, creating stagnant pools of water. 
A study by Penn State Extension found that impervious coverings lead to water pooling in 
low-elevation spots, creating artificial ponds (Yount, 2024). Similarly, a study by Strohbach et 
al. (2019) linked higher impervious cover to reduced infiltration by 19% and increased 
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surface runoff by 18%, contributing to pond formation in urban settings. Although ponds 
being prevalent in affluent neighbourhoods affect the streetscape enjoyed by the rich 
aesthetically, they disproportionately affect the handful of low-income households in those 
same areas. These lower-income households face the greatest burden from stagnant ponds, 
such as higher health expenses from vector-borne diseases. These results align with a study 
by Pigram (2023), which reveals that poverty promotes the spread of vector-borne diseases 
through inadequate access to healthcare and improper handling of water and wastewater. 

This study found that poor sanitation and poverty are closely connected and often tend to 
cluster together geographically. Meili (2021) found that in low-income neighbourhoods, the 
prevalence of unroofed toilets is not just due to cost – it is reinforced through social norms 
and infrastructural inertia. Many studies have argued that poverty reduction efforts must not 
only improve affordability but also challenge entrenched social norms and dismantle 
infrastructure barriers to safe sanitation (Mariwah et al., 2017). Building on this, our study 
shows that interventions should be spatially targeted towards specific clusters (not 
necessarily tied to administrative boundaries), since poverty tends to be greater where poor 
sanitation is geographically concentrated. 

4.2 Estimating variations in urban poverty levels 

We estimated small area variations in urban poverty (at household and street level) using 
non-traditional water-related indicators. The results show that the distribution of poverty 
levels from the PCA-based SRWI aggregated to DHS cluster level is moderately to strongly 
correlated with the DHS wealth index. This is in line with the studies by Georganos et al. 
(2019) and Permatasari et al. (2023), who found that spatial poverty indices derived from 
geospatial data often correlate moderately to highly (Pearson’s r ≈ 0.6-0.8) with DHS wealth 
quintiles when aggregated to administrative level.  

It is important to note the limitations of conventional structured household surveys in 
estimating wealth distribution in small areas. These surveys are typically designed to 
capture variables at relatively coarser units, i.e. national or regional or district levels, and 
hence have limited reliability when applied to finer geographic units, such as wards, or 
individual household clusters. This makes it difficult to assess the accuracy of spatial 
poverty indices at household level using DHS data, as the estimates may be affected by high 
variance, missing data, and misclassification when extrapolated to small areas. Despite this 
limitation, we assessed the accuracy of the SRWI at household level by comparing the SRWI 
descriptively with aerial images. The values of the SRWI seem to accurately represent the 
socioeconomic status of the assessed areas. A study by  Luo et al. (2022) supports the use 
of a descriptive assessment of this kind, revealing that high-resolution imagery features, 
such as roof types, roads, and infrastructure, can serve as accurate proxies for poverty, 
often matching or exceeding the accuracy of household survey‐based classifications. This 
implies that the fitted SRWI estimator adequately describes socioeconomic status at the 
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household level and can also be aggregated to higher administrative levels – albeit only in 
urban areas. 

The results of the SRWI indicate that the distribution of poverty at local geographic scales 
(household and street levels) exhibits significant spatial autocorrelation, implying that 
wealth and deprivation tend to cluster geographically. Prior studies by Builes-Jaramillo and 
Lotero (2020) and Engstrom et al. (2017) have similarly shown that economic, social, and 
physical deprivation often form localised clusters in diverse urban settings. These findings 
imply that poverty alleviation efforts should target interventions at a small geographic scale, 
rather than broader administrative units, to avoid overlooking impoverished households 
situated within otherwise resource-rich neighbourhoods. 

We explored the potential of utilising generative AI (GPT-4o Vision) for indicator detection 
and use in the fitted SRWI estimators. We found that the ability of GPT-4o Vision is 
comparable to human-level detection of pre-identified indicators of poverty in aerial images. 
This finding is similar to that of a study by Sarmadi et al. (2025), which indicated that the 
ability of generative AI is comparable to human-level ranking of poverty from images, and AI-
based identification of features of poverty is better than the comparator of domain experts 
being asked to estimate wealth directly based on an image. This means that integrating AI-
based and human domain experts in the identification of pre-identified indicators of poverty 
is likely to yield the most accurate spatial distribution of wealth estimates from aerial 
imagery, as applied in this study. 

4.3 Challenges 

Unlike methods that rely on automated, generic satellite-derived wealth estimates, we used 
predefined, non-traditional indicators of urban poverty visible in aerial imagery. These 
indicators are often very small in size and cannot be reliably detected in coarse, low-
resolution images, making high-resolution imagery indispensable for accurate detection of 
these fine-scale characteristics that serve as proxies for wealth estimation based on our 
methodology. High-resolution aerial images are relatively expensive but provide the 
necessary framework for such a study.  

Furthermore, the performance of fine‐tuned GPT-4o Vision in detecting non-traditional 
indicators of urban poverty depends on image quality: even high-resolution images can be 
spectrally pre-processed in ways that distort key features. Such distortions may lead the 
model to identify spurious indicators. To address this, human experts must review and, if 
necessary, override the AI detections, redefining features based on direct visual inspection 
of the imagery. This reliance on both high-quality imagery and expert review implies that the 
scalability of this method is context-specific. Although GPT-4o Vision can process large 
volumes of imagery rapidly, the need for expert validation and correction currently limits full 
automation. However, future improvements aimed at enhancing the continuous learning of 
feature detection models could boost their performance and potentially enable full 
automation with minimal or no human intervention. The current capacity of this method is 
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most scalable in contexts where high-resolution imagery is consistently available and expert 
review can be efficiently streamlined, particularly through targeted sampling or semi-
automated quality control workflows. This approach remains valuable for generating 
accurate, validated, and context-specific poverty indicators, offering advantages over fully 
automated methods that rely minimally on human oversight. Lastly, lack of household-level 
survey data hinders the numerical validation of the SRWI, leading to a reliance on descriptive 
evaluation, which can sometimes be subjective. 

4.4 Policy relevance 

The findings point to a situation of private water public grime in most of the urban water 
sector, where access to water is largely privatised and the poorest bear the greatest burden. 
Private water storage, often reinforced by water pumping using motorised pumps, increases 
with relative wealth and tends to accumulate large volumes of water in private tanks, leaving 
less available in the public distribution system. This creates shortages, particularly for those 
who do not own large storage facilities, thereby exacerbating water scarcity.  

Our findings show that water-related indicators, such as the presence of overhead water 
storage tanks, which is highly skewed to households with high relative wealth, directly reflect 
the fact that water access is largely privatised: wealthier households accumulate large 
volumes, creating shortages for poorer households, who are forced to purchase water from 
private vendors at unregulated – and often prohibitively high – prices. For instance, during 
periods of shortage, privately stored water is retailed at high, unregulated prices, with 20 
litres of water costing a minimum of Tanzania shillings (TZS) 200 (approximately US$ 0.08), 
translating to a daily expense of around TZS 1,000 to meet a typical household’s minimum 
requirement (five buckets), or around TZS 30,000 (US$ 12) per month. Prices often double in 
the dry season, influenced by water rationing in cities (Kajubi, 2024). In these dry periods, 
water from city public water supply authorities costs around TZS 33 (US$ 0.012) per 20 litres 
and TZS 15,000 (US$ 6) per 1,000 litre tank and most of the water is retailed privately. This 
makes privately retailed water very expensive, particularly for the most deprived. Therefore, 
the measurement of poverty using water-related indicators in our study is closely tied to the 
dynamics of the water market and the lack of regulation of water vending pricing. It is 
imperative that water supply policy should have provisions related to enhancing pricing 
regulation for private water vending, or should enhance long-term community water storage 
options in destitute localities, to mitigate inequities in water access. 

The study’s findings have implications for poverty monitoring and data management 
strategies. Outsourcing Big Data, particularly aerial and street images, which are an 
important source of data for poverty measurement, is likely to reduce challenges related to 
the inability to obtain small area estimates of material wealth to inform localised poverty 
alleviation interventions. 

We appreciate that previous similar studies that have used geospatial data have noted that 
Global Positioning System (GPS) inaccuracy often leads to household locations being 
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misaligned with satellite‐derived features. To compensate for such inaccuracies, most 
researchers buffer feature outputs, but this reduces the ability to distinguish between 
households in the same vicinity in regard to wealth differences. Moreover, relying on static 
satellite variables limits the ability to capture temporal changes in poverty. This study 
addresses these challenges by selecting dynamic, time‐sensitive satellite proxies and by 
sampling every household, rather than a few households in DHS clusters, to enable direct 
testing of accuracy against DHS benchmarks. As a result, this approach produced 
comparable, household‐level poverty estimates.  
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5 Conclusion 
For centuries, traditional poverty measurement has used indicators that are mainly 
measurable using household-level surveys. However, recent technological advancements 
have unlocked new, affordable, and faster ways of measuring poverty levels using non-
traditional indicators obtained from alternative processes other than household surveys. 
Given the limitations associated with the collection of household survey-based poverty data 
(it is expensive and tedious, and takes a long time), this study has provided an alternative 
rapid data collection approach (a disruptive approach) and an objective assessment of 
water sector-specific non-traditional indicators of urban poverty. We found that non-
traditional indicators derived from aerial images can be used as a complementary, rapid, and 
cost-effective alternative proxy to estimate material wealth in urban areas. While this 
approach cannot fully replace survey-based methods, it provides a scalable alternative for 
frequent updates and finer spatial granularity, enabling timely, evidence-based decision-
making. Despite the fact that we focused on water-related indicators, which yield strong 
performance in ranking households’ wealth, the approach and principles used in this study 
can be replicated and scaled to other sector-specific non-traditional proxies for urban 
poverty, to understand their nexus with poverty and to inform sector-specific strategies and 
policies. 

Furthermore, assessing variations in urban poverty has been shown to be moderately 
effective using non-traditional indicators that are sector-specific. The results obtained tend 
to be moderately to strongly correlated with survey-based estimation of wealth in urban 
areas. We fine-tuned the AI GPT-4o Vision for detection of the best SRWI indicators and 
used it to generate poverty severity levels. The detection accuracy of the model seemed to 
be comparable to that of human experts, although human expert review remains mandatory 
when using low-resolution images.  

These findings demonstrate that a hybrid workflow, integrating GPT-4o Vision with expert 
oversight, can rapidly and cost effectively identify non-traditional indicators from aerial 
images and generate household-level poverty estimates in urban settings using the SRWI 
formula, which is a PCA-based asset wealth measurement approach. The scalability of this 
approach depends on the availability of high-resolution imagery and the efficiency of expert 
validation process. Efforts can be made to streamline validation to targeted urban areas or 
semi-automated quality control workflows, and could further be upscaled to cover national 
scales. The latter can be achieved through an active learning loop, where the model learns 
continuously from human corrections, or through a stratified random check, where the 
system automatically selects a representative subset of imagery from each geographic unit 
(region, district, ward, etc.) for human inspection. It should be noted that survey-based 
methods remain valuable as they provide ground-truth data, capture socioeconomic and 
behavioural dimensions that go beyond observable physical features, and can support the 
calibration and validation of proxy-based models. 
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We conclude that this approach, which is well documented and is detailed in this link, is 
scalable, is capable of delivering better granularity in scope, is less costly, and it takes less 
time to update high-resolution poverty maps to support timely, evidence-based policy and 
intervention planning. 

https://spatial-relative-wealth-estimation.streamlit.app/
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