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What can generative AI and remote sensing reveal about urban water poverty? Lessons from Tanzania. 

Background 
What’s the issue? 
Effective water-poverty reduction strategies depend on reliable, 
disaggregated data that accurately captures geographic disparities 
and localised patterns of deprivation (Alkire et al. 2015; World Bank 
2022). Small-area estimation methods and accurate data at such 
scales is crucial for enabling the effective implementation of water-
poverty reduction strategies. Ineffective and inappropriate 
interventions are often the result of misinformed decisions due to 
lack of compelling refined evidence at desired spatial resolution or 
local levels (Deaton 2003). Similarly, such challenges persist in 
almost every urban setting due to inadequate and infrequent 
household survey data for mapping poverty severity (National 
Bureau of Statistics 2021; United Nations 2022). In the absence of 
timely and high-resolution spatial data, which is essential for 
effective poverty estimation, resource allocation for development 
purposes is likely to be less informed and may fail to reach the 
most marginalised people. 

In response to the inherent limitations of household survey data – 
particularly in terms of availability, timeliness and granularity – 
there is growing momentum toward developing alternative 
methodologies for measuring poverty at desired scales. In this 
regard, the National Bureau of Statistics in Tanzania is increasingly 
leveraging big data analytics to support evidence-based policy and 
planning. Building on this shift, researchers and institutions are 
exploring innovative approaches, including the use of high-

resolution satellite imagery, crowd-sourced data and artificial 
intelligence (AI), to produce high-resolution estimates of economic 
welfare using non-traditional proxies as was realised in this study. 
These emerging methods demonstrate the potential of structural 
models that incorporate big data-derived covariates to improve the 
accuracy and spatial resolution of urban poverty estimates. 

What does this briefing do? 
This briefing summarises the findings of a study that used non-
traditional remotely sensed water indicators to calibrate and train a 
GPT-4o Vision AI model, with the aim of automating the detection 
of poverty hotspots in Tanzania. The study area included 47 wards 
across both central urban and peripheral areas of Dar es Salaam. It 
analysed the spatial relationship between indicators such as flood 
risk, overhead water storage tanks and unroofed toilets and 
extreme poverty. Data was sourced from aerial and street level 
open-source images and the 2022 Tanzania Demographic and 
Health Survey dataset. 

In presenting these findings, this briefing aims to contribute 
actionable evidence on dynamic and continuous poverty 
monitoring. It looks to support policymakers and practitioners in 
designing targeted and responsive interventions to reduce urban 
poverty. 

More information and a detailed description of the methodology is 
available from the full study:  

https://povertyevidence.org/resources/integrating-open-source-
nexus-modelling-ai-and-remote-sensing-in-mapping-water-related-
indicators-of-extreme-poverty/  

https://povertyevidence.org/resources/integrating-open-source-nexus-modelling-ai-and-remote-sensing-in-mapping-water-related-indicators-of-extreme-poverty/
https://povertyevidence.org/resources/integrating-open-source-nexus-modelling-ai-and-remote-sensing-in-mapping-water-related-indicators-of-extreme-poverty/
https://povertyevidence.org/resources/integrating-open-source-nexus-modelling-ai-and-remote-sensing-in-mapping-water-related-indicators-of-extreme-poverty/
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About the DEEP Challenge Fund 
The DEEP Challenge Fund supports nationally-led research that is 
designed to strengthen strategies and policies to end poverty. 

By working closely with steering committees in each country, 
Challenge Fund projects are chosen to reflect national priorities, fill 
current evidence gaps and move countries closer to tackling the 
root causes of poverty. 

The Tanzania Challenge Fund awarded grants to local researchers 
in 2024. 

For further information, see: https://povertyevidence.org/challenge-
fund/ 

How to get in touch 
For all questions on the research and our work in this area, please 
contact: evasubira@gmail.com or contact@povertyevidence.org  
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Key findings 
 

1. Generative AI and remote sensing can be used innovatively to generate rapid data for assessing poverty in urban areas, particularly in 
mapping urban water poverty severity, thus greatly reducing the cost of data collection, especially at a household level. 

2.  AI-generated, non-traditional water-related indicators – such as presence of water tanks or sanitation conditions – can reliably 
identify urban poverty hotspots using remote sensing imagery.  

3. Wealth distribution exhibits spatial inequality in both water access and resilience to water-related disasters in urban areas, with 
wealthy households being strongly correlated with access to water and sanitation services.  

4. The AI-generated data reveals a strong correlation between wealth distribution and spatial hydro-divides: lower-income households 
are predominantly located in flood-prone areas, whereas wealthier neighbourhoods tend to be less vulnerable to flooding and benefit 
from more robust stormwater drainage infrastructure. 

5. In most urban settings, reliable access to water depends on private water storage capacity, leaving the deprived low-income 
households exposed to unreliable supply and unaffordable private water pricing. 

6. Remote sensing imagery integrated with generative AI analysis indicates that households with unroofed toilets are typically 
associated with lower wealth status and are predominantly located in economically disadvantaged neighbourhoods. 
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How generative AI and satellite imagery 
improved mapping of urban water 
poverty 
AI reveals hidden inequality in urban wealth 
AI-enabled image analysis can effectively detect indicators of urban wealth inequality from images. In particular, AI models identified patterns 
related to water poverty severity, including lack of infrastructure or presence of makeshift water storage facilities that are often associated with 
lower household wealth and higher levels of service deprivation. By analysing satellite images in the neighbourhood, AI reliably distinguished 
poorer areas from richer ones, confirming its potential for mapping intra-urban poverty. 

Human–AI synergy improves accuracy in assessment of poverty severity 
Combining AI-based image detection with human expert validation enhances the accuracy of spatial wealth estimates. AI can rapidly scan large 
areas for notable surface features and facilities associated with service deprivation, including water-storage tanks, informal housing patterns, 
drainage conditions, road access, and signs of flood exposure. Human experts then verify uncertain cases, verify local relevance and identify 
features that may be misleading. This combined approach improves speed while reducing the risk of errors, knowing that machine learning can 
outperform human-only assessments, while expert review helps ensure that AI’s findings are contextually valid before informing policy and 
investment decisions. 

AI-generated, non-traditional indicators proved to be reliable proxies for poverty 
In our study, the model detected and mapped overhead water storage tanks, exposed sanitation facilities, and evidence of flooding, which strongly 
correlated with poverty hotspots. These water-related features, usually absent from official field surveys, enabled a quick and large area 
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characterisation of informal settlements and deprived areas via remote sensing. Research shows that detecting objects like water tanks or 
cisterns from aerial images can indeed reveal the socioeconomic level of a community (Sokile et al. 2003). 

 

  

Figure 1: Street imagery from Mapillary (left), Unmanned aerial vehicle imagery (right) 
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Evidence from Tanzania: AI-supported 
water poverty mapping 
Household wealth is closely linked to water service access, with clear spatial disparities in urban dwellings. Significant spatial wealth disparities 
were detected through analysis of aerial imagery of urban areas. The findings illustrated wealth inequality with visible differences in housing 
quality and infrastructure, with affluent neighbourhoods clearly differing from densely built informal settlements.  
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Flood risk falls heaviest on poorer communities 
In Dar es Salaam, many informal settlements are built along river valleys or wetlands that are often vulnerable to floods. As a result, poor urban communities are 
disproportionately exposed to flooding and its impacts. Our study confirmed that neighbourhoods that are prone to frequent flooding have lower levels of wealth. 
Notably high-risk flood-prone zones in urban areas are often inhabited by the poorest residents, illustrating a link between poverty and environmental 
vulnerability. Field observations confirmed that low-income families in floodplains experience recurrent losses and health risks from floods, making them the 
hardest-hit demography in the city. When poverty and flood risk coincide, resilience capacity is lowered and hardship intensifies. Not all low-income households 
are found in floodplains; however, those that are in floodplains are often among the most deprived, facing the double burden of poverty and disaster risk.  

Better infrastructure reduces vulnerability in high-income areas 
Streets in wealthier neighbourhoods are better drained and less flood-prone than those in informal areas. The study noted that well-off areas have paved roads, 
drainage channels and reliable water pipelines, all visible in high-resolution remotely sensed images (7cm resolution), contributing to lower flood vulnerability. In 
contrast, overcrowded, low-income areas often lack drainage infrastructure, exacerbating flooding. The generative AI and imagery analysis captured these 
differences and even mapped well-maintained roads and green spaces, which are indicative of wealth versus waterlogged terrain or eroded dirt roads, that were 
considered to be indicative of neglect. These spatial patterns underscore that wealthier districts benefit from well-maintained public infrastructure, which is 
lacking in poorer areas and hence highlighting inequality in resilience to floods. 

Wealthier neighbourhoods are better equipped with water storage 
Areas with overhead water storage tanks showed a broader mix of wealth levels and, on average, had higher wealth index scores. In the city’s periphery and 
unplanned areas, households that can afford tanks use them to store water from piped metered systems or water bowsers – designed to provide water when the 
piped supply is intermittent. The AI analytics detected clusters of rooftop tanks in certain wards, which corresponded to relatively better-off enclaves amid 
otherwise less well-off communities. This suggests that the presence of water tanks is an indicator of relative affluence, or at least a coping strategy for those 
that are slightly better off. By contrast, the truly affluent areas often have ample piped supply, even swimming pools, whereas only moderately well-off 
households or those living in informal housing rely on visible roof tanks. 

Poor sanitation signals poverty 
Households with unroofed or makeshift toilets were typically regarded as poorer. The generative AI model flagged such structures consistent with pit latrines or 
outdoor toilets lacking proper roofing. Such sanitation conditions are prevalent in informal settlements and signal poverty. Poor sanitation goes hand-in-hand 
with low-income neighbourhoods where many homes have rudimentary toilets or share communal latrines, which led to a low ranking on the wealth index. This 
aligns with broader findings that AI can be trained to recognise features like communal washrooms or pit latrines in high resolution imagery as signs of 
deprivation.  
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Policy gaps and barriers 
The findings point to a situation of ’Private Water – Public Grime’ (Sokile et al. 2003) in the urban water sector, where access to water is largely 
privatised and the poorest bear the greatest burden. 

There is heavy reliance on private water storage 
In many urban neighbourhoods, a consistent water supply is available only to those who can secure their own storage facilities. Resourced 
households invest in tanks, pumps or bottled water, effectively privatising access at the household level. Meanwhile, public provision via the utility 
remains intermittent or insufficient in large parts of the city. This dynamic means water security is a privately procured commodity for much of the 
population, leaving behind those who cannot afford storage infrastructure. 

The burden is on poor households 
Poor households without storage tanks or wells are most exposed when public supply fails. During dry seasons or rationing periods, they often 
depend on private informal vendors, who can sell water at prices far above official tariffs. As a result, the poorest households spend a larger share 
of their income on water – far more than wealthier households connected to the piped network. Evidence from Tanzania shows that poor urban 
households commonly pay up to three times the official water tariff when buying from private vendors. This turns water insecurity into a direct 
financial burden, exacerbating urban poverty, and pushing access to basic water further out of reach for the most vulnerable families. 

Water poverty creates wider public health risks 
Poor public sanitation and environmental health risks threaten individual households. The privatisation of water access (‘private water’) goes 
hand-in-hand with ‘public grime’, meaning poor public sanitation and environmental health. When low-income communities lack affordable water, 
they may resort to unsafe sources, leading to hygiene issues, disease outbreaks and dirty surroundings. The flood-prone, infrastructure-poor areas 
as captured by AI are zones of concentrated disadvantage, not only lacking water but also prone to sewage overflows and waste accumulation 
during floods. These conditions create public health risks that extend beyond individual households, underscoring that water poverty has broader 
societal costs. 
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Figure 2: Spatial distribution of relative wealth 
across Dar es Salaam  
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Recommendations 

Fund public-sector interventions 
Addressing water poverty requires systemic public-sector 
interventions, not just coping solutions at the household level. 
Relying on individual households to secure their own water through 
tanks or private purchases is neither equitable nor sustainable. 
Instead, policy must improve public water infrastructure and 
services in underserved areas. 

Integrate water access into poverty 
reduction strategies 
The study’s insights support integrating water access into poverty 
reduction strategies. Ensuring affordable, reliable water will reduce 
the vulnerability of poor households, and freeing up some of their 
income, contributing to poverty alleviation as a result.  

Target interventions using improved 
data 
Improved data, such as from AI, high-resolution imagery and ground 
surveys, should guide targeted investments in water supply and 
sanitation for the most deprived and high-risk communities.  

Expand the use of non-traditional 
indicators to other sectors 
The methods and principles used in this study should be replicated 
and scaled to include other non-traditional indicators to inform 
sector-specific strategies and policies.
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Conclusion 
Generative AI tools, combined with human expertise, offer an innovative means to identify urban poverty patterns and inform policy. By 
spotlighting links between wealth, water access and spatial risk, such analyses inform policymakers with granular evidence to drive equitable 
resource allocation.  

The Dar es Salaam case underscores that water inequality is wealth inequality, and that closing the gap will demand proactive public 
investment to ensure safe, affordable water for all urban residents. Combatting ‘public grime’ requires that water be treated as a public good – 
with strong government action to extend services – so that the poorest are not left to rely on costly private provision.  

Moving forward, integrating AI-driven mapping into regular poverty monitoring could help track progress and ensure that no neighbourhood is 
left behind in Tanzania’s pursuit of sustainable development. 
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Data & Evidence to End Extreme Poverty 
DEEP’s mission is to build evidence, insights and solutions that help end extreme poverty globally. 

We aim to contribute to new global and national data and evidence that governments, decision makers, citizens and researchers can use to 
improve people’s lives and support the world’s poorest people in their efforts to escape extreme poverty. 

We are a consortium of the Universities of Cornell, Copenhagen and Southampton, led by Oxford Policy Management, in partnership with the 
World Bank’s Development Data Group and funded by the UK Foreign, Commonwealth and Development Office. 

 

Global Water Partnership Tanzania 
Global Water Partnership Tanzania (GWPTZ) is the national arm of the Global Water Partnership Organization, which is a worldwide 
intergovernmental and multi-stakeholder knowledge management action network and a partnership focused on the management of water 
resources to ensure climate resilience and water security.  

The main objective of GWPTZ is to support the Government of Tanzania by promoting partnerships for implementing climate-resilient 
interventions in the water sector as a means to foster equitable and efficient management and sustainable utilisation of water resources for 
economic growth, environmental integrity and human security. 

GWPTZ positions itself as a think-tank and knowledge management entity at both the national and regional level, with a clear objective to 
support mandated institutions in the water sector to ensure water security for all. 
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