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Abstract

Kibera, an infamous region in Nairobi, is often regarded as
the largest and poorest slum in all of Africa, ironically sur-
rounded by some of the richest areas of Nairobi. The re-
gion is home to hundreds of thousands of people, who of-
ten lack access to necessities like clean water. Current efforts
to construct reliable water infrastructure in Kibera have been
limited to relatively developed areas of the slum. Our pro-
posal offers a first look into the predictive capabilities of ma-
chine learning and its application to optimize logistics and
impact of future water distribution centers within the bound-
aries of the slum. Including both spatial and temporal pre-
dictors gauging proxies for economic development, popula-
tion, and weather, we developed a sequential neural network
model with 57k trainable parameters to predict population as
a heuristic for water usage. We were able to predict water
usage for the water point at Kibera Town Center using the
WHO standard and our population prediction at 74.25% ac-
curacy. We also developed a set of direct Water Usage predic-
tion models but found that these were less accurate and less
effective at predicting actual water usage due to the unrelia-
bility of the data.
Our code can be accessed with permission at Github. The
code contains some sensitive information provided by the Hu-
man Needs Project.

Introduction
Motivation Kibera is one of the largest informal settlements
in the world. Kibera is in the southern region of Nairobi, Kenya.
Home to more than 250,000 people, the region is plagued with high
rates of disease, poverty, and crime. The average Kiberan resident
is making 22 dollars a month [1]. Approximately 45% of Kiberan
residents are unemployed [1]. The lack of formal infrastructure re-
sults in inadequate sanitation and limited access to clean water. In
particular, the focus of this project is on the latter issue—wherein
we found three devastating spillover consequences, all detailed be-
low.

Enteric Infections The primary cause of premature death
(as measured in disability-adjusted life years, or DALYs) among 5
to 14-year-olds in Kibera are enteric infections, which are related
to the digestive system. Moreover, they are exacerbated by the lack

of proper water infrastructure. Residents in Kibera have an average
life expectancy of 30 years, largely driven by a high infant mortality
rate where 19% of children die before their 5th birthday [2]. 40% of
these deaths are diarrheal diseases, wherein the victim dies of dehy-
dration. Enteric Infections have been decreasing (reduced by 60%
since 1990), but they still take the most DALYs when compared
to other causes of death. These enteric infections include typhoid
fever, diarrheal diseases, salmonella, and paratyphoid fever. Many
of these diseases could be prevented if residents of Kibera could
trust the water used to treat food, as well as ultimately drink clean
water themselves.

Tuberculosis Aside from enteric infections, a lack of clean
water can lead to several life-threatening respiratory issues such
as Tuberculosis (TB). Throughout Nairobi, Kenya TB is one of the
leading causes of death and DALYs, taking nearly 2000 DALYs per
100,000 in Nairobi, 83% of which impact 15-49 year olds [2]. TB,
while commonly known for being spread through the air, is often
spread through water—which is a big issue when water supplies are
easily contaminated. As we found in Kibera, 49% of water distribu-
tion points don’t reliably function and 8% are completely unusable
[3].

Extortion Water is so expensive and scarce in Kibera [3]
that those who hold it in supply are able to abuse it dangerously.
In recent years, several news sources have reported water vendors
exchanging their supply in exchange for sexual acts, particularly
from underage women. These acts would then be recorded and
held against the women. This presents a completely separate hu-
manitarian issue that could be straightforwardly solved once wa-
ter is no longer nearly as scarce as it is essential to human life.
Already, instead of dealing with abusive vendors, around 15% of
Kenyans use questionable water sources such as ponds, shallow
wells, and rivers—leading to the aforementioned issues [4]. How-
ever, in a place that seemingly has no good solutions, this paper is
resolved to help good, reliable organizations carve that path on the
ground. This is why, to reduce infections and extortion in Kibera,
we partnered with the Human Needs Project, which is a well-
established organization that raises money internationally in order
to provide goods and services (especially water) at a subsidized,
humanitarian rate. In attempting to use machine learning to pre-
dict the location of their next, prospective water supply, we hope to
alleviate the bandwidth of their staff but also bring water accessi-
bility to particularly poor regions. In doing so, we hope to reduce



death rates and increase quality of life, balancing factors such as
population density (higher is good when it comes to business) with
relative socioeconomic status (lower would roughly suggest greater
impact).

About The Human Needs Project Initially, we found the
Human Needs Project through personal internet research and im-
mediately reached out. Having called them and searched exten-
sively through their website, it is clear that Human Needs is a well-
established, reputable nonprofit at the center of Kibera. Founded in
2014 by actress Connie Nielsen after a trip to Africa, the mission
was to combat the region’s lack of sanitation and hygiene. In terms
of funding, the organization relies on international donations, hav-
ing raised over half a million dollars in 2022 from the US alone
[5]. Logistically speaking, Human Needs runs a ”community cen-
ter” that provides services for Kiberan residents several times per
week at subsidized rates, including laundry, toilets, showers, food,
and water. Finally, filtered water is distributed at various distribu-
tion sites in the region. Although many vendors (and often, the
government) tend to sell water from large trucks (called dallies),
Human Needs’ water sites are permanent and fixed in space. For
that reason, the construction of their next site marks an important
and decisive choice for the group—to which we have meaningfully
contributed.

Related Work
Existing literature on the topic of water usage prediction (or pre-
diction of any resource at all) in slums like Kibera is sparse, likely
due to the inherent data-based challenges referenced further in this
paper. However, existing interventions aiming to address slum-
located populations illuminate current practices in utilizing tech-
nology for social good as well as potential for improvement.

Local + Regional Work
A significant number of non-AI initiatives have transpired relating
to water insecurity in Kenya. For example, Mukuru, another slum
in Nairobi, was somewhat famously declared a Special Planning
Area by the government, and dallies were extensively dispersed
throughout the region. Many saw this as an important step for com-
munication between a municipal government and its silenced class
of residents [6]. Separately, a 2018 study in Western Kenya demon-
strated how ceramic water filters reduced instances of diarrhea in
children by around 15%, and hospital visits by nearly half [7]. Al-
though this type of work is related to our work in sentiment and
intended impact, the rest of this section will attempt to focus on
AI-related research.

Existing Work on Mapping Populations
While predicting water usage in urban slums is an underresearched
area, there is some literature on using satellite imagery to pre-
dict nuanced population statistics. This can be used as a proxy for
water usage [8]. Methods to use satellite data to estimate popula-
tion statistics include using land coverage and building data from
satellite imagery. Google through the Open Buildings Project and
Meta through Data for Good both developed separate mechanisms
for identifying building footprint. Tiecke et al. developed a High-
Resolution Settlement Layer (HRSL) using a CNN based on build-
ing satellite imagery [9]. Other methods use purely CNN-based
technologies. Robinson et al. used transfer learning on a VGG-A

Neural Network to classify buildings within images [10]. The val-
idation set was done in the US, with significantly lower rates of
highly dense neighborhoods than in developing countries. Using
satellite imagery a night was also a popular technique to estimate
population values. Sutten et al. used night-time imagery and ma-
chine learning to estimate development levels [11]. This form of
development estimation has been replicated by many international
developmental organizations, including the International Monetary
Fund [12].

Existing population statistics in Kibera vary wildly from� 100k
to 650k+ people [1]. Some estimates cite over one million resi-
dents. Further, no population estimates have been made at a more
granular level than an overall estimate [1]. It is also worth noting
that a great many of these estimates are based on survey data. One
main contribution of this paper is to offer more granular population
estimates in poorer areas of developing cities.

Research on Mapping Buildings and Terrain
A decent amount of research has been centered around building
detection and mapping efforts, with technology companies like
Google seeking to improve their internal models for services like
Google Maps. A rather rare and fortuitous instance where the in-
terests of the private sector focus on the areas of great need. As
will be discussed in further depth below, part of our model uses a
dataset by Google called Open Buildings, which is a topographical
map of 1.8 billion buildings across Africa, South Asia, South-East
Asia, Latin America and the Caribbean [13]—including previously
unmapped informal settlements. Before this, efforts to address the
data darkness in these kinds of communities have relied primarily
on analyzing satellite imagery by hand [14]. These projects could
spend many human hours laboring to individually draw settlement
boundaries over several years. Since these communities can be 1)
very large, and 2) often changing in terms of infrastructure, AI so-
lutions such as Open Buildings can offer much-needed granularity
on roads, buildings, and oftentimes other terrain [15].

Open Buildings is using a teacher-student Convolutional Neural
Network (CNN). CNNs are particularly strong for terrain mapping
because of their ability to—with great detail—visualize satellite
imagery. Many papers have used CNNs to increasing degrees of ac-
curacy—others stick to legacy ML methods such as regression [16]
[17] or random forest (RF). While Open Buildings claims 85% ac-
curacy, Fallatah et al. [18] came out with a time-sensitive RF model
that held up at 95%—but only in a small subset of Saudi Arabia.
CNNs are still considered somewhat computationally expensive,
which is an important consideration if Google’s dataset one day
becomes obsolete. On a more theoretical level, mapping informal
settlements was instrumental to our project because our field of re-
search is also concerned with land usage. Thus, we situate our work
as a natural extension of this line of research.

Key Ethical Issue: Lack of Interaction With
Stakeholders
Notably, none of the AI mapping efforts we looked at worked di-
rectly with the communities they were mapping. Of the mapping
efforts that were surveyed, the projects had an impact via third-
party organizations who found the resource and adopted the sys-
tem after it was created [19; 20]. This creates a divide between
technologists and the direct stakeholders impacted by the system.
This indirect form of engagement and lack of consideration of the
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Figure 1: Three water distribution centers of interest within
Kibera among other distribution centers.

community should be improved upon in future efforts in this field.
Several authors we surveyed echoed this view, urging the field to-
wards a more user-centered approach. For example, Owusu et al.
(2021) proposed a user-driven approach to slum mapping in Ac-
cra, Ghana which emphasizes the explicit consideration of societal
needs and concerns [21]. On the side of population mapping, Klem-
mer et al. call for the notion of ”equitable ground truth” in infor-
mal settlement population mapping, suggesting that involving the
mapped community will improve domain knowledge and lead to
more accurate results [22]. These works offer a promising sign that
the field will begin to integrate the voices of relevant stakeholders
to create a lasting impact on the residents of informal settlements.
While it is difficult for us to completely engage the Kiberan com-
munity in drawing our population estimates, one of our intentions
behind partnering with the Human Needs Project was to work di-
rectly with local Kiberans and get to talk to them. Additionally,
one of our group members is going to Nairobi this summer to work
with another organization—and will continue this important work
while she is there.

The impact of these papers was mostly in the form of closing
a knowledge gap in the technical literature, rather than directly al-
leviating some concerning aspects of these informal settlements.
While indirect, outputting generalizable knowledge, even in aca-
demic paper form, is useful to address data darkness. The difficulty
is that impact is difficult to quantify. The potential arms of im-
pact are quite diffuse or indirect. Measuring along one aspect of
impact (i.e. economic growth by closing the data information gap
with the private market) is possible, but is often not the specific
goal of such projects. Since the nature of such impact is so diffuse
(economic development in general), it can be hard to measure. As
using the mapping tool requires cooperation from another organi-
zation to bring services to the community, the direct contribution
of the mapping system is not easily identifiable.

Modelling Methodology
The data utilized was constructed in conjunction with the Human
Needs Project analyzing the aggregate daily water usage of their
three major water points within the Olympic Estates region of Kib-
era (1).

Predictor Generation
With the scarcity of data in mind, the creation of strong predictors
is paramount to accurate and reliable model results. Although con-
cerns about data quality may introduce noise into the model, we are

Figure 2: Locations of interest within Kibera. Shown: wa-
ter distribution centers (blue); healthcare (red); education
(green); religious centers (gray)

.

Figure 3: Historical temperatures (orange) and precipitation
(blue) metrics, depicted as monthly averages from data col-
lected during 1992 to 2021.

confident that the following predictors have predictive power and
may be useful in the future under an assumption of more reliable
data.

Business and Local POI Data Businesses and local points
of interest (e.g. healthcare centers, churches, or schools) are of-
ten consistent and demanding in terms of water usage. As seen in
Figure 2, many water distribution locations have historically been
placed in areas with relatively dense institutional demand from ma-
jor points of interest from religious, educational, or health-related
points of view.

Pragmatically, this decision was made with two primary reasons
in mind:

1. Economic Viability: Many water distribution centers maintain
profit margins with their water. Thus, many organizations may
prefer a location with a higher density of businesses or points of
interest, that would predictably use large quantities of water, as
opposed to population-dense areas where there is more variance
(as some people may not be able to afford the water).

2. Convenience: Except for a handful of vehicular-based water
distribution procedures, many distribution centers are station-
ary and require users to manually carry Jerry cans or other con-
tainers back and forth with their water. Logically, such a strain
would be harder for a business, as they use more water, giv-
ing more reason for distribution centers to weigh heavier on the
side of business owners as opposed to purely residential areas.
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Figure 4: Corrugated and rusty metal roo�ng (top) is typ-
ically associated with less developed areas of the slum.
Newer tin roo�ng (bottom) is associated with infrastructure
centers, organizations, or higher areas of economic develop-
ment.

These decisions are necessarily somewhat problematic, as there
is likely a high correlation between the business owners and the rel-
atively more well-off individuals within Kibera. Although this is-
sue necessitates tangible social and political change, ensuring that
the general population has the means to afford and access their wa-
ter distribution centers is a major issue of continuing interest.

In the time being, however, the effectiveness of a given distribu-
tion center is directly related to the number and types of businesses
within a reasonable distance (roughly 350 meters according to our
partners at the Human Needs Project) of that location.

Weather Information Weather information is an important
predictor of interest due to its ability to add temporal signals to the
model. Although Kibera typically is considered to have a moder-
ate climate, temperature or precipitation �uctuations (see monthly
aggregated average data in �gure 3) should naturally affect the wa-
ter usage of a given individual or business. In particular, we can
consider the following potential effects:

1. Temperature: Although the temperature in Kibera does not �uc-
tuate as much as in other areas of the world, it still is reasonable
to believe that water usage will increase in hotter days and de-
crease in cooler ones.

2. Visibility: As mentioned previously, many distribution centers
require users to manually carry purchased water to and from
their location–low visibility conditions may dissuade individu-
als (especially those walking further) from purchasing water on
a given day.

3. Precipitation: Given that higher amounts of precipitation may
allow for water conservation, we may detect notable declines
in water purchases from distribution centers during periods of
high precipitation.

Ultimately, the value of weather information lies in its reliability–
this data can be reasonably benchmarked against reliable values

obtained in Nairobi, adding to its credibility as valid data for our
model [23]. One example is November 2023 when southern Kenya
received record amounts of downpours within a few days (see Ap-
pendix 9). We saw a corresponding drop in water pickup from all
three distribution sites.

Economic Development Proxies As demonstrated in �gure
4, the economic development of various areas of Kibera is dra-
matically different depending on which organizations are predom-
inantly present within that region. A decent proxy of economic de-
velopment that allows us to utilize easily obtainable satellite im-
agery focuses on the rooftops of the buildings within that area [24].
According to socioeconomic satellite-imagery-based classi�cation
done by Hacker et al. in slums in Brazil, many older, more di-
lapidated buildings characteristically have dirty, rusty, corrugated
metal roofs–these buildings characterize the more thrown-together
habitation environments in Kibera.

On the other hand, newer buildings characteristically have light
gray or white roofs corresponding to relatively less wear and tear
than their rusted counterparts. These buildings typically are points
of operation for major infrastructure (hospitals, schools, etc) or
funded organizations.

Theoretically, areas with a higher proportion of older buildings
may correlate with higher demand for water as existing infrastruc-
ture is quite sparse. One example of this phenomenon is Ayanya
Estate, the poorest community in Kibera, located in the northwest
region. This area is quite dense and has a higher poverty rate than
the rest of Kibera. Additionally, there is only one water distribu-
tion point and it has been unusable since 2013 (See Figure 10[25]).
Residents typically resort to tapping water pipes illegally, resulting
in an increased risk of contamination [25].

In order to estimate this proportion, we utilize a simple kNN
clustering algorithm on the RGB values of each pixel within a
reasonable radius of a proposed water distribution center (roughly
350m). In Figure 5, we take a sample satellite image around the
KTC water distribution center and pass it through our color clas-
si�cation model. The model returns classes roughly aligning with
vegetation, dirt �elds, roads, and the old and new roof types, as de-
sired. We compared these results to anecdotal poverty information
and survey data in Kibera and found that our economic estimations
roughly aligned [3].

Population True + Proxy We found granular population data
from the Humanitarian Data Exchange (Meta) [26] that was based
on land coverage and social media use. This population density
data estimated subsections of the population in Kibera (see Ap-
pendix 11). The population true data was found using a High Res-
olution Settlement Layer (HRSL), developed by Tiecke et al. [9].
The population dataset contained 4,925,929 data points in southern
Kenya. The population estimates in Kibera clump around The aver-
age population estimate was approximately 6 people, and the max-
imum was 843 people. We used this data, merged with the Open
Buildings data (described below), to develop our �nal population-
heuristic model.

We included population proxies in our preliminary model to ac-
count for water use. Land coverage information has been shown
to be a good proxy for population heuristics [26] [27]. Our main
model veri�es this claim. We used the Google Open Buildings
Dataset from Sirko et al. [28] with 17,871,082 data points in south-
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Figure 5: Aerial view of a region of Olympic estates around the KTC community center (left) as well as the pixel-by-pixel
classi�cation performed by the clustering model for this same image (right).

ern Kenya. We tested our models on a subset of this data speci�-
cally in Kibera.

Data Limitations
Low Data Contexts As Kibera remains one of the most gov-
ernmentally neglected areas in the world, the availability of a suf-
�cient amount of data for cutting-edge machine learning models is
understandably nonexistent.

Despite the seemingly plentiful number of water distribution
sites, a signi�cant portion of these centers are either non-functional
or require signi�cant renovation and repair–the number of regis-
tered distribution sites with the necessary human labor and techno-
logical resources to justify data collection is very low. Additionally,
from a temporal perspective, many organizations with the capabil-
ities and desire for data collection have only recently begun taking
data over the past few years, making the identi�cation of the impact
of seasonal trends or weather patterns remarkably dif�cult. Com-
bined with both regular and emergency downtime, the number of
existing data points for any given location is low.

Past simple water usage data scarcity, many population and de-
velopment proxies reported about Kibera are often aggregated and
estimated; there is very little institutional interest in tackling the
complex problem of an accurate population census.

Ultimately, although machine learning offers the unique possi-
bilities of a cost-effective and scalable solution to resource place-
ment, local organizations, the people, and the government must
each contribute some initial investment–whether it be labor or
monetary–for suf�cient data to be created for predictive purposes.

Questionable Data Quality As a follow-up remark on the
previous sub-section, a side-effect of the root causes of low data
contexts is a series of predictor and response values that are poten-
tially out-of-line with real-life observations. Many data-collecting
organizations consider data-logging to be a secondary objective
past the logistics and operations of their distribution centers, thus

relying on hastily hand-inputted values for their data with scarce
auditing procedures in place.

As similarly mentioned above, data quality concerns extend to
metrics like population, development, or weather; although some
predictors can be de-facto audited with high-quality existing data
(e.g. temperature in Kibera can be checked against temperature
gauges in Nairobi), this is not the case for many important predic-
tors like population density where Kibera is unique in its region.

Predictive Water Usage Model Training & LOOCV
Through our collaboration with the Human Needs Project, we had
access to three water distribution points' water usage data1. Using
this information, we were able to create preliminary models and
validate our population prediction model.

Randomized Cross-Validation is not suf�cient to evaluate our
model because there are some independence violation concerns.
Each location is similar enough in location that there could be some
overlap in the points of interest businesses data. We ran a Linear
Regression on 20% validation set and found> 0:98R2 . We believe
this was because of the covariability of the data.

Leave-One-Out Cross Validation (LOOCV) allows us to evalu-
ate the validity of our model spatially while avoiding failing the
independence constraint. We validate the model separately rather
than training on a random subset of all three locations (see Ap-
pendix 14 for a diagram).

Findings + Discussion
Water Usage Direct Prediction
We developed a 5 layer sequential neural network which included
regularization techniques to avoid over�tting. Since the water us-
age distribution was right skewed, we felt a Negative Binomial

1Gaps in the Water Usage were due to the borehole mechanism
breaking down. No water was able to be supplied at two points
during 2023.
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