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Abstract 

Background  The increasing availability globally of building footprint datasets has brought new opportunities to sup-
port a geographic approach to health programme planning. This is particularly acute in settings with high disease 
burdens but limited geospatial data available to support targeted planning. The comparability of building footprint 
datasets has recently started to be explored, but the impact of utilising a particular dataset in analyses to support 
decision making for health programme planning has not been studied. In this study, we quantify the impact of utilis-
ing four different building footprint datasets in analyses to support health programme planning, with an example 
of malaria vector control initiatives in Zambia.

Methods  Using the example of planning indoor residual spraying (IRS) campaigns in Zambia, we identify priority 
locations for deployment of this intervention based on criteria related to the area, proximity and counts of build-
ing footprints per settlement. We apply the same criteria to four different building footprint datasets and quantify 
the count and geographic variability in the priority settlements that are identified.

Results  We show that nationally the count of potential priority settlements for IRS varies by over 230% with different 
building footprint datasets, considering a minimum threshold of 25 sprayable buildings per settlement. Differences 
are most pronounced for rural settlements, indicating that the choice of dataset may bias the selection to include 
or exclude settlements, and consequently population groups, in some areas.

Conclusions  The results of this study show that the choice of building footprint dataset can have a considerable 
impact on the potential settlements identified for IRS, in terms of (i) their location and count, and (ii) the count 
of building footprints within priority settlements. The choice of dataset potentially has substantial implications 
for campaign planning, implementation and coverage assessment. Given the magnitude of the differences observed, 
further work should more broadly assess the sensitivity of health programme planning metrics to different building 
footprint datasets, and across a range of geographic contexts and health campaign types.
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Background
Health programme planning is an inherently geographic 
problem, requiring an understanding of populations 
and infrastructure to estimate where, when and what 
resources are required. From provision of specific ser-
vices to planning national vaccination programmes, 
information on target populations and where they are 
located is key [1–3]. The COVID-19 pandemic brought 
health programme planning into the spotlight, with 
efforts needed to rapidly plan and implement pro-
grammes for patient care, testing and subsequently vac-
cination [4, 5]. Effective health programme planning for a 
range of communicable diseases, informed by an under-
standing of populations and infrastructure, far predates 
the COVID-19 pandemic though. Early documented 
examples include the 1854 London cholera outbreak, 
where the Broad Street pump was identified as a source 
of infection following collection of data on cases in rela-
tion to the resident population in the vicinity [6]. More 
recently, comprehensive mapping of settlements and 
tracking of vaccination teams to ensure high coverage 
rates of target populations, contributed to the elimina-
tion of wild polio virus in northern Nigeria [7–9].

To support a geographic approach to health pro-
gramme planning, detailed data are needed to understand 
the spatial distribution of populations, infrastructure and 
the built and natural environments [1, 10]. In the early 
stages of COVID-19 mass vaccination campaigns, such 
data enabled assessment of population access to vacci-
nation facilities and identification of where long travel 
times may be an impediment to a population being vac-
cinated [11–14]. Similar analyses have highlighted gaps 
in provision of health services [15–17] and vaccination 
programmes for many communicable diseases [18–20]. 
The availability, completeness and quality of high-reso-
lution geospatial data on populations, settlements and 
infrastructure however varies between countries. In set-
tings with well-developed geospatial data systems and 
comprehensive national address databases, authorita-
tive data on the locations of residential populations may 
be readily available, whilst in other settings such data 
may be very limited or outdated, if it exists at all. Low-
income countries tend to have less well-developed geo-
spatial data systems and high burdens of communicable 
diseases, resulting in a high demand for planning health 
programmes and campaigns, but limited geospatial data 
to support this planning [21].

Developments in computing power, satellite imagery 
and machine-learning algorithms over the past decade 
have enabled the growth of new sources of geospatial 
data relevant for health programme planning, includ-
ing increasingly detailed land cover [22–24], settlement 
[25–30] datasets at global and continental scales. In the 

past five years, advances in feature extraction algorithms, 
combined with availability of high-resolution satellite 
imagery, have enabled detailed mapping to the level of 
individual buildings at scale [31]. Several national and 
multi-country building footprint datasets have been pub-
lished, predominantly by commercial companies such 
as Google (https://​sites.​resea​rch.​google/​open-​build​ings, 
Microsoft (https://​www.​micro​soft.​com/​en-​us/​maps/​
build​ing-​footp​rints) and Ecopia (https://​www.​ecopi​
atech.​com/​global-​featu​re-​extra​ction). For many coun-
tries, these new datasets have provided building footprint 
data for the first time without extensive manual digitisa-
tion efforts, although licensing does vary between data-
sets, with only some openly published (e.g. Microsoft and 
Google building footprints). Prior to these developments, 
no national building footprint datasets from authoritative 
sources were openly available for many countries with 
high burdens of communicable diseases, including all 
countries in Africa [32].

The potential of new sources of high-resolution geo-
spatial data in planning and delivery of health campaigns 
is increasingly being harnessed, supported by published 
guidance such as the Geo-Enabled Microplanning Hand-
book [33]. Geospatial datasets are also being integrated 
into user-friendly tools such as the Reveal platform 
(https://​revea​lprec​ision.​com), which supports health 
campaign planning and delivery by integrating geospatial 
data on building footprints, points of interest, and health 
and administrative boundaries into an interactive map 
interface [34–36]. This is accompanied by an interface 
to plan out campaigns including calculating commodity 
requirements and developing microplans (detailed plans 
for delivery of health interventions to target populations 
[37, 38]. The Reveal platform was initially developed to 
support malaria control programmes but has been used 
for a range of health interventions, including geo-enabled 
microplanning for vaccination campaigns and mass drug 
administration [39, 40].

Vector control measures are a mainstay of malaria 
control programmes, with both long-lasting insecticide-
treated nets (LLINs) and indoor residual spraying (IRS) 
being widely used [41] to reduce vector abundance and 
minimise transmission. LLINs are intended to provide 
protection for household-members sleeping under a 
net, by physically preventing individuals from being bit-
ten by infected mosquitoes whilst asleep. Insecticide-
treated nets kill mosquitoes which land on the net, thus 
helping to reduce the vector population and providing 
some degree of community-level protection, in addition 
to the immediate household-level protection. In con-
trast, IRS does not prevent individuals from being bitten 
by an infected mosquito but instead is intended to kill 
endophilic mosquitoes that rest on walls of residential 

https://sites.research.google/open-buildings
https://www.microsoft.com/en-us/maps/building-footprints
https://www.microsoft.com/en-us/maps/building-footprints
https://www.ecopiatech.com/global-feature-extraction
https://www.ecopiatech.com/global-feature-extraction
https://revealprecision.com
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buildings after feeding, and in this way reduce the vector 
population and disrupt the malaria transmission cycle. 
For IRS to be effective in reducing malaria incidence in 
a community, high- and uniform-coverage is needed,a 
minimum threshold of 80% coverage of eligible struc-
tures is commonly used as an operational target [41].

For IRS and LLIN campaigns to reach the high lev-
els of coverage needed, data on the count and location 
of households, residential buildings and population are 
required. The availability of such data can be limited and 
quickly become outdated. Surveys or household listing 
exercises to collect new data are expensive, time-con-
suming, and resource-intensive, but until recently were 
the sole option for updating such data. Manual identifi-
cation and digitising of buildings from satellite imagery 
has been used as an alternative in the context of plan-
ning and monitoring IRS campaigns in Zambia, and was 
found to be 22 times faster and 10 times less costly than 
field-based enumeration [35]. High-resolution geospatial 
data on population, settlements and infrastructure, have 
been used extensively in studies on malaria risk, con-
trol and elimination [42–45], and are increasingly being 
used to support programme planning for malaria [34, 
46–48]. The need to utilise good quality data to maximise 
malaria control impact through sub-national targeting, 
is emphasised in the WHO High Burden to High Impact 
(HBHI) initiative [48]. New building footprint data prod-
ucts can help in maximising coverage of IRS campaigns 
by estimating the volume of insecticide and number of 
spray teams required, supporting spray teams in locating 
buildings, enabling identification of missed buildings and 
subsequent calculation of coverage rates. They can also 
help in identifying remote communities that are hard to 
reach, and therefore often missed during health service 
delivery.49

The growth in building footprint data products has 
brought new opportunities for detailed geospatial data 
to be utilised in supporting health programmes, but 
the degree to which these building footprint data prod-
ucts are interchangeable has only recently started to be 
explored [31, 50]. Knowledge of the impact of utilising 
different building footprint data products in subsequent 
analyses and decision making remains limited. In this 
study, we explore the impact of utilising different build-
ing footprint data products in analyses to support health 
intervention planning. We focus on Zambia, with a case 
study on planning implementation of malaria vector con-
trol measures and in particular the identification of prior-
ity settlements for IRS campaigns. Our results show that 
when the same criteria are applied with different build-
ing footprint datasets, there is considerable variation in 
the number and location of priority settlements that are 
identified.

Methods
To quantify the impact of utilising different building foot-
print datasets in health programme planning, we use the 
example of IRS campaign planning in Zambia. To iden-
tify priority locations for IRS campaigns, we employ 
target criteria used in recent campaigns, conducted by 
implementing partners of the National Malaria Elimina-
tion Programme (NMEP). The target criteria relate to 
the area of, distance between and count of building foot-
prints, and we apply the same criteria with four different 
building footprint data products. We separately apply 
two methods to identify suitable settlements or clusters 
of building footprints that meet the target criteria for 
potential inclusion in IRS campaigns. The first approach 
utilises existing mapped data on settlement extents and 
the second derives clusters of structures, solely based on 
the building footprint data with a proximity threshold 
applied.

Study setting
There were 7,050,968 malaria cases in Zambia in 2021, 
with a case incidence of 340/1000 population [51]. 
Malaria risk in Zambia is spatially heterogeneous, with 
high incidence particularly in the north, north-west and 
east of the country, as well as in some areas near national 
borders. The NMEP has used both IRS and LLINs as vec-
tor-control strategies in recent years. IRS was prioritised 
as a primary vector control approach alongside LLINs in 
the National Malaria Elimination Strategic Plan (NMESP) 
for 2017–2021. The current NMESP for 2022–2026 pri-
oritises LLINs as the primary intervention for vector 
control, with IRS targeted in high burden areas [71].

Geospatial data on buildings has been used to plan vec-
tor control activities under both strategic plans. District 
IRS planning and implementation maps, which included 
counts of manually digitised building footprints and 
malaria risk data per settlement, were first used in 2014 
in 15 districts in Luapula and Central provinces to priori-
tise available IRS resources [35]. In 2015 and 2019, these 
building footprint enumeration maps were expanded to 
42 districts, across five provinces, to support IRS plan-
ning. Sources of building footprints used during this 
time included manual delineation and enumeration of 
buildings from satellite imagery, field-verified footprint 
data and OpenStreetMap. The development by Ecopia 
of the first multi-country building footprint dataset for 
sub-Saharan Africa in 2019, provided building footprints 
nationally for Zambia (under a licence permitting use for 
humanitarian purposes), without requiring bespoke exer-
cises to manually digitise buildings. The Ecopia building 
footprints enabled counts of buildings and derived set-
tlement extents [52] to be integrated into malaria micro-
planning maps for the first time in the 2020–21 vector 
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control campaign. Subsequently, the development of 
open datasets of building footprints, has widened the 
availability of data further, with Google Open Buildings 
data then used in two districts to support IRS plannings 
in 2022 and 2023.

One of the challenges with using satellite-derived build-
ing footprint datasets is that footprints are not labelled as 
residential or non-residential structures. Without attrib-
ute data on building function or use, vector control inter-
ventions in Zambia have previously applied minimum 
and maximum area thresholds to exclude probable non-
residential buildings [35]. Alternatively, the proportion 
of structures that were residential has been estimated, 
based on samples of field-verified data. These approaches 
have enabled estimation of counts of residential buildings 
per settlement and identification of priority settlements 
for IRS [34–36, 47].

Data
In their most basic form, building footprints consist of 
mapped digital outlines of buildings (polygons) and pro-
vide information on the location, size and shape of build-
ings. Some building footprint datasets may also include 
additional attributes, such as a building’s type or height. 
They enable building and settlement locations to be 
mapped, and their proximity and spatial arrangement 
with neighbouring buildings understood [53]. Four dif-
ferent building footprint data products were included in 
the comparative analysis (Table  1): Google Open Build-
ings [54], Microsoft “Global” building footprints [55], 
Ecopia DigitizeAfrica building footprints [56] and build-
ings extracted from OpenStreetMap (OSM).

Building footprints from Ecopia, Google and Microsoft 
are all examples of data products created by commercial 
companies, using automated feature extraction methods 
and high-resolution satellite imagery [57]. In contrast, 
OSM buildings are an example of volunteered geographic 
information (VGI) product, with features digitised by a 
community of mappers and added to OpenStreetMap. 
Over the past decade, billions of features globally have 
been added to OSM, but given its VGI-nature, inevitably 
is spatially heterogenous in terms of geographic coverage. 
Prior to the recent developments of multi-country build-
ing footprint datasets through automated feature extrac-
tion, OSM was the only source of mapped building data 
available for many countries. A third potential source of 
building footprints is authoritative datasets from govern-
ment agencies,however no authoritative national dataset 
of building footprints is available for Zambia [32].

Given the rapidly evolving data landscape, two versions 
of each building footprint data product were consid-
ered (eight datasets in total: Table  1). All building foot-
print data products consisted of vector polygons with 

limited, if any, additional attribute information. Of the 
three building footprint data products generated through 
feature extraction from satellite imagery, only Ecopia 
includes the reference date of the satellite imagery as a 
feature attribute. Imagery dates are not specified for the 
Google or Microsoft building footprints, but most likely 
span multiple years. Some information related to build-
ing use or construction materials is available for a limited 
subset of OSM buildings, but not for other data products 
so it was not considered in these analyses.

In the first method of quantifying counts of build-
ing footprints per settlement, predefined settlement 
extents were used  –  specifically the GRID3 v2.0 Settle-
ment Extent dataset [58]. This dataset consists of vec-
tor polygons, delineating outlines of settlements or 
groups of buildings which have been created through 
geospatial processing of Ecopia Digitize Africa “year 2” 
building footprints. These settlement extents represent 
geographic groupings of building footprints, and there-
fore do not necessarily correspond to individual settle-
ments recognised by local or national administrations 
or the communities residing there. Settlement extents 
are also not named. Consequently, a single named settle-
ment may be represented in the GRID3 settlement extent 
dataset as multiple polygons, and conversely a single set-
tlement extent polygon may represent multiple named 
settlements. The GRID3 v2.0 settlement extents include a 
settlement type attribute based on the Degree of Urbani-
sation approach [59]. We used this Level 1 Degree of 
Urbanisation attribute (rural, urban cluster or urban cen-
tre) to stratify settlement extents by rural/urban types.

Data processing
For each building footprint dataset, polygons were 
converted to a common geographic coordinate system 
(WGS84, EPSG:4326) and the geodesic area of each 
building footprint polygon was calculated in square 
metres. Any building footprint polygon with a geomet-
ric centroid outside the national boundary of Zambia 
was excluded. As IRS campaigns are specifically tar-
geted at buildings in which residents sleep, only the 
subset of building footprints that were most likely to 
be residential, were included (henceforth referred to 
as “potentially residential”). As has been used previ-
ously in IRS campaigns in Zambia, minimum and maxi-
mum area thresholds were applied to exclude probable 
non-residential buildings [35]. Thus, for each dataset, 
building footprint polygons that were < 9 m2 (probable 
toilets or granaries) or > 330 m2 (likely non-residential 
structures such as churches, warehouses or commer-
cial premises) in area, were excluded from the analyses 
(Fig. 1).
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The first method of calculating counts of building foot-
prints per settlement, utilised the GRID3 v2.0 settlement 
extents dataset as the basis for defining settlements. The 
GRID3 settlement extents are derived from “year 2” Eco-
pia building footprints, which have been buffered by 50 
m and then overlapping buffers dissolved. Utilising these 
settlement extents with other sources of building foot-
prints will likely result in some building footprints being 

located outside settlement extents, particularly in loca-
tions experiencing settlement growth. For this reason, we 
expanded the spatial coverage of each GRID3 settlement 
extent by up to 1 km, with any building footprints that 
were within 1 km of a settlement extent, included in the 
count of building footprints of the settlement extent that 
they were nearest to.

Fig. 1  The count of building footprints per province, for each building footprint data product. Total counts are displayed as solid bars. The subset 
of “potentially residential” building footprints (≥ 9 m2 and ≤ 330 m2) are indicated by the striped fill
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A second method was also tested, which did not uti-
lise pre-defined settlement extents and instead, for each 
building footprint dataset in turn, groupings of neigh-
bouring building footprints were created based on a 
proximity threshold. Recent IRS campaigns in Zam-
bia have used this approach with a range of proximity 
thresholds, from 50 m [34] up to 250 m [46]. For these 
campaigns, proximity thresholds were decided based on 
both expected travel distances of mosquitoes and practi-
cal considerations around minimising travel time for IRS 
field teams, so as to maximise spraying of neighbouring 
structure and community-level protection. In this analy-
sis, we utilised a proximity threshold of 100 m (in line 
with both previous IRS campaigns and the buffer dis-
tance used in deriving GRID3 v2.0 settlement extents), 
such that building footprints within 100 m of each other, 
were grouped into a cluster. For each building footprint 
dataset in turn, clusters were delineated by buffering all 
potentially residential building footprints by 50 m and 
dissolving all overlapping buffered areas. The resulting 
delineated clusters of building footprints are henceforth 
referred to as “derived settlement clusters”.

For both settlement definitions, the counts of poten-
tially residential building footprints per settlement 
extent/derived settlement cluster were then calculated 

for each of the four building footprint data products 
(Figs. 2 and 3).

Stratification of settlements
In identifying potential settlements suitable for IRS, set-
tlements were classified based on threshold counts of 
potentially residential building footprints. Recent IRS 
campaigns have utilised a minimum threshold in terms 
of the count of potentially residential structures/build-
ings per settlement, with a threshold of 25 residential 
buildings commonly employed to ensure operational 
efficiency [34]. For IRS campaigns in Zambia, this thresh-
old was initially applied based on groupings of buildings 
that were all located within a specified distance of each 
other (i.e. following the second definition of settlement 
described above). More recently, the same threshold has 
been applied to counts of potentially residential buildings 
within pre-defined GRID3 settlement extents [47]. In our 
analysis we have employed both definitions of settlement, 
with the same count threshold of 25 potentially residen-
tial building footprints per (i) expanded GRID3 settle-
ment extent and (ii) derived settlement cluster, applied. 
For each building footprint dataset in turn and consid-
ering only the subset identified as potentially residential 
(≥ 9 m2 and ≤ 330 m2), settlements were stratified into 

Fig. 2  Mean counts of potentially residential building footprints per GRID3 v2.0 settlement extent, shown for each dataset and stratified 
by province and L1 degree of urbanisation
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four classes: no building footprints (class A), 1–5 build-
ing footprints (class B), 6–24 building footprints (class 
C) and 25 or more building footprints (class D,  Fig.  3). 
From the stratified settlements, class D settlements were 
considered as the priority locations for IRS implementa-
tion, in line with criteria used in recent IRS campaigns in 
Zambia.

Comparative analysis
To assess the impact of the choice of building footprint 
dataset on the identification of priority settlements 
for IRS campaigns, we calculated summary statistics 
related to the count, location and spatial similarity of 
class D settlements (those with 25 or more potentially 
residential building footprints). Our comparative analy-
sis focussed on the most recent version of each of the 
four building footprint data products. The agreement 
in class D settlement extents across building footprint 
datasets was assessed in terms of the count (n = 1–4) 
and combination of datasets (Figs. 5 and 6 and Supple-
mentary Figs. A1 and A2). For each building footprint 
dataset, the count of class D settlement extents per 

province (administrative unit level 1) with rural/urban 
stratification was calculated, along with the count of 
building footprints within these settlement extents 
(Fig. 7 and Supplementary Table A5).

To further assess geographic similarity in class D settle-
ment extents, Jaccard coefficient values were calculated 
for each province, on a pairwise basis between datasets 
(Supplementary Fig.  A3). The Jaccard coefficient (J(X,Y) 
=| X ∩ Y |/| X ∪ Y|) was calculated as the count of set-
tlement extents that were identified as class D with two 
building footprint datasets (X and Y), divided by the 
count of class D settlement extents identified with build-
ing footprint dataset X and/or Y. This calculation was not 
weighted by the area of settlement, such that settlement 
extents with 25 buildings and settlement extents with, for 
example, 5000 buildings were both considered equally. 
For the subset of settlement extents classified as class D 
with all four building footprint datasets, statistics related 
to the variability in counts of building footprints per set-
tlement extent were also calculated (Supplementary 
Tables A3, A4 and Supplementary Fig. A4).

Fig. 3  The count of settlements in classes A–D, based on the count of potentially residential building footprints per settlement (upper row: 
GRID3 v2.0 settlement extents, lower row: derived settlement clusters), for each building footprint dataset. Derived settlement clusters are formed 
based on the presence of building footprints and so no Class A settlements are produced with this method. Note that the y-axis values differ 
between classes A–C and class D
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Results
Comparing counts of building footprints and potentially 
residential building footprints per province across Zam-
bia (Fig.  1), shows considerable variation between data 
products (Ecopia, Google, Microsoft and OSM). For the 
majority of provinces, counts of building footprints were 
highest for Ecopia (eight provinces) or Google (two prov-
inces—Lusaka and Copperbelt), and lowest for Microsoft 
(six provinces) or OSM (four provinces). For Central and 
Muchinga province however, the count of OSM building 
footprints is greater than the count of Google footprints.

For each building footprint data product, two datasets 
were included in this comparison of building footprint 
counts, shown as pairs of bars in Fig. 1. The two datasets 
are either the two most recent versions, or in the case of 
OSM and Microsoft, data extracted at two time points 
(January and October 2023). The comparison of build-
ing footprint counts per province, between pairs of data-
sets, show variations in counts, with patterns differing 
between provinces. Counts of Ecopia building footprints 
per province increased between the “year 1” and “year 2” 
datasets. Counts of Google building footprints increased 
between v2 and v3 for a couple of provinces (Copperbelt 
and Lusaka) but decreased for all other provinces. Counts 
of OSM and Microsoft building footprints per province 
showed little change between dataset versions, except 
for Northern province, where counts of OSM buildings 
increased considerably from 243,627 in January 2023 to 
350,379 in October 2023.

When minimum (≥ 9 m2) and maximum (≤ 330 m2) 
area thresholds are applied, the proportion of the total 
building footprints that are excluded varies between 
provinces and data products (Fig. 1). For most provinces, 
the greatest reduction in count of building footprints is 
observed for Ecopia, with minimal change in the count of 
Microsoft building footprints, except for Copperbelt and 
Lusaka provinces (Fig.  1). Note that for the remaining 
analyses, only the subset of building footprints consid-
ered to be potentially residential (≥ 9 m2 and ≤ 330 m2) 
are included.

Calculating counts of potentially residential building 
footprints per settlement extent also shows consider-
able variation between building footprint data products. 
Figure  2 shows the mean count of potentially residen-
tial building footprints per settlement extent, stratified 
by province and Level 1 degree of urbanisation [59]. 
For rural settlement extents, the mean count of poten-
tially residential building footprints per settlement is 
generally highest for Ecopia and lowest for Microsoft or 
OSM. In rural areas of Muchinga and Central provinces, 
mean counts for Ecopia, Google and OSM are very simi-
lar, with mean counts of Microsoft building footprints 
being lower. In both Urban Clusters and Urban Centres, 

Google has the highest mean count of potentially resi-
dential building footprints per settlement extent for most 
provinces, and OSM the lowest. For settlement extents 
classified as Urban Centres, the magnitude of difference 
in mean counts between building footprint datasets in 
some provinces is massive, for example in Eastern prov-
ince, the mean count of potentially residential building 
footprints per settlement extent is 23,961 for OSM (Jan. 
2023) and 54,940 for Google (v3). Similarly, for Lua-
pula province, the mean count of potentially residential 
building footprints per Urban Centre extent ranges from 
19,123 (OSM Jan. 2023) to 46,481 (Google v3). There is 
only a single settlement extent classified as an Urban cen-
tre in Eastern, Luapula, North-Western, Northern and 
Southern provinces, and thus the mean counts per Urban 
centre for these provinces, reflect values only from one 
settlement extent.

Counts of building footprints per settlement have been 
used in planning past IRS campaigns in Zambia to iden-
tify priority settlements. Figure 3 shows, for each build-
ing footprint dataset, the count of settlements in classes 
A-D, when settlements are classified based on the count 
of potentially residential building footprints per settle-
ment (considering only the most recent version of each 
data product). Nationally, the count of settlements with 
25 or more potentially residential building footprints 
(class D) is greatest when Ecopia year 2 building foot-
prints are used (30,749 settlement extents and 29,032 
derived settlement clusters). The second highest count 
of class D settlement is for Google v3 (24,977 settle-
ment extents and 22,806 derived settlement clusters), 
followed by OSM (20,330 settlement extents and 19,202 
derived clusters). The count of class D settlement extents 
based on Microsoft building footprints is the lowest of 
any data product (12,982 settlement extents and 12,043 
derived clusters). Figure  3 also shows the breakdown of 
the remaining settlements when threshold counts of 0 
(class A), 1–5 (class B) and 6–24 potentially residential 
building footprints (class C) are applied for each data 
product. Counts of class B and C settlement extents and 
derived clusters were highest for Ecopia year 2 building 
footprints. Conversely, the count of settlement extents 
with no potentially residential building footprints (class 
A) was highest for Microsoft. Counts of potentially resi-
dential building footprints within each settlement class 
are summarised in Supplementary Tables A1 and A2.

The count of settlements in each class nationally with 
different building footprint data products (Fig.  3) how-
ever hides any geographic variation in the classifica-
tion of settlements, when different building footprint 
data products are used. The count of settlement extents 
in each class (the upper part of Fig. 3), is shown in Sup-
plementary Fig.  A1, with the addition of nested bars. 
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These nested bars show the subset of identical settlement 
extents that are classified as the same class, with each 
building footprint dataset. For example, of the 12,982 
class D settlement extents selected when a threshold of 
25 is applied with Microsoft building footprints, 12,754 
(Ecopia), 12,326 (Google) and 10,135 (OSM) of the same 
settlement extents are also classified as class D when the 
same threshold is applied with the other building foot-
print datasets. Of the 30,749 class D settlement extents 
with Ecopia building footprints, a subset of 21,922, 
12,754 and 17,904 are class D when the same threshold 
is applied to Google, Microsoft and OSM building foot-
prints respectively.

For some locations, class D settlements are quite simi-
lar between building footprint datasets, but for other 
locations the choice of building footprint dataset and/
or the settlement definition has a considerable impact 
on which settlements meet the threshold for class D. In 
Fig. 4, the class D settlements are shown for both GRID3 
settlement extents (top row of both panels) and derived 
settlement clusters (bottom row of both panels), for two 
example locations. The location marked X shows class D 
settlement extents (and derived settlement clusters) with 
Ecopia, but no class D settlement extents for the other 
three datasets. Location Y has class D derived clusters 
with Microsoft and Ecopia only, but class D settlement 
extents are identified in the same location with Micro-
soft, Ecopia and Google. Location Z has class D settle-
ment extents with OSM, Google and Ecopia, but no class 
D derived clusters for OSM, and much smaller clusters 
for Google and Ecopia. In addition, the settlement defini-
tion can have considerable impact on which settlements 
are identified as class D (see for example the differences 
between class D settlement extents and derived clusters 
with Google v3 in panel (a) and Microsoft in panel (b) of 
Fig. 4).

Figure  5 further explores the dissimilarity in settle-
ment extents classified as class D with each building 
footprint dataset. In total across the four datasets, 35,861 
settlement extents were identified as class D (IRS pri-
ority settlements) as they had 25 or more potentially 
residential building footprints in one or more building 
footprint datasets. Of these, there were 9738 settlement 
extents identified with all four building footprint data-
sets (EGMO). Conversely there were 10,123 settlement 
extents identified in only one (E, G, M or O) of the four 
building footprint datasets, with over half of those settle-
ment extents only being identified in terms of counts of 
Ecopia building footprints (n = 5571). A smaller number 
of settlement extents were only selected with Google (n 
= 2506) and OSM (n = 1957), with a minimal number 
selected only with Microsoft (n = 89). For settlement 
extents classified as class D with two or three datasets, 

the majority included combinations of Ecopia with 
Google and/or OSM (e.g. EG, EO, EGM and EGO). Sup-
plementary Fig.  A2 shows the locations of the selected 
settlement extents for each building footprint dataset 
combination.

Considering all settlement extents classified as class D 
with one or more building footprint datasets, the per-
centage classified as class D with each building footprint 
dataset is mapped at district level (Fig. 6a). The percent-
age of class D settlement extents found with each build-
ing footprint varies considerably, with Ecopia having 
the most districts (n = 102/116) with over 75% of all 
class D settlement extents selected. In contrast, Micro-
soft had the fewest districts with over 75% of all class 
D settlement extents selected (n = 2). With Google and 
OSM, more spatial variability in the percentage of class 
D settlements with each dataset, is observed (Fig. 6a). In 
Fig.  6b, the percentage of settlement extents classified 
as class D in only one dataset, and in two, three or four 
datasets is mapped per district. The proportion of settle-
ment extents classified as class D with just one dataset 
is greatest in selected districts in Southern and Western 
provinces, with seven districts having over 45% of class D 
settlement extents classified as such with just one build-
ing footprint dataset. Conversely, four districts in Eastern 
province, two districts in North-Western and one dis-
trict in Luapula had less than 15% of class D settlement 
extents as class D with just one building footprint data-
set. These same districts all had more than 45% of class 
D settlement extents classified as such with four build-
ings footprint datasets, along with six districts in Luapula 
and one in Northern. Sinda district in Eastern province 
had the highest proportion of class D settlement extents 
classified as such with all four building footprint datasets 
(82%).

The spatial dissimilarity of class D settlement extents 
is further explored in Supplementary Fig.  A3, with Jac-
card Coefficient values for each pairwise combination 
of building footprint datasets, stratified by province. In 
terms of class D settlement extents, the highest Jaccard 
Coefficient values (greatest spatial similarity in settle-
ment extents) are found with Google and Ecopia build-
ing footprints for all provinces apart from Muchinga 
and Central (Supplementary Fig. A3). For Muchinga and 
Central provinces, the spatial similarity between class D 
settlement extents is greatest between Ecopia and OSM. 
There is considerable variation in Jaccard Coefficient 
values between provinces, with Luapula and Eastern 
provinces tending to have higher values, and Western 
province lower values, for most pairwise combinations. 
The same pairwise combination of datasets can vary a lot 
between provinces, for example OSM and Microsoft has 
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Fig. 4  Mapped examples of class D settlement shown for two example locations (A and B). For these locations, the class D settlement extents 
(upper) and class D derived settlement clusters (lower) are shown for each building footprint dataset (left to right: Ecopia, Google, Microsoft 
and OSM). Three example locations with clear differences between datasets are marked as X, Y and Z
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a Jaccard coefficient of 0.66 for Luapula, but only 0.24 for 
Western province.

In Fig.  7, the count of class D settlement extents for 
each building footprint dataset is stratified by province 
and settlement type. In rural areas, the count of class D 

settlement extents is highest based on Ecopia building 
footprints in 8 provinces, with the count of class D settle-
ment extents based on Google building footprints being 
higher in two provinces (Lusaka and Copperbelt). Across 
all provinces, the number of rural class D settlement 

Fig. 5  Cumulative count of Class D settlement extents stratified by the count of building footprint datasets in agreement (n = 1–4). Within each 
stratum (X-axis), the total count of class D settlements is labelled by the combination of building footprint datasets (E = Ecopia year 2, G = Google 
v3, M = Microsoft (Oct. 2023 download) and O = OSM (Oct. 2023 download))

Fig. 6  For all settlement extents classified as class D with one or more building footprint datasets (n = 35,861), a the percentage that are classified 
as class D with each dataset, and b the percentage classified as class D with 1–4 datasets, is mapped at district level
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extents with Microsoft building footprints is considerably 
less than the number of class D settlement extents with 
Ecopia building footprints; the count of Microsoft rural 
class D settlement extents being less than 65% of the 
count of Ecopia rural class D settlement extents, and as 
low as 21% in Western province. In some rural settings, 
the number of OSM class D settlement extents is com-
parable to Ecopia or Google (e.g. Central and Southern), 
but in other provinces (e.g. Lusaka) there are far fewer 
OSM class D settlement extents.

In urban clusters and centres, the total number of class 
D settlement extents is expectedly fewer (although the 
extents themselves are larger) and there is also less vari-
ation in the total number between building footprint 
datasets. For Eastern, Luapula, North-Western, Northern 
and Southern provinces, there is only a single class D set-
tlement extent classified as an urban centre (Fig. 7). For 
urban centres in most other provinces, the count of class 
D settlement extents is highest for Google building foot-
prints. Even with very similar counts of class D settlement 
extents with different building footprint datasets, there is 
considerable variation in the total count of building foot-
prints within class D settlement extents (Supplementary 

Table A5). In the most extreme example, within class D 
urban centre settlement extents in North-Western prov-
ince, there are 92,739 Ecopia, 106,216 Google, 64,280 
Microsoft and only 6,123 OSM building footprints. Con-
sidering just the subset of settlement extents that are 
classified as class D with all four building footprint data-
sets (n = 9738, labelled as EGMO in Fig. 5), there is still 
major variability in counts of building footprints per set-
tlement extent (Supplementary Tables  A3/A4 and Sup-
plementary Fig. A4).

Discussion
High-resolution geospatial data on population, settle-
ments and infrastructure are increasingly being utilised 
for planning and implementing public health interven-
tions, including as part of malaria control programmes. 
For vector control measures to be effective in reducing 
malaria transmission, high- and uniform-coverage of 
communities is needed [41, 60]. Here we focus on a case 
study of planning for IRS campaigns in Zambia, where 
new geospatial datasets and technology have been inte-
grated over the past decade. We show that if settlements 
are classified by count and proximity of buildings, the 

Fig. 7  The count of class D settlement extents selected with each building footprint dataset, stratified by province, and the L1 degree 
of urbanisation class. Note that the y-axis values vary between the L1 degree of urbanisation strata



Page 14 of 19Chamberlain et al. International Journal of Health Geographics           (2025) 24:13 

settlements identified for potential inclusion in IRS cam-
paigns differ considerably depending on the choice of 
building footprint dataset.

Relevance and practical implications of findings
The results of our analysis show that both the overall 
count and the geographic location of class D settlements 
(those settlements with at least 25 potentially residen-
tial building footprints), varies notably between building 
footprint datasets. Focussing on the most recent version 
of each of the four building footprint datasets, the count 
of class D settlement extents nationally varied between 
12,982 and 30,749, when Microsoft (October 2023 ver-
sion) and Ecopia year 2 building footprint datasets were 
used respectively (Fig. 3). Considering all class D settle-
ment extents identified with any of the four building foot-
print datasets, the percentage of settlements identified as 
class D with each dataset in turn also shows considerable 
geographic variation between datasets (Fig.  6). When 
stratified by province (administrative unit level 1), the 
count of class D settlements in rural clusters was typi-
cally highest with Ecopia building footprints, and low-
est with Microsoft building footprints (Fig. 7), at least in 
part likely reflecting gaps in data coverage (Fig. 4). Whilst 
in urban clusters, the count of class D settlements was 
highest with Google building footprints in most prov-
inces, and lowest with either OSM or Microsoft buildings 
footprints.

Given the geographic differences observed in class D 
settlements with different building footprint datasets, 
these results highlight how the choice of building foot-
print dataset may bias the selection of settlements (and 
consequently population groups). Selecting a particular 
building footprint dataset may result in locations with 
certain characteristics (e.g. predominantly urban areas) 
being potentially prioritised or conversely excluded. For 
example, using Microsoft building footprints to identify 
rural class D settlements results in far fewer rural class 
D settlements, than if counts of buildings are based on 
Google or Ecopia building footprints (Fig. 7). Such differ-
ences could introduce inequalities in campaign provision, 
as recently also found by Gevaert et al. [50]. Although not 
the primary focus of this study, the settlement definition 
(GRID3 settlement extents or derived settlement clus-
ters) used as the basis for calculating counts of building 
footprints per settlement, also affected the number and 
geographic location of settlements selected (Figs.  3 and 
4). Whilst settlement and building footprint data are not 
the sole data used in decision making concerning malaria 
vector control initiatives, our results show that the use of 
a particular dataset has the potential to influence deci-
sions and strategies.

The WHO guidance for IRS does not specify an abso-
lute coverage target, acknowledging that 100% coverage 
is rarely possible, but a minimum spray target of 80% of 
eligible structures is commonly used [61]. In this con-
text, an accurate count of geo-located residential build-
ings is necessary for (i) planning to ensure that available 
resources are targeted to appropriate locations to max-
imise reductions in malaria transmission, (ii) ensuring 
that sufficient spray teams, equipment and insecticide 
are allocated and delivered to the right locations, and (iii) 
to assess spray coverage after campaign completion. The 
results of our analysis quantify the relative differences in 
counts of building footprints per settlement (Figs.  2, 7 
and Supplementary Fig. A4) and highlight the sensitivity 
of these metrics to the choice of building footprint data-
set (Supplementary Tables A3 and A4). For example, if 
the subset of settlement extents that are classified as class 
D with all four building footprint datasets were all identi-
fied as appropriate locations for IRS, for Western prov-
ince this would mean planning and implementing IRS 
in 532 settlements (Supplementary Table A4). For these 
selected settlements, the choice of building footprint 
dataset still would have a big impact on the estimation 
of required resources and assessment of spray cover-
age. Considering a hypothetical IRS campaign, in which 
50,000 buildings were sprayed in Western province, cov-
erage rates across all target settlements in Western prov-
ince would be calculated as 60.4% (out of 83,803 Ecopia 
building footprints), 74.4% (out of 67,225 Google build-
ing footprints), 129.8% (out of 38,531 Microsoft build-
ing footprints) or 82.9% (out of 60,326 OSM building 
footprints).

The detailed nature of building footprint polygon 
data can give an illusion of accuracy, more so than, for 
example, raster land cover classification maps. Building 
footprint datasets can commonly have some buildings 
omitted (false negatives) and other features misclassi-
fied as buildings and thus included (false positives) [62]. 
These can occur due to gaps in satellite imagery coverage, 
satellite imagery being outdated, limitations of the fea-
ture extraction algorithm, or buildings being obscured in 
imagery due to tree canopy cover, for example. A lack of 
metadata can further compound these problems, as the 
definition of what is considered as an individual building, 
details of the feature extraction algorithms and post-pro-
cessing of extracted features, and the temporal imagery 
coverage, can all vary between data products [31]. As 
building footprint datasets evolve and are used in differ-
ent fields, there is a need for data producers to take steps 
to address these issues and support data users. Those 
working with building footprint data to support decision 
making, in the context of health programme planning 
and more widely, also need to be aware of differences 
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between data products, to consider potential impacts of 
choosing a particular dataset and to be cognisant of their 
limitations. As of October 2023, in addition to buildings 
from OpenStreetMap, there were at least three building 
footprint data products in existence for Zambia, with two 
or more versions of each dataset (Fig. 1). Apart from Eco-
pia building footprints, no other datasets include attrib-
ute information on the date of source satellite imagery, 
making it impossible to know the timepoints that build-
ing footprints are representative of.

Recommendations
From the building footprint data products included in 
our analysis, we would suggest that generally the dataset 
coverage is most complete for Ecopia and Google build-
ing footprints. However, this recommendation has sev-
eral caveats: our comparative analysis does not include 
an authoritative reference dataset, the Ecopia building 
footprints are based on satellite imagery from 2020 or 
earlier (over half of building footprints were extracted 
from satellite imagery collected in 2019) and no granu-
lar information is provided on source imagery dates for 
Google. In locations where there have been recent, com-
prehensive campaigns to digitise buildings in OSM, these 
data may be more comprehensive in their coverage and 
better reflect the structure of settlements, but this is diffi-
cult to assess at scale. Recent work indicates a likely move 
towards more dynamic updates of building footprints 
and settlement datasets in the future [63, 64], as well as 
potential improvements in building height and typology 
estimation [26, 65]. In the context of health programme 
planning, these developments would likely be beneficial 
in improving estimation of population numbers [66] and 
hence programme denominators, as well as enabling set-
tlement change detection with temporally-explicit build-
ing/settlement datasets. For IRS campaigns in particular, 
such data may help in identifying residential buildings, 
and potentially guide in the estimation of required insec-
ticide spray volumes.

This study has considered the use of building footprint 
data products in isolation, but with a growing number 
and availability of data products, the potential to use 
data products in combination increases. Further work is 
needed to develop systematic and robust methods and 
guidelines to do this. Opportunities to efficiently con-
duct field validation of satellite-derived datasets, as part 
of field-deployed health campaigns, should also be pur-
sued. The results of field validation can be used to further 
improve building datasets, ultimately accelerating plan-
ning and delivery of health interventions.

Although building footprint datasets extracted from 
satellite imagery provide new opportunities to support 

geo-enabled microplanning at scale for a range of health 
programmes they are not a replacement for local knowl-
edge or comprehensive fielddata collection. Enumera-
tion of populations, households and/or buildings may be 
collected by health facilities through community-based 
service deliverycampaigns and for headcount registers, 
but these are often not up to date, complete or accurate 
due to resources and capacity limitations [47, 48, 67, 68]. 
Geospatial data on counts and locations of buildings that 
have been field-verified (for example during resourced 
campaigns), likely provide the most accurate data on 
residential buildings for resource planning and delivery 
[69]. This is especially true if field service delivery teams 
use maps to navigate to all mapped building footprints, 
then verify that a building exists, add any unmapped 
buildings and label whether a building is residential or 
not. Field-verification of this sort has been conducted in 
Zambia using the Reveal platform mobile app which ena-
bles in  situ updating of building data and denominators 
for each implementation cycle [36]. However, this data 
is usually limited to selected campaign prioritised areas, 
and therefore not available to all health facilities and dis-
tricts—making it challenging, but not impossible, to use 
at scale. In Zambia, building footprints extracted from 
satellite imagery and field-verified data have been used in 
combination to inform resource needs during campaign 
planning and to monitor delivery [40, 69]. It is crucial 
that decision makers still critically assess any such data 
against existing sources, such as those available at health 
facility level, in order to ensure that service delivery tar-
gets and denominators are as accurate as possible.

Limitations
Aside from IRS planning in Zambia, building footprints 
or similar datasets have been used for geo-enabled 
microplanning in a range of other public health interven-
tions (e.g. [31, 67, 70], with no data available for some 
datasets in some areas (for example, conflict-affected 
locations have been excluded from Google Open Build-
ings datasets) and a rapidly evolving data landscape.

Our analysis has several caveats. In identifying poten-
tial priority locations for IRS, we applied a set of crite-
ria concerning area of, distance between and counts of 
building footprints. As the national strategy in Zambia 
has changed over time, the criteria and guidelines used 
for planning vector control campaigns have similarly 
evolved [51, 71]. The criteria used in our comparative 
analysis are based on campaigns implemented with the 
NMEP over the past decade, and provide a framework 
within which to assess the impact of utilising different 
building footprint datasets for IRS planning. Our analy-
sis has considered solely building footprint data to iden-
tify the subset of settlements that might be considered as 
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suitable for IRS, and has not incorporated the important 
contextual knowledge of district teams to select the final 
settlements for inclusion in an IRS campaign.

In addition, none of the feature-extracted build-
ing footprint datasets (Google, Ecopia and Microsoft) 
included attributes on building type or use, necessitat-
ing an approximation of potentially residential build-
ings based on simple area thresholds (as has been used 
in previous work e.g. [35]). The subset of building foot-
prints considered to be potentially residential based on 
simple area thresholds, will inevitably include some non-
residential structures such as churches, shops or health 
facilities. Further work should explore more sophisti-
cated classification approaches to identify non-residen-
tial/non-sprayable structures (e.g. [72, 73]), and assess 
the sensitivity of such classification approaches to dif-
ferent building footprint products. Given the lack of an 
authoritative national reference dataset, our analysis has 
been limited to comparisons between available building 
footprint datasets. As new sources of data become avail-
able, for example geolocated household data from the 
2020 round of national population and housing censuses, 
these should be included in similar comparative analyses.

Conclusions
The recent growth in the global availability of detailed 
building footprint data has provided new opportuni-
ties for integrating geo-enabled microplanning into 
public health interventions, particularly in previously 
data-scarce locations. This proliferation of datasets how-
ever also brings challenges for data users and decision-
makers. The results of this study show that the choice 
of building footprint dataset has a substantial impact 
on locations selected when criteria are based on counts 
and proximity of buildings. This has been explored in 
the context of planning IRS campaigns in Zambia, but 
similarly large differences would be expected if count-
based criteria are used for planning and evaluating other 
resource provision campaigns. Further work is needed to 
quantify the sensitivity of the choice of building footprint 
dataset in such analyses across a range of geographic 
contexts. Data producers could also better support data 
users through improved metadata, by routinely disclos-
ing information on spatiotemporal coverage of datasets, 
definitions of features considered to be buildings and 
rates of omission and commission. As the building foot-
print and settlement data landscape continues to grow 
and diversify, understanding the characteristics and com-
parability of datasets will remain fundamental to robust 
data use. Caution will continue to be needed in selecting 
building footprint data products to integrate into analy-
ses, and where possible, any conclusions drawn should be 

supported by local, contextual knowledge and field-veri-
fied data.

Abbreviations
IRS	� Indoor residual spraying
LLIN	� Long-lasting insecticide-treated net
NMEC	� National Malaria Elimination Centre
NMESP	� National Malaria Elimination Sstrategic Plan
OSM	� OpenStreetMap
UNICEF	� United Nations Children’s Fund
WHO	� World Health Organisation
COVID-19	� Coronavirus disease 2019, caused by the SARS-CoV-2 virus

Supplementary Information
The online version contains supplementary material available at https://​doi.​
org/​10.​1186/​s12942-​025-​00398-7.

Additional file 1.

Acknowledgements
This study is an output of the WorldPop Research Group at the University of 
Southampton, United Kingdom. Preparation of this manuscript was supported 
by HRC attending the University of Southampton Faculty of Medicine/Faculty 
of Environmental and Life Sciences Writing Retreat (January 2024).

Author contributions
HRC conceptualised the study, and undertook the analysis with input from 
AJT and DP. HRC wrote the original manuscript draft. DP, AW, OB, CAM, GM, SR, 
ANL and AJT reviewed, edited and approved the manuscript for submission. 
ANL and AJT acquired funding.

Funding
This work was initiated with funding from the Bill and Melinda Gates 
Foundation as part of the GRID3 project [INV-045694]. The work was further 
developed and completed with funding from the United Kingdom’s Foreign, 
Commonwealth & Development Office (FCDO), as part of the Data for Devel-
opment—Unleashing the Data Dividend project [GB-GOV-1–400025-405].

Availability of data and materials
Google v3 building footprints are available to download in tiled format (level 4 
S2 cells) from: https://​sites.​resea​rch.​google/​open-​build​ings/#​open-​build​ings-​
downl​oad, or accessed via Google Earth Engine: https://​devel​opers.​google.​
com/​earth-​engine/​datas​ets/​catal​og/​GOOGLE_​Resea​rch_​open-​build​ings_​v3_​
polyg​ons. OpenStreetMap building footprints can be extracted using various 
plugins, or pre-prepared national files updated daily are available from Geo-
Fabrik: https://​downl​oad.​geofa​brik.​de/​africa/​zambia.​html. Microsoft “global” 
building footprints are available to download from: https://​github.​com/​micro​
soft/​Globa​lMLBu​ildin​gFoot​prints. Ecopia building footprints are not publicly 
available, but access can be requested for humanitarian purposes from Ecopia 
(https://​www.​ecopi​atech.​com/). The GRID3 v2.0 settlement extent dataset is 
available from: https://​doi.​org/https://​doi.​org/​10.​7916/​wqmn-​f746.

Declarations

Ethics approval and consent to participate
Not applicable.

Consent for publication
Not applicable.

Competing interests
The authors declare that they have no competing interests.

Author details
1 WorldPop, School of Geography and Environmental Science, University 
of Southampton, University Road, Southampton SO17 1BJ, UK. 2 Akros 
Research, 45 A Roan Road, Kabulonga, Lusaka, Zambia. 3 Akros Inc., 4302 

https://doi.org/10.1186/s12942-025-00398-7
https://doi.org/10.1186/s12942-025-00398-7
https://sites.research.google/open-buildings/#open-buildings-download
https://sites.research.google/open-buildings/#open-buildings-download
https://developers.google.com/earth-engine/datasets/catalog/GOOGLE_Research_open-buildings_v3_polygons
https://developers.google.com/earth-engine/datasets/catalog/GOOGLE_Research_open-buildings_v3_polygons
https://developers.google.com/earth-engine/datasets/catalog/GOOGLE_Research_open-buildings_v3_polygons
https://download.geofabrik.de/africa/zambia.html
https://github.com/microsoft/GlobalMLBuildingFootprints
https://github.com/microsoft/GlobalMLBuildingFootprints
https://www.ecopiatech.com/
https://doi.org/
https://doi.org/10.7916/wqmn-f746


Page 17 of 19Chamberlain et al. International Journal of Health Geographics           (2025) 24:13 	

Timberlane, Missoula, MT 59802, USA. 4 School of Public and Community 
Health Sciences, University of Montana, Missoula, USA. 5 GRID3 Inc., 211 East 
43Rd Street, 7 Th Floor #219, New York, NY 10017, USA. 6 Blue Byte Analytics 
Ltd., Plot No. 609/E/48/B/4/2, Off Hybrid Road, Chamba Valley, Lusaka, Zambia. 
7 Department of Geography and Environmental Studies, University of Zambia, 
Great East Road Campus, Lusaka, Zambia. 

Received: 24 January 2025   Accepted: 12 April 2025

References
	1.	 Chaney S, Mechael P, Thu N, Diallo M, Gachen C. Every child on the map: 

a theory of change framework for improving childhood immunization 
coverage and equity using geospatial data and technologies. J Med 
Internet Res. 2021;23(8): e29759. https://​doi.​org/​10.​2196/​29759.

	2.	 Tatem AJ. Small area population denominators for improved disease 
surveillance and response. Epidemics. 2022;41: 100641. https://​doi.​org/​
10.​1016/j.​epidem.​2022.​100641.

	3.	 Ali D, Levin A, Abdulkarim M, Tijjani U, Ahmed B, Namalam F, Dougherty 
L. A cost-effectiveness analysis of traditional and geographic information 
system-supported microplanning approaches for routine immunization 
program management in northern Nigeria. Vaccine. 2020;38(6):1408–15. 
https://​doi.​org/​10.​1016/j.​vacci​ne.​2019.​12.​002.

	4.	 Hengel B, Causer L, Matthews S, Smith K, Andrewartha K, Badman S, Guy 
R. A decentralised point-of-care testing model to address inequities in 
the COVID-19 response. Lancet Infect Dis. 2021;21(7):e183–90. https://​doi.​
org/​10.​1016/​S1473-​3099(20)​30859-8.

	5.	 WHO. Guidance on developing a national deployment and vaccination 
plan for COVID-19 vaccines: interim guidance, 1 June 2021. Geneva: 
World Health Organization. 2021

	6.	 Snow J. Cholera and the water supply in the south districts of London in 
1854. J Public Health Sanit Rev. 1856;2(7):239.

	7.	 Barau I, Zubairu M, Mwanza MN, Seaman VY. Improving polio vaccination 
coverage in nigeria through the use of geographic information system 
technology. J Infect Dis. 2014;210(suppl_1):S102–10. https://​doi.​org/​10.​
1093/​infdis/​jiu010.

	8.	 Touray K, Mkanda P, Tegegn SG, Nsubuga P, Erbeto TB, Banda R, Etsano A, 
Shuaib F, Vaz RG. Tracking vaccination teams during polio campaigns in 
Northern Nigeria by use of geographic information system technology: 
2013–2015. J Infect Dis. 2016;213(suppl_3):S67–72. https://​doi.​org/​10.​
1093/​infdis/​jiv493.

	9.	 Borowitz M, Zhou J, Azelton K, Nassar I-Y. Examining the value of satellite 
data in halting transmission of polio in Nigeria: a socioeconomic analysis. 
Data & Policy. 2023;5: e16. https://​doi.​org/​10.​1017/​dap.​2023.​12.

	10.	 Dummer TJ. Health geography: supporting public health policy and plan-
ning. CMAJ. 2008;178(9):1177–80. https://​doi.​org/​10.​1503/​cmaj.​071783.

	11.	 Muchiri SK, Muthee R, Kiarie H, Sitienei J, Agweyu A, Atkinson PM, 
Alegana VA. Unmet need for COVID-19 vaccination coverage in Kenya. 
Vaccine. 2022;40(13):2011–9. https://​doi.​org/​10.​1016/j.​vacci​ne.​2022.​02.​
035.

	12.	 Whitehead J, Scott N, Atatoa-Carr P, Lawrenson R. Will access to COVID-19 
vaccine in Aotearoa be equitable for priority populations? N Z Med J. 
2021;134(1535):25–34.

	13.	 Leithäuser N, Schneider J, Johann S, et al. Quantifying Covid19-vaccine 
location strategies for Germany. BMC Health Serv Res. 2021;21:780. 
https://​doi.​org/​10.​1186/​s12913-​021-​06587-x.

	14.	 Rader B, Astley CM, Sewalk K, et al. Spatial modeling of vaccine deserts 
as barriers to controlling SARS-CoV-2. Commun Med. 2022;2:141. https://​
doi.​org/​10.​1038/​s43856-​022-​00183-8.

	15.	 Macharia PM, Ouma PO, Gogo EG, Snow RW, Noor AM. Spatial acces-
sibility to basic public health services in South Sudan. Geospat Health. 
2017;12(1):510. https://​doi.​org/​10.​4081/​gh.​2017.​510.

	16.	 Dotse-Gborgbortsi W, Nilsen K, Ofosu A, et al. Distance is “a big problem”: 
a geographic analysis of reported and modelled proximity to maternal 
health services in Ghana. BMC Pregnancy Childbirth. 2022;22:672. https://​
doi.​org/​10.​1186/​s12884-​022-​04998-0.

	17.	 Hierink F, Oladeji O, Robins A, et al. A geospatial analysis of accessibil-
ity and availability to implement the primary healthcare roadmap 

in Ethiopia. Commun Med. 2023;3:140. https://​doi.​org/​10.​1038/​
s43856-​023-​00372-z.

	18.	 Joseph NK, Macharia PM, Ouma PO, et al. Spatial access inequities 
and childhood immunisation uptake in Kenya. BMC Public Health. 
2020;20:1407. https://​doi.​org/​10.​1186/​s12889-​020-​09486-8.

	19.	 Utazi CE, Thorley J, Alegana VA, et al. Mapping vaccination coverage 
to explore the effects of delivery mechanisms and inform vaccina-
tion strategies. Nat Commun. 2019;10:1633. https://​doi.​org/​10.​1038/​
s41467-​019-​09611-1.

	20.	 Utazi CE, Olowe I, Chan THM, Dotse-Gborgortsi W, Wagai J, Umar JA, 
Etamesor S, Atuhaire B, Fafunmi B, Crawford J, Adeniran A, Tatem AJ. 
Geospatial variation in vaccination coverage and zero-dose prevalence at 
the district, ward and health facility levels before and after a measles vac-
cination campaign in Nigeria. Preprints. 2024. https://​doi.​org/​10.​20944/​
prepr​ints2​02410.​0445.​v1.

	21.	 Dotse-Gborgbortsi W, Wardrop N, Adewole A, Thomas ML, Wright J. A 
cross-sectional ecological analysis of international and sub-national 
health inequalities in commercial geospatial resource availability. Int J 
Health Geogr. 2018;17:1–15. https://​doi.​org/​10.​1186/​s12942-​018-​0134-z.

	22.	 Brown CF, Brumby SP, Guzder-Williams B, Birch T, Hyde SB, Mazzari-
ello J, Tait AM. Dynamic world, near real-time global 10 m land use 
land cover mapping. Sci Data. 2022;9(1):251. https://​doi.​org/​10.​1038/​
s41597-​022-​01307-4.

	23.	 Karra K, Kontgis C, Statman-Weil Z, Mazzariello JC, Mathis M, Brumby SP. 
Global land use/land cover with Sentinel 2 and deep learning. In 2021 
IEEE International Geoscience and Remote Sensing Symposium IGARSS. 
2021. (pp. 4704–4707). IEEE.

	24.	 Zanaga D, Van De Kerchove R, Daems D, De Keersmaecker W, Brockmann 
C, Kirches G, Wevers J, Cartus O, Santoro M, Fritz S, Lesiv M, Herold M, 
Tsendbazar N-E, Xu P, Ramoino F, Arino O. ESA worldcover 10 m 2021 
v200 (version v200). 2022. Zenodo. https://​doi.​org/​10.​5281/​zenodo.​72542​
21.

	25.	 Pesaresi M, Politis P. GHS-BUILT-S R2023A-GHS built-up surface grid, 
derived from sentinel2 composite and landsat, multitemporal (1975–
2030)European commission. Joint Res Centre (JRC). 2023. https://​doi.​org/​
10.​2905/​9F06F​36F-​4B11-​47EC-​ABB0-​4F8B7​B1D72​EA.

	26.	 Esch T, Brzoska E, Dech S, Leutner B, Palacios-Lopez D, Metz-Marconcini A, 
Zeidler J. World settlement footprint 3D-a first three-dimensional survey 
of the global building stock. Remote Sens Environ. 2022;270:112877. 
https://​doi.​org/​10.​1016/j.​rse.​2021.​112877.

	27.	 Doxsey-Whitfield E, MacManus K, Adamo SB, Pistolesi L, Squires J, 
Borkovska O, Baptista SR. Taking advantage of the improved availability of 
census data: a first look at the gridded population of the world, version 4. 
Papers Appl Geograph. 2015;1(3):226–34. https://​doi.​org/​10.​1080/​23754​
931.​2015.​10142​72.

	28.	 Sorichetta A, Hornby GM, Stevens FR, Gaughan AE, Linard C, Tatem AJ. 
High-resolution gridded population datasets for Latin America and the 
Caribbean in 2010, 2015, and 2020. Sci Data. 2015;2(1):1–12. https://​doi.​
org/​10.​1038/​sdata.​2015.​45.

	29.	 Freire S, MacManus K, Pesaresi M, Doxsey-Whitfield E, Mills J. Develop-
ment of new open and free multi-temporal global population grids at 
250 m resolution, geospatial data in a changing world; association of 
geographic information laboratories in Europe (AGILE) (Organiser). (2016)

	30.	 Tiecke TG, Liu X, Zhang A, Gros A, Li N, Yetman G, Dang HA. Mapping the 
world population one building at a time. 2017. https://​doi.​org/​10.​48550/​
arXiv.​1712.​05839

	31.	 Chamberlain HR, Darin E, Adewole WA, Jochem WC, Lazar AN, Tatem AJ. 
Building footprint data for countries in Africa: to what extent are existing 
data products comparable? Comput Environ Urban Syst. 2024;110C: 
102104. https://​doi.​org/​10.​1016/j.​compe​nvurb​sys.​2024.​102104.

	32.	 Biljecki, F, Chew, LZX, Milojevic-Dupont, N, Creutzig, F. Open government 
geospatial data on buildings for planning sustainable and resilient cities. 
2021. arXiv:2107.04023.

	33.	 WHO-UNICEF COVAX GIS Working Group. Geo-enabled microplanning 
handbook. 2023. https://​www.​digit​alhea​lthcoe.​org/_​files/​ugd/​55ae33_​
f3081​5f096​39437​586ef​8edd4​47535​4f.​pdf

	34.	 Pinchoff J, et al. Targeting indoor residual spraying for malaria using 
epidemiological data: a case study of the Zambia experience. Malar J. 
2016;15:11. https://​doi.​org/​10.​1186/​s12936-​015-​1073-9.

https://doi.org/10.2196/29759
https://doi.org/10.1016/j.epidem.2022.100641
https://doi.org/10.1016/j.epidem.2022.100641
https://doi.org/10.1016/j.vaccine.2019.12.002
https://doi.org/10.1016/S1473-3099(20)30859-8
https://doi.org/10.1016/S1473-3099(20)30859-8
https://doi.org/10.1093/infdis/jiu010
https://doi.org/10.1093/infdis/jiu010
https://doi.org/10.1093/infdis/jiv493
https://doi.org/10.1093/infdis/jiv493
https://doi.org/10.1017/dap.2023.12
https://doi.org/10.1503/cmaj.071783
https://doi.org/10.1016/j.vaccine.2022.02.035
https://doi.org/10.1016/j.vaccine.2022.02.035
https://doi.org/10.1186/s12913-021-06587-x
https://doi.org/10.1038/s43856-022-00183-8
https://doi.org/10.1038/s43856-022-00183-8
https://doi.org/10.4081/gh.2017.510
https://doi.org/10.1186/s12884-022-04998-0
https://doi.org/10.1186/s12884-022-04998-0
https://doi.org/10.1038/s43856-023-00372-z
https://doi.org/10.1038/s43856-023-00372-z
https://doi.org/10.1186/s12889-020-09486-8
https://doi.org/10.1038/s41467-019-09611-1
https://doi.org/10.1038/s41467-019-09611-1
https://doi.org/10.20944/preprints202410.0445.v1
https://doi.org/10.20944/preprints202410.0445.v1
https://doi.org/10.1186/s12942-018-0134-z
https://doi.org/10.1038/s41597-022-01307-4
https://doi.org/10.1038/s41597-022-01307-4
https://doi.org/10.5281/zenodo.7254221
https://doi.org/10.5281/zenodo.7254221
https://doi.org/10.2905/9F06F36F-4B11-47EC-ABB0-4F8B7B1D72EA
https://doi.org/10.2905/9F06F36F-4B11-47EC-ABB0-4F8B7B1D72EA
https://doi.org/10.1016/j.rse.2021.112877
https://doi.org/10.1080/23754931.2015.1014272
https://doi.org/10.1080/23754931.2015.1014272
https://doi.org/10.1038/sdata.2015.45
https://doi.org/10.1038/sdata.2015.45
https://doi.org/10.48550/arXiv.1712.05839
https://doi.org/10.48550/arXiv.1712.05839
https://doi.org/10.1016/j.compenvurbsys.2024.102104
https://www.digitalhealthcoe.org/_files/ugd/55ae33_f30815f09639437586ef8edd4475354f.pdf
https://www.digitalhealthcoe.org/_files/ugd/55ae33_f30815f09639437586ef8edd4475354f.pdf
https://doi.org/10.1186/s12936-015-1073-9


Page 18 of 19Chamberlain et al. International Journal of Health Geographics           (2025) 24:13 

	35.	 Kamanga A, et al. Open-source satellite enumeration to map households: 
planning and targeting indoor residual spraying for malaria. Malar J. 
2015;14:345. https://​doi.​org/​10.​1186/​s12936-​015-​0831-z.

	36.	 Martin A, Bwalya F, Pollard D et al. Use of a geo-enabled digital global 
good for microplanning and delivery of indoor residual spray (IRS) in 
Zambia: a case study, 2016–2020. 2024

	37.	 WHO. Global polio eradication initiative: best practices in microplanning 
for polio eradication. 2018. http://​polio​eradi​cation.​org/​wp-​conte​nt/​uploa​
ds/​2018/​12/​Best-​pract​ices-​in-​mirco​plann​ing-​for-​polio-​eradi​cation.​pdf

	38.	 WHO. Microplanning for immunization service delivery using the reach-
ing every district (RED) strategy. 2009. https://​www.​who.​int/​publi​catio​
ns/i/​item/​micro​plann​ing-​for-​immun​izati​on-​servi​ce-​deliv​ery-​using-​the-​
reach​ing-​every-​distr​ict-​(-​red)-​strat​egy

	39.	 Winters A, Riley C, Soobramoney L, Pollard D, Jere E, Bwalya F, Silumbe 
K, Hamainza B. Cost and cost effectiveness of geospatial planning and 
delivery tools added to standard health campaigns in Luapula Province. 
Zambia: Oxford Open Digital Health; 2024. https://​doi.​org/​10.​1093/​oodh/​
oqae0​40.

	40.	 Arambepola R, Yang Y, Hutchinson K, et al. Using geospatial models to 
map zero-dose children: factors associated with zero-dose vaccination 
status before and after a mass measles and rubella vaccination campaign 
in Southern province Zambia. BMJ Glob Health. 2021;6: e007479. https://​
doi.​org/​10.​1136/​bmjgh-​2021-​007479.

	41.	 WHO. Operational manual on indoor residual spraying: control of vectors 
of malaria, Aedes-borne diseases, chagas disease, leishmaniases and 
lymphatic filariasis. Geneva:World Health Organization. 2023. https://​iris.​
who.​int/​bitst​ream/​handle/​10665/​375978/​97892​40083​998-​eng.​pdf

	42.	 Hay SI, Sinka ME, Okara RM, Kabaria CW, Mbithi PM, Tago CC, Godfray HCJ. 
Developing global maps of the dominant anopheles vectors of human 
malaria. PLoS Med. 2010;7(2):e1000209. https://​doi.​org/​10.​1371/​journ​al.​
pmed.​10002​09.

	43.	 Reid H, Haque U, Clements AC, Tatem AJ, Vallely A, Ahmed SM, Haque R. 
Mapping malaria risk in Bangladesh using Bayesian geostatistical models. 
Am J Trop Med Hyg. 2010;83(4):861. https://​doi.​org/​10.​4269/​ajtmh.​2010.​
10-​0154.

	44.	 Gething PW, Patil AP, Smith DL, Guerra CA, Elyazar IR, Johnston GL, Hay SI. 
A new world malaria map: plasmodium falciparum endemicity in 2010. 
Malar J. 2011;10:1–16. https://​doi.​org/​10.​1186/​1475-​2875-​10-​378.

	45.	 Clements AC, Reid HL, Kelly GC, Hay SI. Further shrinking the malaria map: 
how can geospatial science help to achieve malaria elimination? Lancet 
Infect Dis. 2013;13(8):709–18. https://​doi.​org/​10.​1016/​S1473-​3099(13)​
70140-3.

	46.	 Bridges DJ, et al. Accuracy and impact of spatial aids based upon satellite 
enumeration to improve indoor residual spraying spatial coverage. Malar 
J. 2018;17:93. https://​doi.​org/​10.​1186/​s12936-​018-​2236-2.

	47.	 Borkovska O, et al. Developing high-resolution population and settle-
ment data for impactful malaria interventions in Zambia. J Environ Public 
Health. 2022. https://​doi.​org/​10.​1155/​2022/​29410​13.

	48.	 Kyomuhangi I, et al. Assessing national vector control micro-planning 
in Zambia using the 2021 malaria indicator survey. Malar J. 2023;22:365. 
https://​doi.​org/​10.​1186/​s12936-​023-​04807-9.

	49.	 World Health Organisation. High burden to high impact: a targeted 
malaria response. Geneva:World Health Organization. 2018. https://​www.​
who.​int/​publi​catio​ns/i/​item/​WHO-​CDS-​GMP-​2018.​25

	50.	 Gevaert CM, Buunk T, Van Den Homberg MJ. Auditing geospatial datasets 
for biases: using global building datasets for disaster risk management. 
IEEE J Select Top Appl Earth Obs Remote Sens. 2024. https://​doi.​org/​10.​
1109/​JSTARS.​2024.​34225​03.

	51.	 National Malaria Elimination Centre (NMEC). National malaria elimina-
tion strategic plan 2022–2026. Zambia:Lusaka. 2022. https://​stati​c1.​squar​
espace.​com/​static/​58d00​2f017​bffcf​99fe2​1889/t/​632a4​cb0fc​d87c1​3d016​
5372/​16637​16530​614/​ZNMESP+​2022+​to+​2026_​SIGNED+​120722.​pdf

	52.	 Center for International Earth Science Information Network (CIESIN), 
Columbia University; Flowminder Foundation; United Nations Population 
Fund (UNFPA); WorldPop, University of Southampton: Mapping and clas-
sifying settlement locations. Palisades: Georeferenced Infrastructure and 
Demographic Data for Development (GRID3). 2021. https://​doi.​org/​10.​
7916/​d8-​gzxf-​s834

	53.	 Jochem WC, Leasure DR, Pannell O, Chamberlain HR, Jones P, Tatem AJ. 
Classifying settlement types from multi-scale spatial patterns of building 

footprints. Environ Plan B: Urban Anal City Sci. 2021;48(5):1161–79. 
https://​doi.​org/​10.​1177/​23998​08320​921208.

	54.	 Sirko W, Kashubin S, Ritter M, Annkah A, Bouchareb YSE, Dauphin Y, Quinn 
J. Continental-scale building detection from high resolution satellite 
imagery. 2021. https://​doi.​org/​10.​48550/​arXiv.​2107.​12283

	55.	 Microsoft. Worldwide building footprints derived from satellite imagery 
(GitHub repository). 2022. https://​github.​com/​micro​soft/​Globa​lMLBu​ildin​
gFoot​prints [DATASET] Accessed 10 Jan 2023 and 1 Oct 2023

	56.	 Price R, Hallas M. Mapping every building and road in sub-Saharan Africa. 
In: AGU fall meeting abstracts. 2019. IN41A-02

	57.	 Li J, Huang X, Tu L, Zhang T, Wang L. A review of building detection from 
very high resolution optical remote sensing images. GISci Remote Sens. 
2022;59(1):1199–225. https://​doi.​org/​10.​1080/​15481​603.​2022.​21017​27.

	58.	 CIESIN and Novel-T: GRID3 Zambia settlement extents, Version 2.0, Center 
for International Earth Science Information Network (CIESIN), Columbia 
University and Novel-T. Palisades: Geo-Referenced Infrastructure and 
Demographic Data for Development (GRID3). 2023. https://​doi.​org/​10.​
7916/​wqmn-​f746

	59.	 Dijkstra L, Florczyk AJ, Freire S, Kemper T, Melchiorri M, Pesaresi M, 
Schiavina M. Applying the degree of urbanisation to the globe: a new 
harmonised definition reveals a different picture of global urbanisation. J 
Urban Econ. 2021;125: 103312. https://​doi.​org/​10.​1016/j.​jue.​2020.​103312.

	60.	 Rehman AM, Coleman M, Schwabe C, Baltazar G, Matias A, Roncon 
Gomes I, et al. How much does malaria vector control quality matter: the 
epidemiological impact of holed nets and inadequate indoor residual 
spraying. PLoS ONE. 2011;6(4): e19205. https://​doi.​org/​10.​1371/​journ​al.​
pone.​00192​05.

	61.	 World Health Organization. World malaria report 2023. World Health 
Organization. 2023. https://​www.​who.​int/​publi​catio​ns/i/​item/​97892​
40086​173

	62.	 Heris, MP, Foks, NL, Bagstad, KJ et al. A rasterized building footprint 
dataset for the United States.&nbsp;Sci Data. 2020;7,207. https://​doi.​org/​
10.​1038/​s41597-​020-​0542-3.

	63.	 Sirko W, Brempong EA, Marcos JT, Annkah A, Korme A, Hassen MA, Quinn 
J. High-resolution building and road detection from sentinel-2. 2023. 
arXiv:​2310.​11622.

	64.	 Metzger N, Daudt RC, Tuia D, Schindler K. High-resolution population 
maps derived from sentinel-1 and sentinel-2. Remote Sens Environ. 
2024;314: 114383. https://​doi.​org/​10.​1016/j.​rse.​2024.​114383.

	65.	 Frantz D, Schug F, Okujeni A, Navacchi C, Wagner W, van der Linden S, 
Hostert P. National-scale mapping of building height using sentinel-1 and 
sentinel-2 time series. Remote Sens Environ. 2021;252: 112128. https://​
doi.​org/​10.​1016/j.​rse.​2020.​112128.

	66.	 Palacios-Lopez D, Esch T, MacManus K, Marconcini M, Sorichetta A, Yet-
man G, Reinartz P. Towards an improved large-scale gridded population 
dataset: a pan-European study on the integration of 3D settlement data 
into population modelling. Remote Sens. 2022;14(2):325. https://​doi.​org/​
10.​3390/​rs140​20325.

	67.	 Mendes A, Palmer T, Berens A, Espey J, Price R, Mallya A, Kaplan B. 
Mapathons versus automated feature extraction: a comparative analysis 
for strengthening immunization microplanning. Int J Health Geograph. 
2021;20(1):27. https://​doi.​org/​10.​1186/​s12942-​021-​00277-x.

	68.	 Alexander C, McKay A, Bhatt K, da Costa Lourenço ALR, Kaplan B, Krishnan 
RSSG. Pre-trained regional models for extracting buildings from high 
resolution satellite imagery to support public health initiatives. Remote 
Sens Appl: Soc Environ. 2024. https://​doi.​org/​10.​1016/j.​rsase.​2024.​101270.

	69.	 Keating J, et al. Retrospective evaluation of the effectiveness of 
indoor residual spray with pirimiphos-methyl (actellic) on malaria 
transmission in Zambia. Malar J. 2021;20:173. https://​doi.​org/​10.​1186/​
s12936-​021-​03710-5.

	70.	 Ouédraogo AL, Zhang J, Tinto H, et al. A microplanning model to improve 
door-to-door health service delivery: the case of seasonal malaria 
chemoprevention in Sub-Saharan African villages. BMC Health Serv Res. 
2020;20:1128. https://​doi.​org/​10.​1186/​s12913-​020-​05972-2.

	71.	 National Malaria Elimination Centre (NMEC). National malaria elimina-
tion strategic plan 2017–2021. Zambia:Lusaka. 2017. https://​stati​c1.​squar​
espace.​com/​static/​58d00​2f017​bffcf​99fe2​1889/t/​5b28d​7f157​5d1ff​0942d​
bce1/​15294​03401​067/​Natio​nal+​Malar​ia+​Elimi​nation+​Strat​egic+​Plan+​
2017-​Final_​PRINT.​pdf

https://doi.org/10.1186/s12936-015-0831-z
http://polioeradication.org/wp-content/uploads/2018/12/Best-practices-in-mircoplanning-for-polio-eradication.pdf
http://polioeradication.org/wp-content/uploads/2018/12/Best-practices-in-mircoplanning-for-polio-eradication.pdf
https://www.who.int/publications/i/item/microplanning-for-immunization-service-delivery-using-the-reaching-every-district-(-red)-strategy
https://www.who.int/publications/i/item/microplanning-for-immunization-service-delivery-using-the-reaching-every-district-(-red)-strategy
https://www.who.int/publications/i/item/microplanning-for-immunization-service-delivery-using-the-reaching-every-district-(-red)-strategy
https://doi.org/10.1093/oodh/oqae040
https://doi.org/10.1093/oodh/oqae040
https://doi.org/10.1136/bmjgh-2021-007479
https://doi.org/10.1136/bmjgh-2021-007479
https://iris.who.int/bitstream/handle/10665/375978/9789240083998-eng.pdf
https://iris.who.int/bitstream/handle/10665/375978/9789240083998-eng.pdf
https://doi.org/10.1371/journal.pmed.1000209
https://doi.org/10.1371/journal.pmed.1000209
https://doi.org/10.4269/ajtmh.2010.10-0154
https://doi.org/10.4269/ajtmh.2010.10-0154
https://doi.org/10.1186/1475-2875-10-378
https://doi.org/10.1016/S1473-3099(13)70140-3
https://doi.org/10.1016/S1473-3099(13)70140-3
https://doi.org/10.1186/s12936-018-2236-2
https://doi.org/10.1155/2022/2941013
https://doi.org/10.1186/s12936-023-04807-9
https://www.who.int/publications/i/item/WHO-CDS-GMP-2018.25
https://www.who.int/publications/i/item/WHO-CDS-GMP-2018.25
https://doi.org/10.1109/JSTARS.2024.3422503
https://doi.org/10.1109/JSTARS.2024.3422503
https://static1.squarespace.com/static/58d002f017bffcf99fe21889/t/632a4cb0fcd87c13d0165372/1663716530614/ZNMESP+2022+to+2026_SIGNED+120722.pdf
https://static1.squarespace.com/static/58d002f017bffcf99fe21889/t/632a4cb0fcd87c13d0165372/1663716530614/ZNMESP+2022+to+2026_SIGNED+120722.pdf
https://static1.squarespace.com/static/58d002f017bffcf99fe21889/t/632a4cb0fcd87c13d0165372/1663716530614/ZNMESP+2022+to+2026_SIGNED+120722.pdf
https://doi.org/10.7916/d8-gzxf-s834
https://doi.org/10.7916/d8-gzxf-s834
https://doi.org/10.1177/2399808320921208
https://doi.org/10.48550/arXiv.2107.12283
https://github.com/microsoft/GlobalMLBuildingFootprints
https://github.com/microsoft/GlobalMLBuildingFootprints
https://doi.org/10.1080/15481603.2022.2101727
https://doi.org/10.7916/wqmn-f746
https://doi.org/10.7916/wqmn-f746
https://doi.org/10.1016/j.jue.2020.103312
https://doi.org/10.1371/journal.pone.0019205
https://doi.org/10.1371/journal.pone.0019205
https://www.who.int/publications/i/item/9789240086173
https://www.who.int/publications/i/item/9789240086173
https://doi.org/10.1038/s41597-020-0542-3
https://doi.org/10.1038/s41597-020-0542-3
http://arxiv.org/abs/2310.11622
https://doi.org/10.1016/j.rse.2024.114383
https://doi.org/10.1016/j.rse.2020.112128
https://doi.org/10.1016/j.rse.2020.112128
https://doi.org/10.3390/rs14020325
https://doi.org/10.3390/rs14020325
https://doi.org/10.1186/s12942-021-00277-x
https://doi.org/10.1016/j.rsase.2024.101270
https://doi.org/10.1186/s12936-021-03710-5
https://doi.org/10.1186/s12936-021-03710-5
https://doi.org/10.1186/s12913-020-05972-2
https://static1.squarespace.com/static/58d002f017bffcf99fe21889/t/5b28d7f1575d1ff0942dbce1/1529403401067/National+Malaria+Elimination+Strategic+Plan+2017-Final_PRINT.pdf
https://static1.squarespace.com/static/58d002f017bffcf99fe21889/t/5b28d7f1575d1ff0942dbce1/1529403401067/National+Malaria+Elimination+Strategic+Plan+2017-Final_PRINT.pdf
https://static1.squarespace.com/static/58d002f017bffcf99fe21889/t/5b28d7f1575d1ff0942dbce1/1529403401067/National+Malaria+Elimination+Strategic+Plan+2017-Final_PRINT.pdf
https://static1.squarespace.com/static/58d002f017bffcf99fe21889/t/5b28d7f1575d1ff0942dbce1/1529403401067/National+Malaria+Elimination+Strategic+Plan+2017-Final_PRINT.pdf


Page 19 of 19Chamberlain et al. International Journal of Health Geographics           (2025) 24:13 	

	72.	 Sturrock, et al. Predicting residential structures from open source 
remotely enumerated data using machine learning. PLoS ONE. 
2018;13(9): e0204399. https://​doi.​org/​10.​1371/​journ​al.​pone.​02043​99.

	73.	 Lloyd, et al. Using GIS and machine learning to classify residential status 
of urban buildings in low and middle income settings. Remote Sens. 
2020;12(23):3847. https://​doi.​org/​10.​3390/​rs122​33847.

Publisher’s Note
Springer Nature remains neutral with regard to jurisdictional claims in pub-
lished maps and institutional affiliations.

https://doi.org/10.1371/journal.pone.0204399
https://doi.org/10.3390/rs12233847

	Assessing the impact of building footprint dataset choice for health programme planning: a case study of indoor residual spraying (IRS) in Zambia
	Abstract 
	Background 
	Methods 
	Results 
	Conclusions 

	Background
	Methods
	Study setting
	Data
	Data processing
	Stratification of settlements
	Comparative analysis

	Results
	Discussion
	Relevance and practical implications of findings
	Recommendations
	Limitations

	Conclusions
	Acknowledgements
	References


