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A B S T R A C T   

The estimation of population denominators of internally displaced people (IDP) and other crisis-affected pop-
ulations is a foundational step that facilitates all humanitarian assistance. However, the humanitarian system 
remains somewhat tolerant of irregular and inaccurate estimates of population size and composition, particularly 
of IDPs. In this commentary, we review how humanitarian organizations currently approach the estimation of 
IDP populations, and how field approaches and analytical methodologies can be improved and integrated.   

The estimation of population denominators of crisis-affected pop-
ulations is a foundational step that facilitates all humanitarian assis-
tance. It is needed to assess the scale of the crisis and its resource needs, 
monitor the population’s health status, access to services, and risk of 
epidemics, and if disaggregated data is available, to identify subgroups 
at increased risk (Sphere 2018; Abdelmagid and Checchi, 2018). The 
term ‘crisis-affected’ refers to different types of populations, including 
residents, internally displaced persons (IDP), refugees, and returnees 
(Diggle et al., 2017). 

However, the humanitarian system remains somewhat tolerant of 
irregular and inaccurate estimates of population size and composition 
(Diggle et al., 2017; Checchi et al., 2017; André, 2020). Despite using 
standard approaches, humanitarian efforts to estimate IDP populations 
during recent large-scale displacements in Burkina Faso, Cameroon, 
Syria, and Yemen are likely affected by inaccuracies in population 
estimation (Diggle et al., 2017; André, 2020; Checchi and Koum Besson, 
2022). The impacts of this underestimation are varied and include the 
over- or under-estimation of population denominators and therefore 
inaccuracy in morbidity, mortality, and service coverage indicators that 
are used to facilitate vaccination campaigns, health service planning, 
and overall resource allocation (Diggle et al., 2017; Bowden et al., 
2012). Poor humanitarian access to populations may prevent efforts to 
collect population data (Diggle et al., 2017). Persistent insecurity may 
trigger repeated movements by IDP communities, which become 

difficult to measure (André, 2020). Needs assessments that are based on 
surveying these populations and their demographic groups may be 
biased by the inaccurate initial estimates. By the end of 2020, the United 
Nations High Commissioner for Refugees (UNHCR) estimated that 82.4 
million persons were forcibly displaced globally, 48 million of whom 
were IDPs (UNHCR 2021). This latter number falls somewhere between 
the populations of Spain and Kenya (Total population). This raises the 
question: how do governments and humanitarian organizations 
approach the estimation of IDPs, and how can the field approaches and 
analytical methodologies be improved? 

Estimating IDP populations in the acute phase of a crisis is particu-
larly challenging given that estimation needs to be equally dynamic and 
systematic to capture populations in flux (Abdelmagid and Checchi, 
2018; Checchi et al., 2017). Enumeration is done in a chaotic context, 
where insecurity can render data collection efforts risky and humani-
tarian access can be severely restricted, as recently seen in Northern 
Nigeria and Anglophone areas of Cameroon (André, 2020). IDPs may be 
displaced many times and may return to their place of origin, all within a 
short period. Further along the timeline of displacement, IDPs increas-
ingly take up residence in urban and peri-urban areas outside of camp 
settings where there may be more economic opportunities and a larger 
network of persons from their own communities (Spiegel et al., 2010). A 
cogent timeline for displacement may also be difficult to establish as 
different families may move according to different timelines, away from 
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the larger group. Similar to refugees fearing refoulement, IDPs may be 
concerned about retribution from host communities, and therefore 
willing to remain hidden, largely cutoff from humanitarian assistance, 
and effectively uncounted. 

Population estimation by actual enumeration of persons or structures 
is typically based on three field methods: an initial door-to-door census 
followed by population-based demographic surveillance (as the gold 
standard); field surveys of residential structures and estimation by mean 
household size; measurement of the spatial area and estimation by 
population density; and convenience-based methods, including the 
analysis of routine vaccination data, estimation based on age structure, 
and the use of key informants to estimate population sizes (Abdelmagid 
and Checchi, 2018; Checchi et al., 2017). Crude data is sometimes, but 
not always, disaggregated to reveal the basic demographic profile by age 
and sex. This helps to identify the relative burden of groups at risk, 
including children less than five years of age, women of reproductive age 
and elderly persons. Building on these field methods are 
remotely-applied approaches which incorporate statistical modeling of 
satellite imagery of residential structures or population density from 
remotely-sensed climate, illumination, and other land-use variables 
(Checchi and Koum Besson, 2022). Estimation of IDP population flow 
from one place to another and forecasting of IDP population sizes and 
destinations can also be done (Checchi and Koum Besson, 2022; Huynh 
and Basu, 2020). These efforts are reliant on the availability of repeated 
satellite images, expertise in statistics and modeling, and the benefit of 
the time needed to rigorously execute these analyses (Global Health 
Cluster 2018; Checchi et al., 2013). Critically, the quality of the fore-
casting efforts is reliant on the quality, completeness, and representa-
tiveness of the initial field data that is collected. This links data 
collection efforts directly to forecasting. And so, the time may be right 
for further research and validation of promising field-based, remo-
te-enhanced, and combined field and remote approaches that show 
potential for estimating IDP populations in a more dynamic and 
resource-saving manner (Franklinos et al., 2021; Ratnayake et al., 
2020). 

IDP population estimation will always be based on primary data 
collected from the population itself. Therefore, its major challenge is 
providing the logistical resources and humanitarian access to carry out 
repeated estimation at monthly or near-monthly frequency to capture 
changing displacement scenarios (Checchi et al., 2017). In the acute 
phase however, this means that estimates derived with traditional 
methods are quickly outdated by continuous population flux. This is 
typified by recent scenarios of large-scale forced migration to informal 
settlements in Afghanistan, around Bangui in Central African Republic, 
and southern Yemen. Rapid estimation in these contexts requires 
addressing both the dynamic nature of movement and conducting this 
estimation at a large enough geographical scale to be comprehensive (i. 
e., across several informal settlements). Where IDPs make up the ma-
jority of households, residential structure counting based on satellite 
imagery has been automated using machine learning methods with se-
rial, very high resolution (VHR) satellite images for structures in diverse 
locales including in Bangladesh, Jordan, Somalia, South Sudan, and 
Yemen (Global Health Cluster, 2018; Koum Besson et al., 2021; Quinn 
et al., 2018). Similarly, remote sensing based on modeling of population 
density build-up can be done efficiently based on freely-available (albeit 
annually-derived) maps from the WorldPop project (Tatem, 2017). 
These methods provide an estimate of the entire contiguous population 
that can be sensed through the map, unless VHR satellite imagery shows 
specific IDP camps, slums or informal settlements and the user knows 
the specific locations where IDPs have settled and timely information on 
the displacement events which have triggered new movements. 
Currently, the International Organization for Migration (IOM) operates 
the Displacement Tracking Matrix (DTM) program to track such events 
through key informants (International Organization for Migration IOM, 
2021). On the other hand, when equating IDP residence with actual 
visible residential structures, undercounting of persons in highly-dense 

residences, multi-story dwellings, dilapidated and temporary housing 
structures and of families that lack shelter remains an epidemiological 
concern. 

The use of call detail records to track movements of IDPs has also 
been attempted in several urban and peri‑urban humanitarian contexts 
where it is likely that IDPs own working mobile phones (Bharti et al., 
2015). Since its validation during the 2010 earthquake in Haiti 
(Bengtsson et al., 2011), it has been utilized to estimate IDP populations 
and IDP flows between locations in crises where data sharing agree-
ments with network operators had been setup prior, including in Côte 
d’Ivoire, Mozambique, and Nepal (Li et al., 2019). The availability of 
real time information on vulnerable populations to warring parties, and 
the underestimating population sizes based on inequitable mobile phone 
ownership by IDPs remain protection and epidemiological concerns, 
respectively (Princeton School of Public and International Affairs, 
2021). The proportion of IDP families with at least one working mobile 
phone is likely to vary greatly depending on the geographical setting and 
the level of penetration of mobile phones in that area. All told, estima-
tion based on the known proportion of IDPs with mobile phones could be 
a promising means of collecting routine population data. 

Key challenges to these remote methods using satellite imagery or 
call detail records include the procurement of timely and inexpensive 
serial satellite images of local areas (i.e., towns and cities) that are 
sufficiently high-resolution to visualize residential structures and in 
developing agreements for call detail records with network operators. 
One promising development are open datasets such as Open Buildings, 
which aims to map building footprints and may be freely-available 
(https://sites.research.google/open-buildings/) or obtained at cost. 
Similar mapping of building footprints has been used to estimate pop-
ulations in 100 m grid cells in the Democratric Republic of the Congo 
(DRC) (Boo et al., 2022; Ecopia, 2022). In some settings like 
post-Hurricane Maria in Puerto Rico, Venezuela, and currently in 
Ukraine, Facebook’s Disaster Maps project and/or its marketing data has 
been used to provide aggregated and deidentified data on the scale and 
movement of users within the affected areas (Maas et al., 2019; Acosta 
et al., 2020; Palotti et al., 2020; Leasure et al., 2022). Building on this, 
there is a central need to proactively combine accurate, and systematic 
field-based estimation efforts with automation, that is the judicious use 
of machine learning methods for repetitive counting tasks. As with any 
statistical estimation method, there is also a need to incorporate mea-
sures of statistical uncertainty, and to posit relatively narrow lower and 
upper bounds for population sizes, instead of a single static estimate, or 
widely-bounded estimates (that are therefore less operationally usable). 

An ensuing but no less important challenge is for the estimation of an 
effectively hidden IDP population in non-contiguous areas. This is a 
common scenario wherein IDPs are nested within host populations, as 
has been seen in Syria, South Sudan, and the DRC (Spiegel et al., 2010). 
Community-based demographic surveillance is often used to map and 
estimate IDP populations in small and medium sized communities 
(Ratnayake et al., 2020; Baaees et al., 2021). In a population-based 
household survey among hidden Syrian refugee households in urban 
Jordan, a local network of community health workers (CHW) was used 
to facilitate refugees to self-identify their household and their neighbors 
for the purpose of a refugee-specific health assessment (Ratnayake et al., 
2020). Here, a geographic information system was used to overlay a grid 
of the city and probabilistic sampling of grid cells was used to provide a 
starting point for the Syrian CHWs to create a snowball sampling 
network of refugee households in each grid cell. In certain contexts 
where communities deem this interaction acceptable, this method could 
be extended to IDPs to self-identify local networks of households 
exhaustively and rapidly. It is conceivable that estimates from CHWs 
could also be routinely compared to other estimates derived from 
routine program data, in a capture-recapture estimation of the modeled 
population size (Abdul-Quader et al., 2014). The main challenge for 
community-based demographic surveillance is developing simple and 
sustainable data collection systems which can support weekly data 
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collection and supervision, verification of data, and routine analysis 
(Ratnayake et al., 2020). Simple systems for field procedures and su-
pervision from the Health and Demographic Surveillance Site (HDSS) 
network could be elaborated to support CHWs in estimating IDP pop-
ulations (Cunningham et al., 2019). A better understanding of the per-
spectives and incentives for displaced individuals to be counted needs 
consideration. They may equate enumeration with identification by 
national authorities; this then requires assurance to the community that 
the act of population estimation by CHWs is done in aggregate and is not 
connected to registration of individuals and households. This type of 
social enquiry does not need to be reinvented; efforts are underway to 
merge traditional epidemiological methods for outbreak with social 
science enquiry in real-time (Carter et al., 2021). This aligned approach 
could also apply to population estimation to understand drivers and 
barriers to being counted. 

The approaches discussed here require further conceptualization and 
validation using epidemiological, demographic, and social science 
methods. A promising area of research and learning is the integration of 
well-organized field estimation together with statistical modeling to fill 
the gaps in estimation in inaccessible areas or to predict movements 
using individual-based mathematical modeling (Checchi and Koum 
Besson, 2022; Suleimenova et al., 2017). More broadly, IDPs present as a 
highly vulnerable group and better collection of related data could 
compromise their protection, given the risk of misuse by actors to 
identify their locations and vulnerabilities, and the ever-present risk of 
data breaches. The leak of UNHCR’s biometric registration data of 
Rohingya refugees is a natural extension of what could happen with such 
data (Human Rights, 2021). Alternatively, the very existence of IDP 
population data may be denied by some governments. Who has access to 
fine-level IDP data and how it can be harnessed operationally and for 
advocacy on behalf of the needs of the population remain key questions. 
International standards for preserving the confidentiality of IDP and 
refugee data exist and should be extended to any new and innovative 
data collection and analyses (Expert Group on Refugee and Internally 
Displaced Persons Statistics, 2018a, 2018b). This includes anonymizing 
the data through removal of names (de-identification), releasing only 
aggregated data, and enacting legal and administrative steps that 
regulate the confidentiality and sharing of data (Expert Group on 
Refugee and Internally Displaced Persons Statistics, 2018a, 2018b). 
Finally, a commitment to the real-time estimation of IDP population 
sizes and displacement flows would lead to a more accurate picture of 
need for humanitarian assistance. Operational agencies and academic 
partners can leverage these novel methods to find logistical arrange-
ments which are effective for rapid estimation at the level of a crisis. As 
well, how expertise is resourced at the local and regional level should be 
debated across agencies (Spiegel, 2007). While UNHCR carries the re-
sponsibility for estimating forcible displacement under their mandate, 
IOM, and OCHA should continue to develop the human resource infra-
structure to oversee estimation of IDPs at the level of the crisis, and 
nongovernmental and civil society organizations should be provided a 
clear role in community-facing data collection (Franklinos et al., 2021). 
Above all, humanitarian actors should advocate for resources to 
routinely estimate IDP population sizes as it remains the very basis for 
all humanitarian assistance. 
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