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Globally, there are 40 million internally displaced people (IDPs) and 25.4
million refugees as of 2018. Of this global refugee population, 19.9 million are under
mandate by UNHCR, the United Nations Refugee Agency, while 5.4 million
Palestinian refugees are protected by United Nations Relief and Works Agency for
Palestine Refugees in the Near East (UNRWA). An additional 3.1 million people are
asylum seekers. For the refugee population whose accommodation type is known,
over a third are living in settlements managed and planned by UNHCR. Since 2015,
Uganda has welcomed a massive influx of over 700,000 refugees from South Sudan,
Democratic Republic of the Congo, Burundi, and other East African nations, and
currently hosts over 1.2 million refugees with 92% of that population living in
UNHCR managed settlements. Progressive refugee policies in Uganda have led to the
establishment of a network of rural UNHCR-managed settlements to host the rapid
influx of refugees. Despite these settlements being essential spaces for physical
protection and humanitarian aid distribution and reception, the sheer rate of
population influx and settlement growth introduces uncertainties around sustainable
site planning, aid delivery, food security constraints, and environmental change. For
the vast majority of settlements, refugee communities, aid agencies, and host country
governments do not have accurate information on settlement establishment, land use

conversions, settlement growth, structural densification, and broadscale changes in
spatial arrangement and land cover over time. Collectively, the absence of this
information yields a knowledge gap around refugee settlement typologies that would
benefit settlement-level decision making and also support systematic comparison
between physical settlements and refugee settlement processes. The goal of this thesis
is to characterize the spatial and temporal patterns of refugee settlement establishment
and growth by using Landsat satellite imagery and an automated disturbance
detection approach with the case study of the Pagirinya Refugee Settlement in
Northern Uganda, settled in mid-2016. The findings of this thesis suggest that the
Pagirinya Refugee Settlement was established very quickly (within one month) with
first road delineation followed by rapid onset of built-up area, which is then followed
by the conversion of natural grassland to small-scale agriculture approximately six
months later. The method yields an exceptionally high accuracy of 87.5% for
detecting land cover disturbances associated with settlement land use, with a median
3.5 month temporal lag in identifying the timing of establishment and growth. This
proof of concept paves the way for developing a near real-time establishment and
growth monitoring tool, which can aid in refugee response and evaluation efforts.

©Copyright by Hannah Friedrich
June 14, 2019
All Rights Reserved

Breaking Ground: Automating the Detection of Refugee Settlement Establishment
and Growth through Landsat Time Series Analysis with a Case Study in
Northern Uganda
by
Hannah Friedrich

A THESIS
submitted to
Oregon State University

in partial fulfillment of
the requirements for the
degree of
Master of Science

Presented June 14, 2019
Commencement June 2020

Master of Science thesis of Hannah Friedrich presented on June 14, 2019

APPROVED:

Major Professor, representing Geography

Dean of the College of Earth, Ocean, and Atmospheric Sciences

Dean of the Graduate School

I understand that my thesis will become part of the permanent collection of Oregon
State University libraries. My signature below authorizes release of my thesis to any
reader upon request.

Hannah Friedrich, Author

ACKNOWLEDGEMENTS
Principally, thank you to my advisor, Jamon Van Den Hoek. You have been
instrumental in my growth as a researcher and Geographer. I am especially grateful
for your patience, and the generous time you have devoted to my learning. Your
dedication to pushing frontiers with earth observation of people and environment is
truly inspiring, and I feel extremely honored to be a collaborator of yours. I am so
glad Rich put us in touch.
Thank you to my cohort and fellow Geography graduate students – especially
Paulo, Ben, and Alex S - you have been incredible resources, whose positive and
hardworking spirit has made my Master’s experience so much more enjoyable and
fun. Thank you for all the coding help, trail runs, and Strand Hall conversations. I’m
so excited to see what you all will do with Geography.
To my kick-ass female scientist roommates Anna and Julia, your camaraderie
has been a bright light. Along with Freddie, you two have made my time in Corvallis
so much richer.
Thank you also to my oldest friend, Emiliana. Your friendship, humor and
advice has been boundless and grounding. It’s wonderful to have a friend like you.
Lastly, thank you to my parents, who have been incredible advocates for my
education. Your love is unmatched. Thank you for all you have done, and I love you
to the moon and back.

CONTRIBUTION OF AUTHORS
Dr. Jamon Van Den Hoek was involved in the design and interpretation of findings.
He contributed to the revision process of the manuscript.

TABLE OF CONTENTS
Page
Chapter 1. Introduction…………………………………………………………………………... 1
1.1 The Global Refugee Crisis …………………………………………………........................... 1
1.2 Refugee Population in Uganda ………………………………………………….................... 4
1.3 Uganda Refugee Policy and Response …………………………………………….………... 5
1.4 The Uganda Refugee Settlement Experience ……………………………………………….. 6
1.5 A Remote Sensing Typology of Refugee Settlement Establishment and Growth ……..……..7
1.6 References ………………………………………………………………………………….. 12
Chapter 2. Refugee Settlement Establishment and Growth ……………………………………. 13
2.1 Introduction ………………………………………………………………………………… 13
2.2 Background …………………………………………………………………….................... 15
2.2.1 Pagirinya Refugee Settlement Study Area ………………………………………. 15
2.2.2 Remote Sensing Land Cover Disturbance Detection ……………………………. 18
2.2.2.1 Overview of land cover disturbance ………………………………….... 18
2.2.2.2 BFAST algorithm ……………………………………………………… 20
2.3 Methods ……………………………………………………………………………...……... 21
2.3.1 Data Collection …………………………………………………………………... 23
2.3.1.1 Settlement Boundary Data……...………………………………………. 23
2.3.1.2 Landsat Time Series Processing ……………………………………….. 23
2.3.1.3 Spectral Indices Generation..…………………………………………… 23
2.3.2 Spectral Index Evaluation ………………………………………………………... 24
2.3.3 K-Means Delineation of Settlement/Non-Settlement Pixels ….…………………. 28

TABLE OF CONTENTS (Continued)
Page
2.3.4 BFAST Training and Testing Data Collection..………………………………….. 30
2.3.5 BFAST Parameterization and Disturbance Detection ……...…………………..... 33
2.3.6 BFAST Accuracy Assessment …………………………………………………… 35
2.4 Results ………………………………………………………………………….................... 36
2.4.1 Spatial Distribution and Accuracy of Disturbance…………...…………………... 36
2.4.2 Temporal Distribution and Accuracy of Disturbance ..……….…………………. 39
2.4.3 Spectral Distribution and Accuracy of Disturbance..…………………………….. 46
2.5 Discussion ……………………………………………………………………...................... 48
2.5.1 Interpretation of BFAST Outputs …………………………………....................... 48
2.5.2 Improvements to BFAST Parameterization and Disturbance Detection .………... 49
2.5.3 Remote Sensing Insights Into Settlement and Development Dynamics……..…… 51
2.5.4 Contribution to Settlement Monitoring Efforts …………………………………... 53
2.5.5 Challenges with Case Study of Pagirinya Settlement ……………………………. 55
2.6 Conclusion …………………………………………………………………......................... 57
2.7 References ……………………………………………………………………...................... 59
Chapter 3. Conclusion ………………………………………………………………………….. 62
3.1 Broad Implications …………………………………………………………………………. 62
3.2 Future Work ………………………………………………………………………………... 63
3.3 References ………………………………………………………………………………….. 66
Appendix I: Chapter 2 – Linear and Harmonic Model Results ………………………………... 67

LIST OF FIGURES
Figure

Page

Chapter 1
1.1 Total Refugee Population in Uganda from 1961 to 2017 ………………………………….... 4
1.2 Map of Refugee Settlements in Uganda and Northwestern Uganda ………………………... 6
1.3 Reception Centre Buildings at Pagirinya Refugee Settlement in Northern Uganda……........ 8
Chapter 2
2.1 Map of CCI Sentinel-2 20m Land Cover for Pagirinya and Adjumani District.................... 16
2.2 Pagirinya Refugee Settlement Site Map ……………………...………………..................... 17
2.3 BFAST Example …………………………………………………………………………… 21
2.4 Methods Flowchart ………………………………………………………………………… 22
2.5 August 11, 2016 Image Panel …………………………………………….………………... 24
2.6 Mean NDVI, NDBI, and NBR for Crop Calendar Seasons for 2016 …..………………….. 25
2.7 Mean NDVI for Crop Calendar Seasons in 2015, 2016, and 2017 ………………..……….. 26
2.8 Metrics of Spectral Indices ………………………………………………………………… 27
2.9 K-means Processing Images ………………………………………………….……………. 29
2.10 Map of Settlement and Non-Settlement Training and Testing Points ……..……………... 30
2.11 Frames from Sentinel-2 Video Time Series ………………………......…………………... 31
2.12 BFAST Parameterization Example …………………………………………..…………… 34
2.13 Disturbed Pixels by Month of Change for 2016, 2017 and 2018…………….…………… 37
2.14 Binomial Logistic Regression (probability = 0.5) for Magnitude of Change Threshold..... 38
2.15 Temporal Offset of Settlement Test Validated Date and BFAST Disturbed Date ....…….. 41
2.16 Distribution of Breakpoints Days Offset from Visually-Validated Date of Disturbance…. 41

LIST OF FIGURES (Continued)
Figure

Page

2.17 Map of Temporal Offset ………………………………………………………………….. 42
2.18 Monthly Distribution of Disturbance and Cumulative Area ……..…………………….…. 43
2.19 2016 Breakpoint Change Months for Settlement Test Points ………………………….…. 45
2.20 2017 Breakpoint Change Months for Settlement Test Points ………………..…………… 45
2.21 Magnitude of Change for Breakpoint Pixels Greater Than Threshold……………………. 47
2.22 Magnitude of Change for Settlement Testing Points ..……………………………………. 47
2.23 Typical and Atypical BFAST Time Series ……………………………………………….. 56

LIST OF TABLES
Table

Page

Chapter 2
2.1 Bimodal Crop Calendar for Uganda ……………………………………..…………..…….. 16
2.2 BFAST Parameters …………………………………………………………..…………….. 21
2.3 Rankings of Spectral Indices by Metric …………………………………............................. 28
2.4 Training Data Properties …………………………………………………………………… 32
2.5 Confusion Matrix of BFAST Settlement Disturbance Detection …………………………... 39

LIST OF APPENDIX FIGURES
Figure

Page

1.1 Settlement Temporal Offset ………………………………………………………………... 67
1.2 Non-Settlement 2016-2018 Temporal Offsets ……………………………………………... 67
1.3 Settlement Temporal Offset Distribution…..……………………………………………….. 68
1.4 Disturbance Change Month for 2016 ………………………………………………………. 68
1.5 Distribution of 2016 Monthly Disturbance within Settlement Cluster …………………….. 69
1.6 Distribution of 2016 Monthly Disturbance within Non-Settlement Cluster ……………….. 69

1
1. Introduction
1.1 The Global Refugee Crisis
Globally, there are 40 million internally displaced people (IDPs) and 25.4 million refuges
as of 2018. Of this global refugee population, 19.9 million are under mandate by the UN High
Commission for Refugees (UNHCR) while 5.4 million Palestinian refugees are protected by
United Nations Relief and Works Agency for Palestine Refugees in the Near East (UNRWA).
An additional 3.1 million people are asylum seekers. Refugees under UNHCR mandate refers to
anyone who is,
“… owing to well-founded fear of being persecuted for reasons of race, religion,
nationality, membership of a particular social group or political opinion, is outside the
country of his nationality and is unable or, owing to such fear, is unwilling to avail
himself of the protection of that country; or who, not having a nationality and being
outside the country of his former habitual residence as a result of such events, is unable
or, owing to such fear, is unwilling to return to it (UNHCR, 2011)”
Displaced due to conflict, violence, persecution, or human rights violations, refugees constitute
an extremely vulnerable population (UNHCR, 2018a). The conditions under which a refugee
may migrate across a state border are myriad and complex (Castles, 2013), including personal
protection and security, economic opportunity, existence of a social network in the destination,
or access to services like humanitarian food aid, education, or healthcare which are not easily
accessible in the country of origin (UNHCR, 2018a). Globally, refugees mainly originate from
and settle in less developed nations with 57% of the refugee population in 2017 originating from
three countries: 2.4 million from South Sudan, 2.6 million from Afghanistan, and 6.3 million
from Syria (UNHCR, 2019a). In 2017, 85% of the world’s refugee population were hosted in
developing countries with one third of refugees being hosted in the least developed countries
(UNHCR, 2018a). Since 2010, the global refugee population has nearly doubled to over 25
million people, which is the highest known total to date (UNHCR, 2018a). The rising global
refugee population is a sobering reality which presents grand challenges for the humanitarian and
development communities, as well as host countries and communities who are facing similar
challenges related to access to food, health care, protective services and educational
opportunities as the refugee populations who seek asylum or resettlement nearby (UNHCR,
2018d).
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Within the UNHCR Framework for Durable Solutions for Refugees and Peoples of
Concern (UNHCR, 2003), there are three durable solutions to refugee resettlement: voluntary
repatriation to the country of origin, local integration within the country of asylum, or
resettlement to a third country. Lasting or ongoing security threats in the country of origin often
makes it unsafe for refugees to return home for years on end, if at all, resulting in the reintegration of refugees in the country of origin being the least successful or viable solution.
Indeed, in 2017, there were a total of 4.4 million newly displaced refugees and asylum seekers,
but only 667,400 refugees (approximately 4%) that had returned to their country of origin
(UNHCR, 2018a). Resettlement to a third country was introduced as a mechanism for sharing the
economic burden sustained by the host country. Globally, resettlement remains more the
exception than the rule as a possible solution as it is often expensive for the country of asylum to
resettle refugees in third countries. Due to the limitations associated with both repatriation and
third-country resettlement, refugees therefore often settle in the country of asylum for prolonged
time periods and reach varying degrees of local integration depending on the host country’s
refugee policies and regulations. With either no possibility for applying for citizenship due to
strenuous or strict naturalization processes, local integration is the most widely adopted solution,
but the particulars of accommodation type and geography, as well as refugee and host
community relations varies by host country.
Because of the economic, political and logistical challenges associated with
naturalization in the country of asylum or resettlement in a third country (UNHCR, 2018a), 13.4
million refugees remain in asylum for years on end within a protracted refugee situation, defined
as a situation in which 25,000 or more refugees from the same nationality remain in exile for five
consecutive years or more in a given country. In protracted refugee situations, durable solutions
like returning to country of origin, integrating within the host country, or resettling in a third
country are not realistic or probable. Often protracted refugee situations extend far beyond the
five consecutive years included in the definition, and may last for generations. These prolonged
refugee scenarios present a suite of challenges for both host countries and humanitarian aid
groups to provide sustained and tenable aid in the form of safe and secure housing, food, health
and psychological services, financial support, and access to education and legal employment
opportunities (UNHCR, 2018a).
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Given the high proportion of protracted refugees whose only option is to remain in the
country of asylum, local integration is most widely adopted solution via self-settlement in an
independent, private accommodation or within a supported UNHCR settlement. Providing
shelter to refugees in the form of planned or managed settlement is one of UNHCR’s main
responsibilities in responding to asylum seeking populations. While 61.4% of the global refugee
population lives in private, individual, and often urban accommodations in 2017, the percentage
of refugees living in planned or managed settlements continues to rise, increasing from 25.4% to
29.5% between 2015 and 2017 (UNHCR, 2018a).
UNHCR-planned or managed settlements have played a critical role in providing shelter,
protection, and distribution of aid to refugees in the country of asylum. Despite there being
extensive national and sometimes settlement-level information on refugee dynamics and
demographics, there currently exists a gap in understanding fundamental processes of refugee
settlement establishment, occupation, and growth over time. While UNHCR settlement level site
reports are produced on an annual scale, these provide only snapshots of settlement level
population statistics, and do not speak to the settlement’s growth since the last report or
following the settlement’s initial establishment. Given the rise in the population of refugees
living in UNHCR settlements, it is critical to understand the dynamics of settlement
establishment and how settlements grow in spatial extent or density over time with the growing
settlement population.
Having early information on settlement-level needs in the form of additional shelter, food
aid, or energy demands can also lead to improved settlement response and planning. Similarly,
evaluating land cover and use changes that occur within and surrounding refugee settlements as
they are established and grow is necessary to assessing agricultural production yields or the
potential for livestock over-grazing, deforestation in response to fuelwood energy demands, and
other environmental risks that may be posed with the establishment and growth of refugee
settlements. Understanding settlement land use dynamics like agricultural establishment,
production, pre- and post-harvest trends is also useful for characterizing access to fresh and
nutritional food within the settlement, and is a proxy indicator for food security at the settlement
level.
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1.2 Refugee Population in Uganda
Uganda has the largest refugee population in Africa (1.2 million people) and the second
highest displaced population in the world (1.4 million) (UNHCR, 2018a). UNHCR provides
shelter in the form of planned and managed settlements to approximately 92% of the refugee
population in Uganda. The remaining 8% of refugees self-settle in Kampala, the capital of
Uganda (UNHCR, 2019a). Between 1959 and 1964, nearly half of Rwandans that fled the
country sought refuge in Uganda. Following initial settlement in UNHCR managed settlements,
many Rwandans left the settlements and integrated into local society in Uganda. Continuing to
keep its doors open, Uganda’s refugee population remained stable and increased following the
Rwandan genocide, which ushered in over 100,000 additional refugees in the early to mid-1990s.
In 2006, Uganda hosted 140,000 refugees and today it hosts over 1.2 million refugees in 25
settlements in 12 districts across Uganda (UNDP, 2017). Following an outbreak of violent
conflict in Juba, South Sudan, in 2016, nearly 500,000 South Sudanese refugees sought refuge to
the south in Uganda. The following year, escalated intrastate conflict in Democratic Republic of
the Congo (DRC), displaced 86,000 Congolese refugees to Uganda (UNHCR, 2018d). These
recently arrived refugee populations join refugees from Burundi, Ethiopia, Eritrea, Rwanda, and
Sudan among others. Eighty percent of the refugee population in Uganda are women and
children under the age of eighteen. Separate from refugees who cross the border seeking refuge
in Uganda, Ugandan IDPs are displaced throughout the country, but mainly reside in districts in
the northern Uganda.

Figure 1.1 Total Refugee Population in Uganda from 1961 to 2017
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1.3 Uganda Refugee Policy and Response
Since achieving independence in 1962, Uganda has been hosting refugees and asylum
seekers displaced by violent conflict, persecution, and social and economic oppression. The
country’s progressive refugee laws and policies have become globally accepted and praised as
the model for offering refugee asylum and protection. The humanitarian response coordination
structure in Uganda has been co-led by Ugandan Government’s Office of the Prime Minister
(OPM) and UNHCR. As a party to the 1951 Refugee Convention and 1967 Protocol, Uganda has
since adopted more liberal refugee polices and welcomed larger refugee populations. To address
the increased refugee dependence on humanitarian assistance and costs sustained by host
communities, UNHCR and the Government of Uganda (GoU) developed a new strategy in the
late 1990s called the Self-Reliance Strategy (SRS). The SRS embraces opportunities for
development that accompany the integration of refuges into host communities and was aimed at
enabling and improving refugee resilience. A critical implementation with the SRS is the
allocation of land for agricultural cultivation by refugees. Following the roll-out of the SRS, the
2006 Refugee Act and the 2010 Refugees Regulation lowered restrictions on refugee movement,
which led to more economic and education opportunities for refugees outside of the settlement,
expanded refugee rights to work and ability to travel and be mobile outside of the settlement.
The 2019-2020 Refugee Response Plan (RRP) is now the main planning effort underway in
Uganda, which is tackling improvements in protection, education, energy and environment, food
security, health and nutrition, livelihood resilience, shelter and WASH (UNHCR, 2019a).
As the Uganda model continues to be lauded for the country’s handling of emergency
response regarding the influx of refugee populations, it has also received criticism for the
implementation and follow through with refugee strategies and policies. According to the 2018
joint inter-agency Multi-Sector Needs Assessment (MSNA), which was prepared in order to
outline the objectives of the RRP, there exists a major knowledge gap of agroforestry practices as
only 33% of refugees have received sufficient training in good agricultural practices (GPA)
(UNHCR, 2018b). As the SRS relies on productive and reliable agricultural yields as a means to
lessen food aid distribution, a lack of agricultural training or inputs, or poor yields leaves high
risk for emergency food coping mechanisms (FEWS NET, 2019). Because humanitarian aid is
still distributed at settlement level, durable solutions contrary to protracted settlement or
‘encampment’ are often left unexplored (Kaiser, 2018). Issues with misguided frameworks for
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livelihood resilience, like poor implementation of agriculture as a self-reliance strategery only
exacerbates the dependence on humanitarian aid. While these policy improvements have lasting
impacts on refugee livelihoods and resilience as refugees are given more autonomy, there are
also shortcomings that have resulted that have led to significant consequences.
1.4 The Uganda Refugee Settlement Experience
The typical experience of an asylum-seeking individual becoming a recognized and
registered refugee living in a settlement in Uganda consists of an entry phase at the reception
center, a settlement phase, and finally an integration phase. There are numerous border crossing
points along the northern border of Uganda with South Sudan, the eastern border with DRC, as
well as crossing points on the southern border with Rwanda and Tanzania. Upon crossing the
border, UNHCR-led reception assistance transfers refugees to reception centers or collection
points located near the border and within close proximity to refugee settlements. Depending on
the inflow population, a refugee will typically spend one to a few days in the reception center,
where official registration and an official health screening occurs for all individuals and the
distribution of non-food items (NFI). Once registration is complete, refugees are again
transferred to the settlement in which they will officially register and have access to shelter and
livelihood provisions. The settlement phase includes a subsequent processing at the settlement
level reception center in which family units or small groups are allocated a 30 square meter plot
of land for residential and agricultural use. This settlement phase is followed by the integration
phase in which registered refugees may access various services such as healthcare, water,
education, agricultural extension, and security and protection (UNDP, 2017).

Figure 1.2 Map of Refugee Settlements in Uganda and Northwestern Uganda
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In Uganda, the majority of those who choose to opt out of the UNHCR settlement
system, or self-settled refugees, live in the capital, Kampala, with the remaining refugee
population living in UNHCR-managed settlements in rather isolated, rural areas. Due to
protracted nature of the refugee situation of the majority refugees in Uganda, UNHCR
settlements transcend any notion of a ‘camp’ as land is converted to grow food, markets become
established as the population engaged with local economy outside of the settlement, and various
services are brought into the settlement via aid distribution or peri-settlement marketplaces. In
June 2017, 1.1 million of the 1.36 million refugees in Uganda were receiving food assistance in
refugee settlements (WFP, 2017).
Relatedly, there is a variety of challenges that UNHCR-managed settlements face in
supporting refugee populations. Based on UNHCR led focus group discussions with refugees
and host communities conducted between August 2017 and May 2018 and in May 2018 with
refugees, gaps and challenges associated with livelihoods in Pagirinya Refugee Settlement were
identified. These are related to education, health services, food security, and WASH. Specifically
in relation to education gaps, schools located outside the settlement require students to walk long
distances, which further limits opportunities to bolster self-reliance (UNHCR, 2018c). Additional
uncertainties related to unpredictable crop yields for refugees maintaining agriculture within the
settlement, leads to an increased reliance on humanitarian aid distribution. With gaps in
humanitarian aid, refugees may turn to emergency food coping strategies like rationing supplies
and seeking alternative livelihood strategies outside of the camp (WFP, 2019 and FEWS NET,
2019).
1.5 A Remote Sensing Typology of Refugee Settlement Establishment and Growth
Before a UNHCR-managed refugee settlement is opened in Uganda, negotiations take
place between the Office of the Prime Minister (OPM), UNHCR, and local communities in
locations where the settlement is planned to be located, and a georeferenced settlement boundary
is delineated (UNHCR, 2018a). Led by the Ministry of Lands, Housing and Urban Development
(MLHUD) and OPM with involvement of Sub-Country Area Land Committees (ALCs), detailed
plot mapping within this boundary takes place as a means to produce survey plans that are in
accordance with local development plans. These survey plans may undergo subsequent redesign
given concerns over land use sustainability, conservation of environmentally sensitive areas, and
livelihood resilience for the refugee population and host population (UNHCR, 2019a).
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While Uganda’s refugee policy on entering and leaving UNHCR settlements has become
more liberal following the 2006 Refugee Act, the official settlement boundary mainly serves to
formalize access to certain services and benefits associated with being registered within a given
settlement. However, as there is no physical infrastructure delineating the settlement boundary,
land cover changes directly associated with the refugee settlement may occur surrounding as
well as within the official settlement boundary. These spillover land cover changes may be in
form of agriculture on land outside of the settlement which is leased to refugee by local Ugandan
land owners, or the establishment of market place at the border of the settlement to spur
economic and trade activity.
In a UNHCR-managed settlement, preceding arrival of refugee populations, the
establishment of a road network is the first land cover conversion that indicates the pending
establishment of a settlement. Soon after the delineation of the road network, natural vegetation
is cleared in preparation for construction of the reception center and aid distribution centers.
Reception centers are typically the largest visible structure in a settlement (see Figure 1.3).
Smaller structures like individual dwellings follow and are clustered in ‘blocks’ according to
UNHCR site planning maps. Depending on the season, agricultural cultivation may also soon
follow. While there may be ongoing agricultural production and cultivation by host communities
near settlements, there is no preemptive planting on behalf of UNHCR or the other involved site
planning actors before refugees arrive on site.

Figure 1.3. Reception Centre Buildings at Pagirinya Refugee Settlement in Northern
Uganda
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Generally, relations between refugees and nearby host communities following settlement
establishment are civil and communal as they interface at market places, within schools, and
through agricultural practices outside of the settlement boundary. In the case of Pagirinya
Refugee Settlement in Northern Uganda, according to the Pagirinya June 2018 UNHCR
Settlement Fact Sheet,
“There is a peaceful coexistence between refugees and the host community. South
Sudanese refugees and Ugandans are sharing resources. Ugandans allow refugees to use
their land; in some cases it is being rented at an amount affordable to the refugee
households and in other cases it is offered without compensation. In instances of discord
between the communities, local councils from villages have helped acting as mediators in
the disputes” (UNHCR, 2018c).
This settlement level description is helpful in contextualizing how land cover changes within as
well as outside of the settlement boundary can influence livelihood resilience, and can act as key
indicators of adaptability to food insecurity as a result of land exhausted for additional
agriculture inputs within the settlement boundary.
There may be multiple complex spatio-temporal patterns and processes of settlement
establishment and growth that deviate from the typical characterization of settlement
establishment and growth as described above. Even amongst refugee settlements in Uganda,
refugee settlement are extremely dynamic spaces where multiple land cover and land use
changes occur in a range of trajectories and temporalities. Refugee settlements can be partitioned
spaces of pre-existing communities or, upon establishment, may break new ground with the
conversion of natural vegetation to built-up area, bare ground, agriculture or plantation. They can
be densely arranged and managed in blocks along a spatially organized road network or grid, or
positioned sparsely in clusters of individual structures. Refugee settlements can sustain
populations for generations or ephemerally host temporary populations, and at some point may
even be abandoned or subsumed within other communities. Refugee settlements may vary in
how they expand across the landscape, subsume incoming populations and continue to host
populations for months, years, or generations. This range in settlement spatiality of arrangement
as well as temporality of establishment and growth presents challenges in addressing the
appropriate spatial and temporal scales in order to evaluate and compare these processes. As
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discussed in the following chapter, remote sensing time series analysis is well poised to meet
these challenges by identifying settlement establishment and monitoring settlement growth.
A formalized typology for capturing this dynamism is presented here as a means to
classify the guiding spatial and temporal patterns and processes that distinguish refugee
settlements from one another. First, the designation of a settlement as a UNHCR-planned or
managed or self-settled unplanned/informal implies not only a dichotomy in spatial arrangement,
but also a differentiation in access to services and allocation of land for agricultural purposes,
which can be effectively be measured with satellite imagery to detect a spatial organization.
Most UNHCR-managed camps are spatially organized along a road grid, which partitions the
settlement into blocks, which are very similar in design to urban city blocks. This block-level
spatial arrangement is typical of UNHCR managed settlements in Uganda.
The next tier of the typology is the settlement spatiality in the form of spatial pattern of
individual structures, and settlement level density and contiguity/cohesion. The spatial pattern of
structures is implicated in the density of the settlement. Depending on the spatial resolution of
the satellite imagery, the spatial pattern of structures as either regular or clustered. The density of
settlement establishment and growth can be measured by remote sensing with the magnitude of
change in the spectral response following settlement establishment as well as the percentage of
mixed pixels. Large magnitudes of change in spectral response imply denser, more compact
settlements. Small magnitudes of change imply more dispersed settlement patterns. Finally,
spatial contiguity or cohesion of settlement growth can be measured as the distribution of the
patch size of the settlement. Using magnitudes of change and patch level distributions derived
from remote sensing detection of settlement can therefore characterize a settlement level
spatiality.
The temporality of settlement establishment and growth can also be characterized by
remote sensing. The duration of settlement establishment and growth may be acute and occur
over a matter of weeks or months, or be prolonged and occur over a series of months or years.
Related to the temporality of these process, is the persistence of the settlement following its
establishment. Related to the rate of these processes, the periodicity of establishment or growth
can also be characterized as linear or cyclical. As measured with remote sensing time series, a
linear process would consist of settlement establishment, growth and subsequent stagnation of
growth which occurs in an isolated period of time with no periods of interrupted stoppages of
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growth. Cyclical establishment and growth on the other hand could entail a seasonal growth
pattern.
Thematic considerations such as land cover land cover conversions are particularly useful
for understanding environmental and livelihood risks that accompany settlement establishment
and growth. By accounting for seasonal changes in magnitudes changes of spectral response of
vegetation as well as trends in post conversion spectral response, land cover changes from
natural vegetation to agriculture or grassland to exposed bare ground as a result of livestock
grazing can be evaluated with remote sensing time series. Situating land cover conversions that
accompany the establishment and growth a refugee settlement is extremely relevant to evaluating
the effectiveness of refugee policies which support self-reliant livelihood mechanisms, as well as
for evaluating how local environmental change supports or hinders livelihood resilience.
Using this typology of refugee settlement establishment and growth, the next chapter
presents a fully automated approach to characterize refugee settlement dynamics through a
remote sensing time series analysis. In doing so, this research uses the full Landsat 5, 7 and 8
time image record at the location of Pagirinya Refugee Settlement in Northern Uganda in order
to conduct a settlement disturbance detection model with the goal of identifying the
establishment and growth of the settlement. The Landsat imagery record is well poised to study
settlement growth as it offers systematic collection of 30-meter resolution multi-spectral imagery
for the entire study period of 2005-2018. Utilizing a time series video of true-color 10-meter
resolution of Sentinel-2 imagery from 2015-2018 at the study area, training data are collected in
order to parameterize the model and evaluate its spatial, temporal, and thematic effectiveness of
capturing settlement establishment and growth. The findings of this approach are then situated
within the delineated typology in order to begin assessing how remote sensing time series can be
leveraged to characterize settlement as a spatial-temporal pattern and process.
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2. Refugee Settlement Establishment and Growth
2.1 Introduction
The recent influx of refugees from South Sudan, the Democratic Republic of the Congo,
and Burundi has increased the refugee population in Uganda almost two-fold since 2012
(UNHCR, 2019a). Every day, an additional 200 refugees cross the border into Uganda seeking
asylum. There are over twenty-five UNHCR-managed refugee settlements in Uganda which host
approximately 92% of the 1.2 million refugees who have sought asylum in Uganda. The majority
of these settlements are in rural, rather isolated districts in Northern and Western Uganda. While
refugees have access to food aid, health and education services, and are free to move in and out
of the settlements under Uganda’s Self-Reliance Strategy (SRS), the massive inflow of refugees
in recent years has strained aid distribution, and specifically food production within settlements
(UNHCR, 2019b). This increased demand has led to the establishment of new settlements,
additional settlement growth in existing settlements and with poor agricultural yields, food crisis
adaptation and coping mechanisms (WFP, 2017 and FEWS NET, 2019).
Analyzing the establishment and growth of refugee settlements over time is critical for
understanding local needs, opportunities, and challenges for supporting displaced populations.
For example, understanding the range and processes of land covers changes that accompany the
establishment of a settlement like agriculture and forest cover change is important for assessing
food security and availability of fuel wood. Therefore, analyzing the spatial, temporal, and
thematic trends a landscape undergoes during the transition to a settlement therefore informs
how a landscape supports a population. The spatio-temporal and thematic extent of settlement
variation since its initiation is also fundamental to challenging how these settlements can be
better organized to support future displaced populations.
Numerous peer-reviewed articles employ satellite imagery analysis and remote sensing
methods for examining settlement and location information of informal settlements. Often these
methods rely on high resolution commercial imagery (Giada et al., 2003), use standardized land
cover classification in order to identify settlement built-up area (Bjorgo, 2000), or use before and
after “snapshots” to narrate settlement growth (Lang et al., 2010). Previous studies that have
used satellite imagery to capture settlement establishment with bi- or tri-temporal changes
detection fail to capture the sub-annual, seasonal, or monthly nuances of land cover transitions
with regards to spatial extent and temporality. Due to the relatively fast rate of settlement
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establishment, which can be attributed to the rapid need to quickly accommodate incoming and
arriving populations, these studies fail to present a methodology which accurately capture the
high temporal resolution of settlement evolution over time. While some studies are focused on
the establishment of individual structures, these methods are prohibitive in applying to other or
additional sites as they require large inputs of training data or commercial high spatial resolution
imagery. Finally, there are thematic limitations associated with these studies as they are only
focused on built-up area conversion and do not provide a comprehensive summary of the
multiple land cover conversions taking place as a settlement becomes established and grows.
Because of these limitations and gaps with these previous studies, there remains a gap in
the existing literature for using satellite image time series to rigorously monitor the establishment
of settlement with accompanying land cover changes, which can inform and compliment
humanitarian efforts to gauge and improve refugee response efforts. As a large and growing
global population resides in informal settlements whose land cover ‘life history’ is not
considered or studied, this research presents an approach which automates the detection of
settlement establishment and growth in order for the approach to be scaled to other settlement
locations to assess establishment and growth of settlements over time.
This research uses a satellite image time series disturbance detection algorithm (Breaks
For Additive Season and Trend, BFAST) to document settlement establishment and growth over
2016-2018 using a case study of Pagirinya Refugee Settlement in Northern Uganda, which was
established by UNHCR in July 2016. By drawing on Breaks For Additive Seasonal and Trend
(BFAST), this research seeks to identify the timing and magnitude of abrupt land cover
conversions associated with settlement establishment, which include the conversion of natural
vegetation to built-up area and conversion of natural vegetation to agriculture. The driving
strength of this methodology, which counteracts the limitations of past studies, is the near-real
time monitoring with BFAST which can ingest the full Landsat archive from 2005-2018 to
therefore capture sub-annual and monthly estimates of settlement growth. With the goal of
developing a fully automated approach for informal settlement detection and monitoring, this
study has the following objectives:
1. Measure the spatial and temporal distribution of land cover disturbance associated with
refugee settlement establishment and growth
2. Characterize the spectral changes associated with the different land cover conversions
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2.2 Background
2.2.1 Pagirinya Refugee Settlement Study Area
Situated in Adjumani District in Northern Uganda, Pagirinya Refugee Settlement is one
of the most recently established UNHCR-managed refugee settlements in Uganda. With over
170,000 Ugandans and over 236,000 refugees living in Adjumani District, refugees settled in
Pagirinya Refugee Settlement account for 9% of the total population living in Adjumani District.
Pagirinya is located approximately 15 km south of the Uganda border with South Sudan, is
bordered by Ayugi River to the East and Nyeguy River to the West, and the elevation ranges
from 650-714 meters. There is a road that runs East-West on the southern edge of the settlement,
which connects Pagirinya to the nearby towns of Zapi, Ataki, and Adjumani. According to the
2016 Climate Change Initiative (CCI) Sentinel-2 20-m Africa 2016 land cover product, the
majority of the land cover at Pagirinya in 2016 is tree cover, shrubland, grassland, and crop land
(see Figure 2.1). Interestingly, while Pagirinya was established in mid-2016, no indication of
built-up area is included at the location of the settlement. The average annual precipitation at this
location is 27°C / 81° F and the average annual precipitation is 1295 mm (as derived from the
50-km scale precipitation, minimum temperature, and maximum temperature MERRA-2 data
products).
Crops typically grown in Northern Uganda are maize, sorghum, peanuts. In Uganda,
there are two crop calendars; one is for the Karamoja region in North-eastern Uganda and the
bimodal crop calendar is for the rest of the country. The seasonal crop calendar for Uganda not
within the Karamoja region entails a first rainy season in March – June during which planting
and weeding is occurring, the first season harvest in June – July, a second rainy season from
August – November during which land preparation, planning, and weeding occurs followed by
the second season harvest in November – December and land preparation, dry sowing in
January- February before the next cycle of the first rainy season (see Table 2.1). Within
Pagirinya Settlement, specific crops grown include maize, cassava and green vegetables
(O’Hagan, 2016).
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Figure 2.1. Map of CCI Sentinel-2 20m Land Cover for Pagirinya and Adjumani District
Months
January – February
March – June
June – July
August – November
November – December

Crop Season
Land preparation, dry sowing
First rainy season (planting, weeding)
First season harvest
Second rainy season (planting, weeding)
Second season harvest

Table 2.1 Bimodal Crop Calendar for Uganda (FEWS NET, 2019)
Pagirinya is an ideal study area to evaluate the effectiveness of an automated
disturbance-detection approach for several reasons. Pagirinya exemplifies a medium-sized,
spatially cohesive settlement with dwellings and infrastructure that expanded rapidly after
establishment. The settlement was opened by UNHCR in July 2016 to respond to the high inflow
of South Sudanese refugees that were displaced due to conflict in Juba in mid-2016. Unlike other
settlements where the settlement boundary may contain relatively less built-up area in
comparison to non-agricultural vegetation, the land cover within Pagirinya’s boundary is mostly
built-up and clearly visible in moderate resolution satellite imagery like Sentinel-2 or Landsat.
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There is a variety of building features and mixed land uses within the settlement to support the
refugee population (Figure 2.2). In addition to the two reception centers and distribution center,
which are typical features of a refugee settlement that help with processing newly arriving
refugees, there are numerous large buildings surrounding the reception centers. Since Pagirinya
has stopped accepting new arrivals in early 2018, it is unclear what these buildings are being
used for or how they have been repurposed to support alterative needs within the settlement.

Figure 2.2 Pagirinya Refugee Settlement Site Map
(with base image from July 14, 2018 from PlanetScope)
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According to UNHCR site maps, there is a variety of services that exist within the
settlement such as primary and nursery schools, childcare and “child friendly spaces” or
playgrounds, an orphanage, health centers, community centers and various water, sanitation and
hygiene (WASH) points including water tap, water hand pump, motorized borehole, water
points, water tank, and latrines (UNHCR, 2018). Within the northern part of the settlement is a
forested area. Along the south-eastern and south-western corners of Pagirinya are marketplaces.
While these marketplaces are outside of the settlement boundary, because of the refugee policies
in Uganda about traveling outside of the settlements, it is assumed that refugees may frequent
these market locales for selling and purchasing of food and other non-food items. The distinct
blocks in Pagirinya Refugee Settlement are about 30 square meters, with about 100 individual
plots in each 300 square meter block. Presumably, these individual plots are the 30 square meter
plots that are allocated in family units or small groups. The blocks that first become established
are in the Southeastern portion of the settlement, which extend diagonally to the northwest
portion of the settlement boundary. A mosaic of agriculture is evident to the south-east edge of
the settlement. The road connecting Pagirinya to nearby towns is visible in the south-west corner.
2.2.2

Remote Sensing Land Cover Disturbance Detection

2.2.2.1 Overview of land cover disturbance
Remotely sensed dense time series imagery is a prime medium for conducting
disturbance detection analysis in order to monitor changes in land covers and conditions over
time. This research presents the first effort to document the timing and magnitude in change of
settlement expansion and growth by conceiving of settlement establishment and growth as a
disturbance event and process, respectively. Just as clear cutting or a burn event can be
positioned as disturbance events, the onset and establishment of settlement in the form of builtup area can be posited as a disturbance event, whose intervention on the landscape can be clearly
identified with changes in spectral indices over time. While some disturbance detection analyses
are focused on long term changes in condition over time such as forest thinning, forest
degradation, desertification or drought related vegetation loss, this disturbance detection analysis
is strictly focused on state changes – changes from one land cover to another, specifically the
conversion from natural vegetation to built-up or agriculture associated with settlement land use.
Currently, there is a suite of time series disturbance detection algorithms that exist such
as LandTrendr (Kennedy et al., 2010), Vegetation Change Tracker (VCT; Huang et al., 2010),
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Continuous Change Detection and Classification (CCDC; Zhu and Woodcock, 2014), BFAST
(Verbesselt et al., 2010a, b), and Noise Insensitive Trajectory Algorithm (NITA; Alonzo et al.,
2016). While monitoring changes in forest state and condition has been the dominate application
in studies which have implemented time series disturbance detection, these algorithms have also
been applied broadly to land cover change detection. Many of these disturbance detection
algorithms require extensive training data sets or model optimization which can be time and
labor intensive. Unlike other time series analyses that require supervised inputs, BFAST
approaches an unsupervised classification, with very little a priori knowledge of when a
disturbance occurs. This is particularly relevant for the purpose of identifying settlement
establishment as a disturbance because of the lack of geographically consistent and
comprehensive data regarding dates of informal settlement establishment. Because the ultimate
goal with this analysis is formulate a scalable methodology that that can successfully identify
dates of settlement disturbance at other geographic locations and regardless of the season in
which the settlement was established, BFAST’s near unsupervised approach is particularly
attractive.
While other change detection time series algorithms provide annual estimates of
disturbance, BFAST provides estimates of sub-annual disturbances because the whole satellite
image record can be utilized. Given how rapid a refugee settlement can be established along with
the growth in spatial extent of the settlement to accommodate incoming large populations,
modeling disturbances on a sub-annual scale with BFAST is promising for identifying near realtime estimates of settlement establishment. BFAST is also lauded for is ability to detect
disturbances for study areas with persistent cloud cover as the algorithm is able to take the entire
time series of the satellite record. While persistent cloud cover is not an acute issue with this
study area, leveraging a change detection algorithm that is able to hand irregular data is useful
for scaling this method up to other study areas were persistent cloud cover is problematic for
conducting disturbance detection with other change detection algorithms. These qualities plus
BFAST’s ability to monitor linear as well as seasonal components of a time series make it
effective for monitoring the establishment and growth of a settlement in a grassland savannah
ecosystem.
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2.2.2.2 BFAST algorithm
BFAST performs iterative decomposition to partition a remote sensing time series into
trend, seasonal, and remainder components in which the linear trend accounts for long term
browning or greening events, and the seasonal component accounts for inter-annual phenological
cycles (Verbesselt et. al., 2010a and 2010b). By accounting for linear and seasonal trends,
BFAST can therefore detect both long term and seasonally abrupt changes, or disturbances.
When performing disturbance detection for a study area with high seasonal variation (multiple
rainy seasons for example) which has undergone slow onset climatic changes like drought,
accounting for both the trend as well as seasonal variation in performing disturbance detection is
extremely important in accurately detecting the spatial and temporal signatures of a disturbance
event.
Multiple years are needed in order to identify a stable history in which the seasonal and
trend components of the time series can be modeled (Figure 2.3). By default, BFAST uses a
reverse ordered CUSUM (ROC), or reverse ordered cumulative sum model to work backwards in
time from the user defined start of the monitoring period to fit a model to the stable history in the
time series. As a result of the stable historical model being fit based on ROC, not all of the time
series in the historical period may be included in the stable history. For example, perhaps a
change in state or condition occurred sometime in the pre-monitoring period. The ROC model
would fit a stable history back only until this historical change event. After the fitted model is
created for the stable historical period, the fitted model is then projected into the user defined
monitoring period. Significant deviations or residuals in the monitoring period from the
projected model are then identified as breakpoints. These breakpoints or structural breaks in the
time series are assigned if the absolute value of the residual is greater than the boundary that is
asymptotically only exceeded with a 5% probability under structural stability (Verbesselt et al.,
2012). The date of the image associated with the breakpoint is considered the date of disturbance
for that pixel. Regardless of a breakpoint identified or not, the median of the residuals in the
monitoring period is the magnitude of change on a pixel basis. Various parameters including the
formula used to fit the model to the historical time series, the h value, order of the seasonal
harmonic, method for estimating stable historical period, and start and end date of the monitoring
period are defined by the user (Table 2.2). Different combinations of these parameters will yield
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different breakpoints, so it is important to perform BFAST on a pixel level to choose optimized
parameters before applying BFAST with the optimized parameters to the image stack.

Figure 2.3 BFAST Example
Parameter Value
formula
trend,
response ~ harmon,
response ~
trend+harmon
h
0, 0.25, 0.5, 1

order
history

start
monend

Description
Fit model on linear trend,
Fit model on seasonal harmonic, or
Fit model on both linear trend and seasonal
harmonic
Fraction of the total length of time series equal
to the number of observations used to fit the
linear model for each segment if there are
multiple breakpoints
1, 2, 3, etc.
Order of seasonal harmonic
ROC (default), BP, all Specify how stable history period estimated
using ROC (reverse ordered cumulative sum),
BP (Bai and Perron breakpoint estimation), or
all (entirety of historical time series before start
date)
date
Start of monitoring period
date
End of monitoring period (if not defined, the
rest of time series after start date is included)
Table 2.2 BFAST Parameters

2.3 Methods
This research is entirely conducted with open source imagery, data and processing tools.
The methodology of this research entails a procedure of image time series processing, training
data collection, BFAST model optimization and processing, and finally an accuracy assessment
in order evaluate the model output (see Figure 2.4). First, data collection entails taking the
Pagirinya Settlement boundary as a means to filter the Landsat 5, 7, and 8 archives to the spatial
location of Pagirinya within the dates of 2005-2018. This generates an image stack of the time
series and a dates vector, with each image’s date represented in the image stack as a date in the
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vector. Various spectral indices are applied to the image stack, and based on a series of
qualitative and quantitively metrics, a final spectral index is chosen in order to proceed with the
analysis. Next, in order to delineate the study area into training data, a k-means clustering is
applied to a 2018 image quality mosaic based on the spectral index chosen in the previous step.
With this step, a settlement and non-settlement cluster are delineated from the quality mosaic
input. With the settlement and non-settlement clusters, training data is randomly stratified into
10% training and 90% testing for the both settlement and non-settlement cluster training sets.
With the training portion for both the settlement and non-settlements datasets, BFAST model
parametrization is conducted in order to assess appropriate parameters for the BFAST settlement
disturbance detection model. Next, the BFAST disturbance detection is run on the image time
series, with the dates vector, and the parameters that were decided upon in the parametrization.
The disturbance detection yields a raster of the date of disturbance if detected in the time series
as well as the magnitude of change. Finally, an accuracy assessment is undertaken as a means to
evaluate the effectiveness of BFAST in identifying settlement as a disturbance.

Figure 2.4 Methods Flowchart
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2.3.1

Data Collection

2.3.1.1 Settlement Boundary Data
Refugee settlement boundary data was created by UNHCR and the Uganda Office of
Prime Minister (OPM) through field data collection. The georeferenced boundary data were
collated by the Uganda Humanitarian OpenStreetMap (HOT) team and is 725 ha in extent. These
data were then made available through Overpass Turbo, a web-based tool for mining
OpenStreetMap data via an API.
2.3.1.2 Landsat Time Series Processing
The full time series of 351 surface reflectance-corrected Landsat 5 TM (14 images),
Landsat 7 ETM+ (218 images), and Landsat 8 OLI (119 images) data from 2005-2018 were
accessed through Google Earth Engine. These imagery were broadly cloud-free with 70-77%
clear observations across the entire time series. The Landsat 5 ETM and Landsat 7 ETM+ data
were atmospherically corrected using LEDAPS with a per-pixel saturation mask accounting for
cloud, shadow, water, and snow produced using the CFMASK. The Landsat 8 OLI imagery
products were atmospherically corrected using LaSRC with a per-pixel saturation mask
accounting for cloud, shadow, water, and snow produced using CFMASK. Cloud masking was
performed, cross-sensor calibration was conducted following Roy et al. (2016), and all images
were clipped by a 0.5 km bounded buffer around the Pagirinya Refugee Settlement boundary.
2.3.1.3 Spectral Indices Generation
The Landsat time series was processed to Normalized Difference Vegetation Index
(NDVI), the Normalized Burn Ratio (NBR), and the Normalized Difference Bare Index (NDBI)
spectral metrics. Each of these indices is useful for detecting settlement establishment and
growth in different but complementary ways. NDVI (equation 1) is widely used for monitoring
photosynthetic activity (Tucker, 1979), NDBI (equation 2) is used for monitoring built-up area
(Zha et al., 2003), and NBR (equation 3) is used for monitoring fire disturbances (Key and
Benson, 2006) that were evident in the video time series.
NDVI = (nir - red) / (nir + red)

(1)

NDBI = (swir1 - nir) / (swir1 + nir)

(2)

NBR = (nir - swir2) / (nir + swir2)

(3)
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2.3.2

Spectral Index Evaluation
Since each index is sensitive to detecting changes in vegetation, built-up, and burned

areas associated with agricultural or settlement expansion, we compared the values of these three
spectral indices qualitatively and quantitatively to determine the most effective index for
monitoring settlement establishment and growth over time. For the qualitative visual inspection,
image visualizations were created in order to evaluate the separability of settlement from nearby
land cover on a daily, seasonal and yearly basis. These visualizations entail a clear sky Sentinel-2
image from August 11, 2016 which represent settlement post-establishment conditions for each
index (Figure 2.5), seasonal composites of the Landsat time series temporally averaged
according to the crop calendar for all three indices (Figure 2.6), and yearly seasonal composites
for NDVI of the Landsat time series (Figure 2.7).
In Figure 2.5, which shows NDVI, NDBI and NBR for the Sentinel-2 images on August
11, 2016, settlement is clearly evident in the three spectral indices. In the NDVI image (Figure
2.5, left), settlement has a smaller spectral value than that of the surrounding grassland. The
lower spectral value with the settlement makes sense as there is less photosynthetic activity in
the built-up area compared to the natural grassland outside of the settlement. In the NDBI image
(Figure 2.5, center), settlement has a higher spectral value than that of the surrounding grassland,
which also falls in line with what we would expect given that NDBI is aimed at identifying builtup and impervious surfaces. Finally, in the NBR image (Figure 2.5, right), settlement also has a
lower spectral signature than the surrounding grassland area, but appears to have high variability
amongst the settlement pixels. Because the goal of qualitative visual inspection is to identify an
index with high visual separability and low variability in a single land cover, this is an indication
that NBR may not be the best choice of spectral index.

Figure 2.5 August 11, 2016 Image Panel (NDVI (left), NDBI (center), and NBR (right)
of Sentinel-2 image of Pagirinya Refugee Settlement from August 11, 2016)
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In Figure 2.6, the seasonal variation across the three indices suggests NDVI may
demonstrate the highest separability of settlement from the surrounding land covers. With NDVI
(Figure 2.6, top row), there are clear visible changes over the seasonal averages. Settlement
features such as roadways and dwellings are clearly identifiable during the rainy season through
the first harvest. Vegetation patches within the settlement boundary are also visible, suggesting
that NDVI is suitable for capturing the complex land covers within the settlement boundary,
including built-up infrastructure, natural vegetation, and agriculture. NDBI, on the other hand, is
not as effective for delineating these features from the second rainy season going into the second
harvest season. Similarly, for NBR, the settlement area in the second harvest season composite
map looks very similar to pre-settlement conditions during land preparation, which may
confusion between built-up area and dry season vegetation following settlement establishment.

Figure 2.6 Mean NDVI, NDBI, and NBR for Crop Calendar Seasons for 2016 (with
Pagirinya settlement boundary as black outline)
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In order to further visually assess the seasonal composites for NDVI, Figure 2.7
visualizes the seasonal composites for NDVI for 2016, 2017 and 2018. This visualization
demonstrates that settlement as registered with NDVI continues to be visually evident following
its establishment in 2016. While settlement appears very similar to the spectral values in the
2017 land preparation composite (Figure 2.7, bottom-left map), settlement appears more evident
going into the first rainy season, and continues to persist visually throughout the rest of 2017.
This temporal persistence of settlement as captured with NDVI therefore suggests that based on
the visual qualitative inspection of the three indices, that NDVI is the best suited for capturing
settlement establishment and growth.

Figure 2.7 Mean NDVI for Crop Calendar Seasons in 2015, 2016, and 2017
(with Pagirinya settlement boundary as black outline)

27
In addition to the visual comparison, several metrics were used to assess which spectral
index was most effective for identifying the timing and location of settlement-related
disturbances: (1) high mean value to support separability between settlement, agriculture, and
natural vegetation (2) small standard deviation over time series, and (3) low coefficient of
variation. Similar to Viña et al.’s (2011) approach for evaluating spectral indices, the summary
statistics of mean, standard deviation, and coefficient of variation were evaluated for each
spectral index to determine which index demonstrated the highest signal and lowest variability.
To compare the indices, one hundred points were randomly sampled within the Pagirinya
Settlement boundary and were used to sample the data distribution of the three spectral indices.
The time series for the three spectral indices was extracted for each of the 100 points. With the
sampled data for each of the three indices, the mean, standard deviation, and the coefficient of
variation was calculated and visualized (see Figure 2.8). Based on the distribution of the mean,
standard deviation, and the coefficient of variation, the spectral indices were ranked according to
the largest mean, smallest standard deviation, and the smallest coefficient of variation (see Table
2.3). Given that the sampled data for NDVI has the largest mean, second lowest standard
deviation followed closely behind NDBI, by far the lowest coefficient of variation, and as
corroborated with the visual qualitative inspection, NDVI was chosen as the spectral metric.

Figure 2.8 Metrics of Spectral Indices
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Largest
Mean

Smallest
Standard
Deviation

Lowest
Coefficient
of Variation

NDVI

1

2

1

NDBI

3

1

2

NBR

2

3

3

Table 2.3 Rankings of Spectral Indices by Metric
2.3.3

K-means Delineation of Settlement/Non-Settlement Pixels
For this analysis, settlement is defined as a land cover which encompasses both built-up

area in the form of roads, structures or exposed bare ground, as well as agriculture. To delineate
settlement from non-settlement land, the non-parametric K-means classifier was applied to
satellite imagery post-establishment in order to delineate a settlement cluster that represents the
cumulative disturbances within the settlement boundary. The k-means delineation also stratifies
the dataset into settlement and non-settlement pixels, which are used in the accuracy assessment
for disturbed and non-disturbed pixels, respectively. For input to the K-means classifier, an
NDVI quality mosaic image was produced by taking the cloud masked, cross-calibrated Landsat
image stack temporally filtered from January 1, 2018 to December 31, 2018 and spatially filtered
to the study area. On a pixel-by-pixel basis, the quality mosaic takes the pixel with the highest
NDVI across the time series. The k-means parameters for clustering the settlement and nonsettlement entailed two classes, 5000 pixels inputted as the training data which were sampled
from the quality mosaic image, 10 iterations of refining the cluster, and a random value seed to
randomize where the clustering begins.
With the result of the k-means clustering, spatial morphologic process was conducted in
order to refine the settlement cluster and remove standalone settlement clustered pixels. To do
so, dilation and erosion morphological filters using a square kernel with a radius of 1 were
applied to the k-means to group nearby pixels or clusters belonging to their respective settlement
or non-settlement clusters. The resulting settlement and non-settlement clusters are spatially
contiguous except for a few small clusters belonging to the non-settlement cluster within the
contiguous settlement cluster. The motivation for performing the dilation and erosion with a
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focal maximum and minimum is to not only to reduce the amount of standalone pixels, but also
to create a more cohesive settlement boundary inclusive of built-up and cleared or bare areas for
roads, agriculture, and mixed pixels. The resulting settlement cluster is therefore representative
of the built-up area and agriculture pixels that comprise the refugee settlement within the
boundary and any spillover of settlement or agriculture outside the boundary.

Figure 2.9 K-means Processing Images
(Greyscale of NDVI band (top-left) and true color (top-right) of Quality Mosaic based
on NDVI band from 2018, map of K-means clusters with settlement cluster (blue) and
non-settlement cluster (black) (bottom-left) and after applying the spatial morphology
dilation and erosion processing with settlement cluster (blue) and non-settlement cluster
(black) (bottom-right))
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2.3.4

BFAST Training and Testing Data Collection
Training data were needed to parameterize the BFAST model, and testing data were

needed to assess the accuracy of BFAST disturbance output. For both the k-means settlement
and non-settlement clusters, 100 points were randomly stratified across each cluster, with a total
of 200 points for the entire study area. A random sample of 10% of each cluster’s sample points
were used for training with the remining 90% used for testing, yielding 8 and 92 points for
training and testing, respectively, BFAST within the settlement cluster and 10 and 90 training
points for the non-settlement cluster (see Figure 2.10).

Figure 2.10 Map of Settlement and Non-Settlement Training and Testing Points
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To assign a potential date of disturbance for each training and testing point, a video time
series of 10 meter resolution Sentinel-2 true-color imagery was created in Google Earth Engine
for the study area for 2016-2018, the time period in which disturbances are monitored with
BFAST. The Sentinel-2 video time series provided a visually informative arc of settlement
establishment, growth and change in density of settlement over time, as well as to aid in
understanding the process and patterns of seasonal changes in the first rainy season, the first
harvest season, the second rainy season, the second harvest season, and land preparation and dry
sowing before the first rainy season again (see Figure 2.11). Having this animated time series of
the phenology for the study area also aided in appropriately indicating if a point was disturbed at
some period in time or was simply undergoing dry season browning, which would not be
considered a disturbance in the context of identifying settlement establishment. The date of the
Sentinel-2 images are annotated within the video frame as to aid in attributing training data with
dates of disturbance. The time series video can be viewed here.

Figure 2.11 Frames from Sentinel-2 Video Time Series
(July 22, 2016 (left), August 18, 2016, (center) and December 29, 2016 (right))
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Based on visual interpretation of the Sentinel-2 time series video, all training and testing
points for both the settlement and non-settlement clusters where attributed with the following
properties: a date of disturbance, the land cover type before the perceived disturbance, the land
cover type after the disturbance process concluded, and a “confidence” score categorically
assigned based on the timing, spatial accuracy, and type of the disturbance (see Table 2.4). When
identifying the date of disturbance, the date of the first video frame when a land cover change is
visually identified as a conversion from natural vegetation to built-up area or agriculture for a
given training point, is the date of disturbance associated with that training point. As for
attributing the land cover before and after a disturbance, if there was green vegetation during the
rainy seasons and no clear clearing, burning or establishment of settlement or agriculture, no
disturbance assigned to that point. These non-disturbances may have undergone dry season
browning, but this was not considered a disturbance within the framework of identifying
settlement as a disturbance. If there was a clear visual conversion from either rainy season green
vegetation or dry season brown vegetation to settlement built-up area, agriculture, clearing or
burning these points were indicated as disturbed, and the date that this conversion was first
evident was recorded as the date of disturbance. If a point did not undergo a visible disturbance
from 2016-2018, the date of disturbance was labeled as not-applicable (“NA”) and the land cover
before and land cover after class was the same; most often, non-disturbance points were natural
vegetation that were not converted in 2016-2018.
Training Data Property
Disturbance Date
Land Cover Start

Land Cover End
Confidence

Description
Date of when disturbance occurs
Land cover before disturbance
a: agriculture
n: natural vegetation (grassland,
shrubland, forest)
s: settlement
Land cover after disturbance (same classes as
above)
Thematic Description of Confidence of
training site
(h) High confidence in start and end of
disturbance and the transition from
one land cover class to another
(l) Low confidence in conversion or
timing of disturbance
Table 2.4 Training Data Properties
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2.3.5

BFAST Parameterization and Disturbance Detection
To accurately detect the unique disturbances of the establishment of settlement, one

BFAST model were parameterized using the settlement and non-settlement training data. To
obtain a BFAST fitted model for a single pixel, the function bfastMonitor from the R package
“bfastSpatial” was run on a Landsat time series of univariate data, e.g. NDVI, with a variety of
parameters including the formula used, the start and end of the monitoring periods, the h value,
order of the harmonic, and history type (default ROC). The output of bfastMonitor is the fitted
regression model for the monitoring period, the fitted monitoring for empirical fluctuation
process (MEFP) for the monitoring period, the breakpoint or date of disturbance detected (if any)
and the magnitude of the disturbance, which is the median of the difference between the data and
the model prediction in the monitoring period.
The 8 and 10 training data points for the settlement and non-settlement clusters,
respectively, were used to determine the appropriate parameters for the model that would be
applied for both the settlement and non-settlement clusters. For each training set, the formula, the
order of the harmonic, the monitoring period was varied. In order to determine the appropriate
parameters, both agreement of disturbance and non-disturbance was evaluated as well as the
timing of the breakpoint if one was identified. In order words, model parameter values which
yielded models that identified a breakpoint for a validated disturbed point as well as failed to
assign a breakpoint for validated non-disturbed breakpoints were the chosen parameter values.
For each of these parameter value variations, the breakpoint for the training data point whose
time series was used to create the pixel level BFAST outputs with bfastMontitor was also
compared to the visually validated date of disturbance. The model parameters which yielded the
most accurate breakpoint in relation to the visually validated date of disturbance also aided in
choosing the model parameters to be used for applying BFAST to the entire settlement or nonsettlement cluster.
Varying the monitoring period does very little to change the date of disturbance, so all of
2016-2018 was used as the monitoring period for both settlement and non-settlement cluster.
Using both the harmonic and linear trend resulted in an overestimation of disturbance, which is a
common finding in other applications of BFAST (Murillo-Sandoval et. al., 2017 and DeVries et
al., 2015). Using just the harmonic response and not the combination of both the linear trend and
season harmonic resulted in a higher agreement for breakpoints identified with disturbance and
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no breakpoints identified with non-disturbance points. Varying the order does very little after an
increase in the order from 2 to 3 in affecting the breakpoint or magnitude of change, therefore an
order of 2 was chosen for both models. This lower order harmonic ensures a not overly fit model,
which would require a higher order harmonic. The final model parameterizations for settlement
and non-settlement were the same. The optimized parameters are as follows: stable history is
determined via the reverse ordered cumulative sum parameter (often the entire time series
preceding the start of the monitoring period is considered stable), the monitoring period is 20162018, the formula uses just the seasonal harmonic, the harmonic order is 2, and the h is set to
0.25 With such a recent disturbance in the entire time series, even with the lowest possible of h at
0.25 there were no second breaks or disturbances identified for any of the training data
suggesting that is only one disturbance could be identified post-2016.

Figure 2.12 BFAST Parameterization Example
(Pre and post-disturbance images with training point (UID=1) in red (buffered by
50 m to show land cover) with the associated plots of bfastMonitor with varied
order for settlement training point (UID=1))
To obtain a BFAST fitted model for the settlement and non-settlement clusters, the
function bfmSpatial from R package was used. The parameters used to run bfmSpatial on the
settlement or non-settlement cluster image stacks are the same parameters that were optimized
for running bfastMonitor on the settlement and non-settlement training data. The output of
running bfmSpatial is a pixel-level ‘date of disturbance’ for any pixel in which a breakpoint in
the pixel’s monitoring period is identified, and a ‘magnitude of change’ or the residual of
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spectral metric signal in the monitoring period from the fitted model. Regardless of whether a
certain pixel has a breakpoint or not, the median magnitude of change will be assigned. Change
months, or the months of change where the breakpoint was detected, were also processed with
the breakpoint output that resulted from the settlement and non-settlement BFAST outputs.
These change months were processed to conduct a further temporal accuracy assessment.
In order to avoid high commission errors in classifying pixels as disturbed, a postprocessing step of the BFAST outputs was performed in order to assess the minimum threshold
for detecting a disturbance in the settlement and non-settlement clusters to clean up outputs and
remove any pixels that are incorrectly considered having undergone a disturbance in either
cluster. These thresholds for a minimum threshold for the settlement and non-settlement clusters
were determined based on the minimum magnitude of change that was correctly attributed as a
disturbance in the BFAST outputs. Using binomial logistic regression, the minimum magnitude
of change is determined based on the 50% probability of settlement as designated by the visual
validation. This threshold is then used to subset the data in order to perform an accuracy
assessment and further interpret the BFAST output.
2.3.6

BFAST Accuracy Assessment
The testing portion of the training datasets for both settlement and non-settlement were

used to determine the ability of the BFAST model to identify a disturbance in the image time
series. With the testing data that have been visually-validated for both the settlement and nonsettlement clusters, temporal and thematic accuracy assessment was conducted to obtain the
temporal offset of the BFAST identified breakpoints, or dates or disturbance, and the visually
validated dates of disturbance as well as the overall accuracy of the agreement between the
training data and modeled data. The accuracy assessment indicates what months and seasons
BFAST performs well with agreement between the visually-validated and modeled date of
disturbance, the spatial contiguity of same or similar date of disturbance, and the range in
accuracy of disturbance among the different land cover conversions of natural vegetation to
built-up and natural vegetation to agriculture.
The comparison of accuracy for different land cover conversions indicates how certain
disturbances can be more effectively modeled than others, which informs future work in
improving training data collection and model calibration. The accuracy assessment was also
aimed at comparing BFAST’s ability also to discern disturbances in the both settlement and non-
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settlement which suggests what minimum thresholds for the magnitude of change are captured
with BFAST for identifying disturbances in both clusters. This accuracy assessment provides
insight not only for the performance of BFAST as applied to identifying settlement establishment
and growth, but also can reveal the variability in the complex state changes that are linked with
the establishment of a refugee settlement.
2.4 Results
2.4.1

Spatial Distribution and Accuracy of Disturbance
With the breakpoint date of disturbance raster, pixels that have been assigned a date are

considered a disturbance by BFAST. See Figure 2.13 below which designates the month of
change associated with the breakpoint date, if assigned. According to the breakpoint map, the
majority of the disturbances identified within the settlement cluster occurs in the latter half of
2016, or during the months of August through December. This timing aligns well with the video
time series which shows settlement establishment beginning in July with quick onset of
settlement growth into August, September and October. The initial settlement growth that occurs
near mid-2016 or during the months of August and September adheres to the road grid and 300
square meter blocks, whose arterials can be visually outlined with the 2016 BFAST breakpoint
map (left map in Figure 2.13). Disturbances identified within the blocks appear to occur towards
the end of 2016 in November and December. These disturbances are where built-up area
increases as individual housing structures and other facilities which support the delivery of
services within the settlement are established. As such, the initial road delineation with BFAST
provides a strong indication of where settlement is to follow.
The fact that BFAST is not assigning a disturbance to the agriculturally productive areas
southeast of the settlement until early 2017 is very promising. This spatial location of
disturbance as well as the date of disturbance aligns well with the visually-validated video time
series. This further suggests that following the establishment of settlement, which consists of the
road delineation followed by the structural fill of buildings in mid to late-2016, the establishment
of agriculture follows in early 2017. The date of disturbance associated with the agriculture areas
also aligns with the crop calendar as land preparation and dry sowing occurs during the months
of January and February. In 2017, there are additional pockets in the northeast corner within the
settlement cluster that are not considered disturbed up until February 2017. Similar to the areas in
the southeast corner of the image stack that were disturbed in December 2016, these areas

37
according to the video time series undergo clearing or burning –both conversions from natural
vegetation to cleared are for subsequent structural building or burning in preparation for planting.
There are also disturbed areas that are outside of the settlement k-means boundary.
According to the time series video, the areas in the southeast corner of the image stack identified
as disturbed in the month of December (yellow in the 2016 map in Figure 2.13) were cleared as
presumably a measure taken before agricultural cultivation. As December falls at the end of the
second harvest and just before dry sowing and land preparation in January, these disturbances
could be seen as overestimations of disturbance, but that can be ruled out based on previous
NDVI in that location in the second harvest in 2015, which suggests that there were no
agriculture at that location (refer to Figure 2.7). While the BFAST model is not parametrized to
specifically classify only disturbances driven by settlement establishment or growth, it is to be
expected that we see pixels that have undergone some disturbance that deviates from the
historical model.
As for the disturbances that are attributed in 2018, most of these occur in January or
February. Because these disturbances are fairly scattered throughout the image, which do not
align with any visually-validated areas of clearing or burning, it can be assumed that these areas
have been incorrectly assigned as a disturbance and are errors of commission. Similar to the
overestimation of disturbances in early 2017, most likely the dry seasonal conditions in January
and February explain the estimation of disturbances in early 2018 in the non-settlement area.

Figure 2.13 Disturbed Pixels by Month of Change for 2016, 2017 and 2018
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In order to refine the accuracy assessment of the BFAST outputs, the binomial logistic
regression is conducted with the magnitude of change of settlement test data in order to
determine the largest magnitude of change at which a pixel is legitimately considered having
undergone a disturbance. This post-processing of the BFAST outputs yields with a 50%
probability indicates that the threshold is -0.07. This suggests that any pixels that were
considered disturbed whose magnitude of changes is greater than -0.07 were incorrectly assigned
as a disturbance by BFAST.

Figure 2.14 Binomial Logistic Regression (probability = 0.5) for Magnitude of Change
Threshold
After spatially sub-setting the BFAST outputs such that the magnitude of change for only
pixels whose magnitude of change was less than the -0.07 was included, the testing portion of the
settlement and non-settlement training data was used to determine the accuracy of the BFAST
model ability to identify a disturbance in the image time series. The accuracy assessment
expresses the agreement between visually-validated settlement disturbances and nondisturbances (which may have undergone some conversion, but not a conversion to settlement)
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and BFAST identified disturbances and non-disturbances (see Table 2.5). The overall accuracy is
85.7% with disturbance having a 92.5% and 78.7% user and producer’s accuracy, respectively
and non-disturbance having a 80.4% and 93.2% user and producer’s accuracy, respectively.
These user and producer’s accuracies suggest that a point was more often incorrectly assigned as
non-disturbed than disturbed. Considering the extreme fluctuation in dry and wet season enviroclimatic conditions for Northern Uganda, an overall accuracy of 86% for detecting settlement
establishment as a disturbance is very good. Furthermore, the high overall accuracy suggests that
this approach performs well at accurately assigning disturbances to pixels that have undergone
conversion to settlement built-up area or agriculture.
Reference

BFAST

User’s Producer’s
Total
Accuracy Accuracy Accuracy

Disturbed

NonDisturbed

Disturbed

74

6

0.925

0.787

NonDisturbed

20

82

0.804

0.932

0.857

Table 2.5 Confusion Matrix of BFAST Settlement Disturbance Detection
2.4.2 Temporal Distribution and Accuracy of Disturbance
The temporal offsets demonstrate the difference between BFAST identified dates of
disturbance and the visually-validated dates of disturbance. When plotted against one another,
all points above the 1:1 line represent the temporal distribution of BFAST lag and all points
which fall below the line represent the temporal distribution of points which BFAST assigned a
date before the visually-validated date (see Figure 2.15). There are clearly more points in which
BFAST lags behind in assigning a date of disturbance, as opposed to assigning a breakpoint
before the visually validated date of disturbance as there are more points that fall above the 1:1
line than below. This is to be expected given the difference in image sources used to validate and
run BFAST on, as Sentinel-2 is used in assigning the date of disturbance and Landsat 5, 7 and 8
is used in running BFAST. This plot is also useful for evaluating the range in temporal offsets.
For example the points that were visually validated to be disturbed in late 2017 and early 2018
were identified as disturbed by BFAST at the beginning of 2016 and early to mid-2017. This
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suggests that these test data were possibly incorrectly assigned a disturbance date, or the date that
was assigned to them by BFAST is incorrect.
This density distribution between early and lagged BFAST dates of disturbance shows
the total range of BFAST dates assigned from 19 to 294, which means that for the settlement test
points, BFAST assigned a disturbance anywhere from 2.5 weeks to nearly 10 months after the
disturbance (see Figure 2.16). The median BFAST disturbance date offset is 123 days, or
approximately 3.5 months. Test points in which the offset is lowest are the white and light blue
points in Figure 2.17. These points appear to occur in areas where settlement is very dense or
near roads. This is not surprising as earlier findings suggest that roads are the earliest
disturbances that are visually-validated and corroborated with the BFAST assigned dates of
disturbance. Points with the largest temporal offsets appear in less dense areas of the settlement
as well as near the edge of the settlement, where there are more mixed pixels of built-up area, or
are points that are in a non-built up area. This suggests that areas on the periphery of the
settlement which interface with abutting natural grassland have a lower temporal accuracy than
areas towards the center of the settlement which have a smaller lag in the temporal offset.
Furthermore, Figure 2.17 demonstrates that the points with the highest temporal offset are near
the periphery of the settlement, and are in areas with low density settlement. This pattern of high
temporal offset towards the edge of the settlement suggests that further consideration of an
internal buffer may be needed in order to create training data which is preferably sampled toward
the center of the settlement for further applications of this methodology, where denser built-up
area is likely to yield a smaller temporal offset in BFAST’s designation of a date of disturbance.
Depending on the temporal alignment of Sentinel-2 and Landsat 5, 7 and 8 imagery as
well as cloud cover in either or both of the image sources, the median lag of just over 3.5 months
approaches a near seasonal monitoring framework for identifying disturbances. As the temporal
lag offset with using Landsat is unavoidable, these areas of disturbance may actually be linked to
disturbances that began before the month which the change is actually associated with since a
few high residual observations are necessary before BFAST will identify a disturbance, hence
suggesting that the offset will always be later than expected.

41

Figure 2.15 Temporal Offset of Settlement Test Validated Date and BFAST Disturbed
Date

Figure 2.16 Distribution of Breakpoints Days Offset from Visually-Validated Date of
Disturbance (negative is BFAST predicted disturbance before visually validated date, positive is
BFAST predicted disturbance after visually validated date)
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Figure 2.17 Map of Temporal Offset
(Days that BFAST lags behind visually validated dates of disturbance, with a base map of
August 13, 2018, Sentinel-2 imagery)
Change months are associated with the BFAST identified dates of disturbance in order to
better interpret the breakpoint output (see Figure 2.18). This figure shows total area disturbed
within the settlement cluster for each month, the cumulative total over the monitoring period of
2016-2018, the total UNHCR reported surface area, total area of the k-means settlement cluster,
and the total area of the Pagirinya settlement boundary. In addition to having a high accuracy
with BFAST identifying settlement establishment in 2016, there is also close agreement between
the total disturbed area identified with BFAST and the area designated for settlement within the
UNHCR settlement boundary. The total cumulative area that is designated as disturbed by
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BFAST within the settlement cluster in 2016 is 512.6 ha, and according to a UNHCR the total
surface area of Pagirinya is 531 ha. While the k-means settlement cluster is used to constrain the
area disturbed within the settlement cluster, the fact that the total cumulative area disturbed
approximates the total area of the k-means settlement cluster demonstrates that the k-means
performed very well in discerning settlement from non-settlement. Figure 2.18 also demonstrates
that BFAST is robust to intra-seasonal influence as there is more disturbance occurring in
December than January even though January falls in a less “green” season (refer to Figure 2.7,
which shows the mean NDVI for crop calendar seasons for 2015, 2016, and 2017). If BFAST
was more sensitive to seasonal changes, it may have attributed a larger area of disturbance in the
month of January 2017 than the month of December 2016. As demonstrated in Figure 2.13 and
Figure 2.18, the framework of Pagirinya is established in the month of August, which suggests
that the settlement was established within one month from the initial breaking of ground
following the initial road delineation.

Figure 2.18 Monthly Distribution of Disturbance and Cumulative Area
(within settlement cluster for 2016-2018)
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The settlement testing breakpoint months for 2016 and 2017 in Figures 2.19 and 2.20,
respectively, demonstrate the month of change that was assigned for the breakpoint at each of
these locations. For Figure 2.19, the base images of August 11, 2016 and December 29, 2016
were chosen to represent recent settlement establishment conditions and near full-establishment
conditions, respectively. In the August 11, 2016 image (right) in Figure 2.19, points that were
identified as disturbed in August are near the southwest corner of the image. While some of the
points that have a breakpoint month of December in the August 11, 2016 image have already
been visually ‘disturbed’ because of the surrounding settlement, they are in less-dense settlement
areas, near the periphery of the settlement. This visual check also validates that clearly nondisturbed points in the August 11, 2016 image have a change month of December, such as the
two points that fall in the south-eastern portion of the settlement cluster. For the two points that
occur at the marketplace, which is where there is a ninety-degree corner in the south-eastern part
of the settlement, there is one point that is disturbed in August and another point just nearby and
south that is disturbed in August. This is perhaps due to the spatial incongruency between 10-m
Sentinel-2, which was used to visually validate the date of disturbance and 30-m Landsat, which
was used to run the BFAST model.
Nevertheless, the main takeaway with Figure 2.19 (and corroborated with Figure 2.13) is
that areas in the southwest corner of the settlement are the first indication of disturbance,
followed quickly by areas to the north and east in a cohesive manner. This temporality suggests
that the settlement begins in the southwest corner and begins to spatially expand to the east and
north. This finding is supported by the visual narrative of settlement establishment and growth in
the Sentinel-2 video time series. According to Figure 2.20, points which have change months in
early 2017 are areas that undergo clearing in early 2017 presumably for prepping for agricultural
production. The date of disturbance for these points makes sense as the dry season months fall in
January and February.
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Figure 2.19 2016 Breakpoint Change Months for Settlement Test Points
(with base map images from August 11, 2016 and December 29, 2016)

Figure 2.20 2017 Breakpoint Change Months for Settlement Test Points
(with base map images from February 7, 2017 and July 22, 2017)

46
2.4.3

Spectral Distribution and Accuracy of Disturbance
With the post-processed BFAST magnitude of change data, which shows all magnitude

of change that are smaller than -0.07, the variation in the spectral magnitude of change is
evaluated to understand how different land cover conversions are captured as a disturbance with
BFAST (see Figure 2.21). Along with Figure 2.22, which shows the settlement test points’
magnitude of change, the differences in the magnitude of change across the study suggest that
higher magnitude of change occurs in settlement area, and lower magnitudes of change occur in
areas peripheral to the center settlement. Magnitudes of change smaller than approximately -0.20
represented conversions from natural grassland to settlement built-up area that is predominantly
roads and cleared built-up area. Magnitudes of changes greater than approximately -0.20
represent conversions from natural grassland to settlement low density areas or agriculture within
the settlement. Areas within the settlement that have the largest magnitude of change are areas
where there is a dense conglomeration of buildings, such as the two market places, the reception
center, and bare areas that, according to the Pagirinya Facilities Site Map, correspond to “child
friendly spaces” (UNHCR, 2018). These variations in the magnitude of change are especially
relevant to attributing the type of conversion which is undertaken in new settlements. Because
large magnitudes of change are associated with building features typical of UNHCR-managed
settlements, these large changes of magnitude can be used as indicators for subsequent settlement
growth.
Furthermore, the magnitude of change for areas that are visually-validated as converted
to agriculture in the northeast corner of the settlement suggests a very small change in the
magnitude. While the majority of the agricultural area has been spatially subset from this image
because the magnitude of change did not fall below the -0.7 threshold, this suggests that while
agriculture is still captured as a disturbance with this method (see Figure 2.13 and 2.17), that
because the magnitude of change is so small compared to the magnitude of change associated
with conversion to built-up area that further post-processing of the magnitude of change must be
considered in order to adequately capture the timing and extent of agricultural establishment.
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Figure 2.21 Magnitude of Change for Breakpoint Pixels Greater Than Threshold

Figure 2.22 Magnitude of Change for Settlement Testing Points
(with base images from anniversary dates May 13, 2016 and May 13, 2018)
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2.5 Discussion
2.5.1 Interpretation of BFAST Outputs
Given the very high accuracy of BFAST assigning disturbances to validated disturbed
settlement points, this approach proves to be a promising novel application of a remote sensing
disturbance detection algorithm for monitoring settlement establishment and growth, a process
which has not yet been studied with BFAST. The high accuracy findings are also promising
given the small percentage of training data that were used to parameterize the BFAST model,
which suggests that the model used to detect settlement establishment and growth at Pagirinya
can be replicated in similar grassland environments with similar rainy and dry season
seasonality. Relatedly, this high accuracy is also encouraging given the relatively conservative
training dataset size, as only 100 points were used in delineating both settlement and nonsettlement, respectively.
The overall accuracy of 85.7% indicates on average BFAST performs very well in
correctly assigning a disturbance for true settlement disturbance sites and correctly does not
assign a disturbance for visually validated non-disturbance points. The high agreement between
visually validated disturbance and BFAST assigned disturbance, with a user’s accuracy of 0.925
and a producer’s accuracy of 0.787, suggests that for disturbance, there are larger errors of
omission, or points left out of the disturbance class, than errors of commission, in which points
are incorrectly classified as a disturbance. Additionally, the high agreement between visuallyvalidated non-disturbance points which were not identified as a non-disturbance by BFAST is
supported with user’s accuracy of 0.804 and a producer’s accuracy of 0.932. Therefore,
complementary of the disturbance points, there are fewer errors of omission and more errors of
commission for the non-disturbance class. These differences in commission and omission errors
for disturbance and non-disturbance points fall in the favor of attributing a non-disturbance,
rather than a disturbance with the higher commission with the non-disturbance points and lower
omission for the disturbance points. For the purposes of using these outputs for refugee response
efforts, the higher bar needed to be considered as true disturbance, or settlement, is preferable.
The rate of cumulative disturbed area changes throughout the monitoring period of 2016 2018. The acute increase in cumulative disturbed area from mid-2016 to late-2016, which
reaches the total surface area allocated for settlement according to the UNHCR site map
(UNHCR, 2018) suggests that the majority of the settlement establishment and growth in terms
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of built-up area happens in the second half of 2016. This exponential increase in cumulative area
followed by asymptotic cumulative area suggests a rapid onset of settlement which is followed
by stagnant growth. Situating these results within a typology of settlement establishment and
growth, we conclude that as a planned UNHCR-managed settlement, Pagirinya Refugee
Settlement has a cohesive spatial contiguity, which is arranged in a regular pattern that results
from acute, linear growth that is accompanied by the conversion of natural grassland to
agriculture.
2.5.2 Improvements to BFAST Parameterization and Disturbance Detection
While this study includes model parameterization and optimization by varying the
BFAST model parameters of formula, harmonic order, h-value, and the monitoring period,
additional efforts for evaluating model sensitivity could be explored in regards to the best set of
parameters for identifying settlement establishment and growth in a rainy/dry season grassland
environment. Model parametrization is important for not only accurately modeling disturbance,
but for capturing the appropriate time at which the disturbance occurs.
While the harmonic order that was chosen for the model was 2, a harmonic order 2 and 3
often render the same breakpoint and magnitude of change for both settlement and nonsettlement visually-validated disturbances. This means that increasing the harmonic order after 2
will stagnate, which is promising for creating a more geographically flexible model in which the
seasonal component is not overfit to the training data in which were used to parametrize the
model. By varying the monitoring periods, there was very little difference in the outputs for a
monitoring period of just 2016 versus 2016-2018 (end of time series) This suggests that a longer
monitoring period doesn’t impact the model to detect disturbances in the earlier portion of the
monitoring period. This is promising for potential applications in which the disturbance of
interest happens relatively soon after the start of the monitoring period. Relatedly, this supports
the goal of scaling this method as a near real-time monitoring framework for identifying new
settlement establishment and growth, whose date of establishment is unknown.
The formula has the largest influence on BFAST’s ability to detect a disturbance or not.
Within a rainy and dry season environment which undergoes drastic interannual variability, just a
linear trend is problematic for identifying settlement in the dry season as bare area and built-up
are spectrally very similar. This method also explored the affect using the both the linear and
harmonic trend as the formula with the other parameters held constant that were used in the final
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analysis (see Figures 1.1-6 in Appendix). While the linear and seasonal trend model yielded
smaller temporal offsets of approximately 65 days for the median, there was much lower overall
accuracy as the linear and seasonal trend model highly overestimated disturbance. The smaller
temporal offsets with the linear and harmonic model makes sense as the model was deviated
from sooner in the time series than with just the harmonic model. As the time series was
undergoing a slight greening at the site, the same deviations that happen in just the harmonic
model which were not considered disturbed are identified as disturbed with the combined linear
and harmonic model. The high variation in the magnitude of changes which resulted for both
settlement and non-settlement training data with the linear and harmonic BFAST outputs was
inhibitive of conducting the binomial logistic regression in order to determine a minimum
threshold for which to spatially subset the BFAST outputs. Further analysis is needed to explore
how to best leverage the linear and harmonic model as not to overestimate disturbances, which
results in high commission and false positives, while also attaining the smaller temporal offsets
with the combined linear and harmonic model.
A similar challenge with parameterizing the model is the h-value. The h parameter
defines the window in which to assess the MOSUM in the monitoring period in order to identify
a breakpoint, which implies how many breakpoints may be assigned during the monitoring
period. Specifically, the h parameter indicates a fraction of images relative to the number of
images in the historical which can be evaluated in the window of the MOSUM. Even including
an h of 0.25, which is the smallest value that can be used for h, that means the historical period
would have to be at the largest 4 years for the possibility of two breaks to be identified with the
monitoring period of 2016-2018. This means that with such a large historical period that was
used in this analysis, only one breakpoint is allowed to be identified with the monitoring period
of two years. However, a longer historical period is advantageous for accurately identifying
legitimate disturbances. This tradeoff between the length of the historical period and monitoring
period is also illustrative of the BFAST model constraints and limitations as an approach for
doing real-time disturbance detection.
Additional improvements entail during a thorough comparative analysis of how the three
spectral indices that were originally chosen to compare settlement establishment and growth
perform under different geographic conditions and seasonal onsets of settlement establishment.
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While BFAST operates as a univariate model with taking the time series of just NDVI, further
analysis could be implemented to conduct a BFAST analysis which more thoroughly compares
how multiple spectral indices perform under similar and different BFAST parameters. For the
sake of streamlining an exploratory analysis, just NDVI was used for this analysis, but evaluating
how NDBI and NBR perform under the same parameter conditions could be useful for better
analyzing the strengths and weaknesses of each index for identifying different conversions and
within different seasons. If certain indices perform better at identifying settlement establishment
in the dry season and another index performs well at identifying agricultural establishment in the
first rainy season, then exploring how BFAST can be used to perform individual analyses with
the two metrics, which can then be streamlined together post-BFAST disturbance detection is
another improvement to the current methodology. While NDVI, NDBI, and NBR are commonly
used for detecting changes in vegetation condition, built-up area, and burned and cleared area,
respectively, there are other possible metrics which may be better suited for identifying
settlement establishment. These spectral indices include the vegetation impervious surface
spectral metric (VIS) (Ridd, 1995), and the tasseled cap brightness and greenness coefficients
(Crist and Cicone, 1984). Therefore, given the various tradeoffs associated with all the BFAST
parameters and the spectral indices, conducting a more thorough model sensitivity analysis is
needed in order to address the influence of each of these parameters and spectral indices.
2.5.3 Remote Sensing Insights Into Settlement and Development Dynamics
As UNHCR settlements often rely on the support of host communities, understanding
local landscape changes—whether they are beneficial or detrimental to local ecologies or
economies—that settlements and refugee populations exert is valuable for evaluating
relationships amongst refugees and host communities and informing settlement planning efforts.
Jacobsen (2002) argues that refugees do not compete with locals for land, jobs, and natural
resources by exhausting local existing infrastructure such as schools, shelter and health services.
Jacobsen rather proposes that the presence of refugees contributes to increased well-being of host
communities by first the transference of international aid into the host-community, and secondly
that the economic participation of refugees in the form of also bolsters the economic well-being
of the host community. This theory is aligned with Uganda’s current refugee policies, which
emphasize refugee mobility and local integration of refugees with host communities through
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sharing education, health services, and market places as key mechanisms in sustaining local
development while welcoming newly arriving refugees (UNHCR, 2019b).
Previous research by Alix-Garcia et al. (2012, 2013, 2018) extends this argument by
employing satellite imagery to understand economic development, conflict and host community
relation dynamics that accompany refugee and IDP settlement. Using remote sensing-derived
night-time lights and vegetative productivity or condition data alongside market prices,
population estimates and conflict reports, Alix-Garcia et al. have shown the value of remote
sensing for monitoring complex economic, political, social, and environmental processes
following the arrival and presence of a displaced population. Similarly, this research provides
new insights into the temporality of settlement duration and rate of growth, both of which
influence economic stability, food security, state security and relationships with host
communities in sharing both natural resources and aid relief. Utilizing satellite imagery to
capture settlement level establishment and growth can thus lead to improved understandings of
how presence and persistence of settlements influence stability of economic development, and
impact host community development, a dynamic which has been at the forefront of refugee
response policy in Uganda (UNHCR, 2019b).
One landscape process in particular to pay attention to in evaluating economic
development is the refugee settlement’s local integration within the host community via the
settlement growth peripheral to the settlement boundary. As seen with the establishment of the
marketplaces as two of the initial structures or features on the edges of the settlement, the timing
and location of these marketplaces can contextualize when refugees begin to interact with the
host community. It is well documented that aid items do get distributed and bought by the host
community within these marketplaces (Jacobsen, 2002). While this transference of goods cannot
be captured with this methodology, this research does reveal when marketplaces become
established and this information can inform when settlement begins to interface economically
with the host community. In addition to the establishment of the marketplaces, additional
settlement growth outside of the settlement boundary as well as agricultural productivity directly
outside of the settlement, or “spill-over” growth, can be used as a measure to evaluate the
settlement’s integration within the host community. Similarly, the strain of the settlement on
natural resources can be monitored with this research by leveraging time series which is robust to
long-term and seasonal changes. As stressed or degraded natural resources is one of the leading
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sources of conflict between refugees and host communities (UNHCR, 2019b), assessing land
cover changes in natural vegetation and forest cover can be useful for evaluating natural resource
stressors associated with more integrated refugee development within host communities.
2.5.4 Contribution to Settlement Monitoring Efforts
While there has been wide attention paid to urban remote sensing, many of these projects
have been aimed at capturing the patterns of peri-urbanization, growth of megacities, and
mapping dense slums (Schneider, 2012 and Ban et al., 2010). This work has been critical for
studying urban growth processes in areas where rampant growth and development is occurring,
but little attention has been allocated to the growth of informal settlements, whose existence is
critical to the livelihood and well-being of the growing global refugee population. Relatedly,
there are numerous global settlement datasets that have been produced such as the Global Human
Settlement Layer (GHSL), the Global Urban Footprint (GUF), the High Resolution Settlement
Layer (HRSL) and the World Settlement Footprint (WSF). These global settlements datasets are
only representative of the imagery that was used at the time of generation, and there is no
attribution of the date of establishment for the settlements that they do represent. For the datasets
that have longitudinal datasets such as GHSL, which has data for 1975, 1990, 2000, and 2015,
these datasets are representative of built-up area from specifically these dates, so these datasets
offer only snapshots of settlement.
Regardless of the lack of temporal detail associated with such global settlement datasets,
they often systematically overlook informal settlements which has immense repercussions on the
populations living in these excluded settlements in terms of delivery of aid and emergency
response in the wake of natural disaster, famine or nearby violent conflict. Site-level remote
sensing efforts for monitoring specifically informal settlement also fail to address the high
temporal dynamism of settlement establishment and growth, rely on costly commercial imagery,
or require large amounts of training data of field validation.
New insights from these findings suggest that UNHCR-managed refugee settlements are
established and grow very quickly as they begin to host large incoming refugee populations. This
spatial-temporal detail in settlement growth can aid in planning efforts at the settlement level
regarding agricultural expansion or intensification, grazing over-use, or the planning of future
settlement expansion or additional structures. Drawing on the nature of the near-real time
monitoring approach with this approach to monitor the pattern and process of settlement
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establishment, growth, and occupation, this approach is exceptionally relevant to aid relief
planning efforts.
While this research does not attempt to generate a global dataset of refugee settlements or
settlement processes, it does present a method to automatically identify settlement establishment
and date their establishment and growth with very little user inputs, and situates it in a typology
for further comparisons. By situating settlement establishment in a conceptual framework which
utilizes a typology for monitoring disturbance detection, this method demonstrates how refugee
settlements can be identified and monitored and therefore be more fairly included in settlement
datasets. As such, these findings reveal how automated settlement establishment and growth
disturbance detection can contribute to global settlement datasets, and the domain of remote
sensing times series for monitoring changes in settlement in grassland ecosystems. Furthermore,
this study provides a framework for a systematized typology that contextualizes the outputs of
remote sensing time series disturbance detection in order to conduct comparisons across different
settlements, which can concurrently aid in improving the approach.
Finally, while this study explores the application of settlement disturbance detection for
monitoring of UNHCR-managed settlements, over two-thirds of the global forcibly displaced
population are internally displaced people (IDPs) living in informal settlements. In contrast to
refugees who may seek shelter in a UNHCR sponsored settlement, IDPs may self-settle
informally and separately from UNHCR established settlements, as IDPs are restricted access to
UNHCR refugee settlements (UNHCR, 2019a). While Uganda is considered a relatively stable
country compared to its neighboring countries in East Africa that experience acute and volatile
violence and political instability, Uganda does have familiar history with resettlement in the
wake of conflict. At the peak of the conflict between the Ugandan army and the Lord’s
Resistance Army in 2005, 1.84 million Uganda IDPs were living in 251 UNHCR camps across
11 districts of Northern Uganda. Following the signing of a peace agreement, the vast majority
IDPs returned to their home communities.
Today, there remains a population of Ugandan IDPs displaced due to natural disasters or
conflict. Ugandan IDP resettlement is also a particularly salient issue, with over 164,000
Ugandans displaced to flood related natural disasters and 9,000 displaced due to conflict
regarding intercommunal clashes as well as land disputes between local populations the Ugandan
government (NRC/IDMC, 2018). There is very little information on where these internally
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displaced populations settle, as well as how informal settlements are established and how they
grow or contract over time following IDP returns. Applying the method outlined in this research
to the sites of known informal settlements could aid in informal settlement mapping efforts by
helping to identify the applicability of this method to identify IDP settlements and characterize
the settlements’ history. Because IDP informal settlements by nature host more temporary
residents than UNHCR refugee settlements, which host refugees in protracted situations,
evaluating acute land cover change at informal IDP settlements is critical for understanding how
these populations move and settle informally, as well as how they utilize the land at the
settlement for agriculture, grazing or natural resource extraction.
2.5.5 Challenges with Case Study of Pagirinya Settlement
There are numerous spatial, temporal, and spectral challenges associated with monitoring
settlement establishment and growth for this case study. First, the complex phenology of
Northern Uganda, which is predominately grassland savannah ecosystem with two rainy seasons,
two harvest seasons, and a dry season presents incredible challenges for monitoring significant
disturbances separate from inter-annual seasonal variability. While BFAST is able to account for
these seasonal variations based on the stable historical model fit, because settlement can have
very similar NDVI values to dry season vegetation, this similarity can be confounding and
problematic for appropriately attributing disturbances for a settlement that was established
during the dry season. Typical applications of BFAST operate in tropical montane environments
where there are evident conversions from forest to non-forest with clear sky conditions (DeVries
et al., 2015, Dutrieux et al., 2015, and Murillo-Sandoval et al., 2017), which is a very different
problem than the conditions for monitoring settlement establishment in a grassland environment
in Northern Uganda which undergoes high seasonal variability and is plagued with mixed pixels
(see Figure 2.23).
With a settlement as densely structured as Pagirinya that expanded within a very short
period of a few months, there are site-specific challenges that arise to identify disturbance for
particular land cover types. As mentioned previously, individual 30 square meter agricultural
plots that are distributed amongst family units or small groups of people are located near the
individual shelter structures. This results in mixed pixels which include built-up area and
agriculture, or natural vegetation that regenerates or remains undisturbed following settlement
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establishment. These settlement edge mixed pixels are particularly susceptible to larger temporal
offsets as identified with the BFAST date of disturbances (see Figure 2.17).

Figure 2.23 Typical and Atypical BFAST Time Series
There are a variety of spatial, temporal, and thematic challenges in utilizing satellite
imagery to diagnose refugee settlement establishment and successional growth. Because
UNHCR refugee settlements undergo establishment and grow rapidly to respond to the needs of
the high inflow population seeking shelter, the entire process of settlement growth may not be
captured even with fusion of cross-calibrated Landsat archive. While the entire Landsat satellite
record across Landsat 5, 7 and 8 from 2005-2018 is used to identify the establishment ensuring
growth, the high temporal frequency of settlement growth and change is an acute temporal
challenge. While persistent cloud cover is not an issue with this study area, there is on average
approximately a third of the satellite record that is masked from every pixel in the image time
series following cloud masking. Therefore, due to the temporality of settlement growth and
clouds, every addition of settlement cannot fully be captured with the Landsat satellite record
with high temporal accuracy.
A spatial and thematic limitation monitoring is the compactness of land covers.
According to the Self-Reliance Strategy, settlement is divided into thirty square meter plots
amongst families or small groups, which is to be used for the construction of individual home
dwellings and agriculture. Similarly, area between individual structures within in the settlement
may be filled in with natural vegetation after clearing for initial settlement construction. Because
the spatial resolution of the image time series used with this analysis are 30 m, this analysis is
highly susceptible to mixed pixel effects of both built-up and agriculture land covers occupying
the same pixel. This close knit, interwoven mixing of land covers presents many challenges that
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this approach appears to handle well given the high overall accuracy. Despite these challenges, a
high overall accuracy with these results suggests that BFAST can be parameterized and
leveraged in order to address these spatial, temporal, and thematic limitations.
2.6 Conclusion
The establishment of planned or informal settlements is critical for responding to the
challenges of human displacement and for supporting refugee populations that are in immediate
need of shelter, food, health or psychological services, and protection. For refugees living in a
UNHCR managed settlement in Northern Uganda, the 30 square meter plot you receive becomes
your home, and will continue to be so for you and your children for an indefinite amount of time.
While Uganda’s progressive refugee policies have bolstered a culture of self-reliance in the form
of development and local integration with their fellow host communities through access to
services, freedom of movement and legal right employment, the settlements themselves continue
to expand with incoming refugee populations and become stressed. This rampant growth has led
to new challenges in monitoring settlement level agricultural production and natural resource
extraction, and furthermore for evaluating refugee response efforts. For the approximately 1.2
million refugees hosted in UNHCR-managed settlements, settlement growth impacts refugee
livelihoods in the form of strained space for housing, agricultural extensions, and green space
(UNHCR, 2019a). The finding of this research can inform refugee response efforts by providing
site level assessments of settlement establishment and expansion. Information on settlement
establishment is critical for informing aid delivery groups on site level conditions related to
agricultural production and land cover conversions which may negatively impact refugee and
host community relations like grassland loss due to over-grazing or deforestation outside of the
settlement due to limited access or depleted natural resources within the settlement boundary.
Landsat time series disturbance detection is well suited for studying this phenomenon
with high spatial and temporal accuracy. With an accuracy of 85.7%, BFAST proves to be an
effective method for identifying disturbance in the form of the establishment and growth of
settlement and with a median temporal offset of approximately 109 days in determining the date
of settlement establishment. These results provide spatially-explicit information on sub-annual
disturbances associated with different settlement related land cover conversions, which are
essential for evaluating and improving humanitarian refugee response efforts and establishing a
systematic settlement monitoring framework, which is currently missing from global settlement
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monitoring efforts. The semi-automated disturbance detection method explored with this
research lends itself aptly to larger scale settlement detection applications with little user model
parameterization and few training data inputs necessary. Overcoming limitations of past studies
like low temporal frequency and VHR data sources, this study demonstrates how to use
automated disturbance detection algorithm with open source data tools. In doing so, this novel
methodology proves to be a successful application for monitoring settlement establishment,
which can fill a critical gap in settlement monitoring for refugee response efforts.

59
2.7 References
Alix-Garcia, J., Bartlett, A., & Saah, D. (2012). Displaced populations, humanitarian assistance
and hosts: A framework for analyzing impacts on semi-urban households. World
Development, 40(2), 373-386.
Alix-Garcia, J., Bartlett, A., & Saah, D. (2013). The landscape of conflict: IDPs, aid and land-use
change in Darfur. Journal of Economic Geography, 13(4), 589-617.
Alix-Garcia, J., Walker, S., Bartlett, A., Onder, H., & Sanghi, A. (2018). Do refugee camps help
or hurt hosts? The case of Kakuma, Kenya. Journal of Development Economics, 130, 6683.
Alonzo, M., Van Den Hoek, J., & Ahmed, N. (2016). Capturing coupled riparian and coastal
disturbance from industrial mining using cloud-resilient satellite time series
analysis. Scientific reports, 6, 35129.
Ban, Y., Hu, H., & Rangel, I. M. (2010). Fusion of Quickbird MS and RADARSAT SAR data
for urban land-cover mapping: Object-based and knowledge-based
approach. International Journal of Remote Sensing, 31(6), 1391-1410.
Bjorgo, E. (2000). Using very high spatial resolution multispectral satellite sensor imagery to
monitor refugee camps. International Journal of Remote Sensing, 21(3), 611-616.
Crist, E. P., & Cicone, R. C. (1984). A physically-based transformation of Thematic Mapper
data---The TM Tasseled Cap. IEEE Transactions on Geoscience and Remote sensing, (3),
256-263.
DeVries, B., Verbesselt, J., Kooistra, L., & Herold, M. (2015). Robust monitoring of small-scale
forest disturbances in a tropical montane forest using Landsat time series. Remote
Sensing of Environment, 161, 107-121.
Dutrieux, L. P., Verbesselt, J., Kooistra, L., & Herold, M. (2015). Monitoring forest cover loss
using multiple data streams, a case study of a tropical dry forest in Bolivia. ISPRS
Journal of Photogrammetry and Remote Sensing, 107, 112-125.
FEWS NET (2019). Uganda Food Security Outlook February to September 2019. Famine Early
Warning Systems Network.
http://fews.net/sites/default/files/documents/reports/UGANDA_FSO_02_2019_Final.pdf
Giada, S., De Groeve, T., Ehrlich, D., & Soille, P. (2003). Information extraction from very high
resolution satellite imagery over Lukole refugee camp, Tanzania. International Journal of
Remote Sensing, 24(22), 4251-4266.

60
Huang, C., Goward, S. N., Masek, J. G., Thomas, N., Zhu, Z., & Vogelmann, J. E. (2010). An
automated approach for reconstructing recent forest disturbance history using dense
Landsat time series stacks. Remote Sensing of Environment, 114(1), 183-198.
Jacobsen, K. (2002). Can refugees benefit the state? Refugee resources and African
state building. The Journal of Modern African Studies, 40(4), 577-596.
Kennedy, R. E., Yang, Z., & Cohen, W. B. (2010). Detecting trends in forest disturbance and
recovery using yearly Landsat time series: 1. LandTrendr—Temporal segmentation
algorithms. Remote Sensing of Environment, 114(12), 2897-2910.
Key C.H., & Benson N.C. (2006) Landscape assessment: Ground measure of severity, the
composite burn index; and remote sensing of severity, the Normalized Burn Ratio.
FIREMON: Fire effects monitoring and inventory system, USDA Forest Service General
Technical Report RMRS-GTR-164-CD. Fort Collins, CO: USDA Forest Service Rocky
Mountain Research Station.
Lang, S., Tiede, D., Hölbling, D., Füreder, P., & Zeil, P. (2010). Earth observation (EO)-based
ex post assessment of internally displaced person (IDP) camp evolution and population
dynamics in Zam Zam, Darfur. International Journal of Remote Sensing, 31(21), 57095731.
Murillo-Sandoval, P., Van Den Hoek, J., & Hilker, T. (2017). Leveraging Multi-Sensor Time
Series Datasets to Map Short-and Long-Term Tropical Forest Disturbances in the
Colombian Andes. Remote Sensing, 9(2), 179.
NRC/IDMC (2018). 2018 Global Report on Internal Displacement. Norwegian Refugee
Council/Internal Displacement Monitoring Centre
http://www.internal-displacement.org/global-report/grid2018/downloads/2018-GRID.pdf
Ridd, M. K. (1995). Exploring a VIS (vegetation-impervious surface-soil) model for urban
ecosystem analysis through remote sensing: comparative anatomy for cities. International
journal of remote sensing, 16(12), 2165-2185.
Roy, D. P., Kovalskyy, V., Zhang, H. K., Vermote, E. F., Yan, L., Kumar, S. S., & Egorov, A.
(2016). Characterization of Landsat-7 to Landsat-8 reflective wavelength and normalized
difference vegetation index continuity. Remote sensing of Environment, 185, 57-70.
Schneider, A. (2012). Monitoring land cover change in urban and peri-urban areas using dense
time stacks of Landsat satellite data and a data mining approach. Remote Sensing of
Environment, 124, 689-704.
Tucker, C. J. (1979). Red and photographic infrared linear combinations for monitoring
vegetation. Remote sensing of Environment, 8(2), 127-150.

61

UNHCR (2018). Facilities Map - Pagirinya Settlement - Adjumani District - Uganda. United
Nations High Commissioner for Refugees.
https://reliefweb.int/sites/reliefweb.int/files/resources/reach_uga_map_pagirinya_facilitie
s_24oct2018_a3.pdf
UNHCR (2019a). Uganda Comprehensive Refugee Response Portal. (n.d.). United Nations High
Commissioner for Refugees https://ugandarefugees.org/en/country/uga
UNHCR (2019b). Uganda Country Refugee Response Plan (2019-2020) United Nations High
Commissioner for Refugees.
http://reporting.unhcr.org/sites/default/files/Uganda%20Country%20RRP%20201920%20%28January%202019%29.pdfhttps://ugandarefugees.org/en/country/uga
Verbesselt, J., Hyndman, R., Newnham, G., & Culvenor, D. (2010a). Detecting trend and
seasonal changes in satellite image time series. Remote sensing of Environment, 114(1),
106-115.
Verbesselt, J., Hyndman, R., Zeileis, A., & Culvenor, D. (2010b). Phenological change detection
while accounting for abrupt and gradual trends in satellite image time series. Remote
Sensing of Environment, 114(12), 2970-2980.
Viña, A., Gitelson, A. A., Nguy-Robertson, A. L., & Peng, Y. (2011). Comparison of different
vegetation indices for the remote assessment of green leaf area index of crops. Remote
Sensing of Environment, 115(12), 3468-3478.
WFP (2017). Uganda Country Strategic Plan 2018-2022. World Food Programme.
https://www1.wfp.org/operations/ug01-uganda-country-strategic-plan-2018-2022
Zha, Y., Gao, J., & Ni, S. (2003). Use of normalized difference built-up index in automatically
mapping urban areas from TM imagery. International journal of remote sensing, 24(3),
583-594.
Zhu, Z., & Woodcock, C. E. (2014). Continuous change detection and classification of land
cover using all available Landsat data. Remote sensing of Environment, 144, 152-171.

62
3. Conclusion
3.1 Broad Implications
Displaced by ongoing conflict in surrounding South Sudan, DRC, and Burundi, an
average arrival rate of at least 200 people per day is expected to continue until 2020 in Uganda
(FEWS NET, 2019). There is an estimated 150,000 additional refugees from South Sudan and
DRC that are expected to arrive and be hosted in UNHCR-managed settlements in 2019
(UNHCR, 2019). With the majority of refuges in Uganda seeking accommodation in UNHCRmanaged or planned settlements, having detailed insight on how settlements become established
to support an increasing population and monitoring settlement growth is highly relevant to
understanding how aid can target populations in settlements undergoing exponential population
increases and experiencing poor agricultural yields.
Understanding settlement dynamics can be critical insights for groups like UNHCR, who
work on the ground to open new settlements and work with local communities to maintain and
improve conditions in already existing settlements. These dynamics include the temporality of
establishment and growth, spatial extent and density of settlement, and land cover changes that
support the growth of settlement expansion and self-sufficiency, such as expansion and
intensification of agriculture and forest cover loss for fuel production. Sharing this work with
settlement level planners and managers can contribute to their understanding of the spatial
formation of the settlement itself, the impact of the settlement on the natural environment, as
well as how the presence and persistence of the settlement operates within contextualizing
refugee relations with host communities.
The spatial, temporal, and thematic trends which this research reveals can be used in
UNHCR site evaluations to understand how the settlement infrastructure and space allocated for
settlement is supporting the populations that reside there. These findings also provide up to date
information on the agricultural presence and productivity within the settlement, which can be
extremely useful for groups like WFP, who use information like agricultural yield and market
prices to make decisions about how much food aid to distribute versus in-kind cash transfers.
With a growing refugee population in Uganda and stressed operations to evaluate and assess the
accommodation of refugees within settlements, employing this remote method that provides
settlement level conditions can be a significant contribution to the planning and management
operations of UNHCR.
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With expected shortages in food aid distribution for the rest of 2019, it is expected that
refugees will deplete first harvest season crop stocks and resort to other emergency food coping
mechanisms (FEWS NET, 2019). Alongside predicted shortfalls in agricultural production in the
coming months due to rain variability (FEWS NET, 2019), settlement monitoring frameworks
like the one presented in this thesis can be critical for informing refugee response evaluation
efforts like the 2019-2020 Refugee Response Plan in Uganda, which is an ongoing project to
take stock of weak points within the refugee settlement system. In addition to addressing needs
related to the adequate distribution of health and psychological services and educational
opportunities, the Refugee Response Plan is also evaluating sustainability within settlements
related to energy and environment and agricultural production.
Because this analysis framework is able to evaluate the magnitude of change in spectral
indices that accompanies the establishment, growth, and occupation of a settlement, this analysis
could help evaluate the many land cover changes that occur concomitantly with settlement. Other
land cover changes including deforestation, exposure of bare ground due to overgrazing, and
other land changes which can be associated with land uses which occur within and near a
settlement is useful for understanding natural resource use at the settlement and the demands of
the settlement on the local environment. Relatedly, if coupled with settlement level population
statistics, the settlement level history of spatial-temporal settlement establishment and growth
that results from this thesis can be extended to understand settlement level density and
overcrowding, which could be useful evaluating the amount of sufficient land for shelter and
agriculture at existing and new refugee settlements.
3.2 Future Work
This work demonstrates an effective approach for using publicly available satellite
imagery with an open source disturbance detection algorithm to produce highly accurate
temporal and spatial estimates of refugee settlement establishment and growth. As Landsat has
proven to be small enough resolution in order to detect settlement establishment and growth,
there are other opportunities to explore the effectiveness of other image source time series for
inputs to the BFAST disturbance detection.
The Sentinel-2 platform, run by the European Space Agency (ESA), Landsat’s European
counterpart, is also publicly available, and has the spectral resolution to apply NDVI as the
spectral metric for a disturbance detection. The smaller scale of Sentintel-2 imagery with 10-
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meter resolution can be used to identify smaller spatial changes on the landscape. This smaller
spatial scale could be leveraged to investigate how BFAST can be used to monitor the
establishment of small scale agriculture. The main limitation of using Sentinel-2 imagery is its
relatively small collection history. Unlike Landsat, which began image collection in 1972,
Sentinel-2 began imaging in mid-2015. As a result of a more temporally limited image archive,
longer historical periods, such as 10 years proceeding an establishment event, may not be used to
the fit a BFAST model as was done in this study. Having a shorter historical period can be
inhibitive of establishing an appropriate stable history, and without an adequate stable history,
identifying disturbances in the monitoring period can be particularly challenging.
Another image source is PlanetScope imagery commercially available from Planet Labs,
a private satellite image collection company. PlanetScope data are collected at approximately 3meter resolution with RGB and NIR bands, and is marketed as monitoring everywhere on earth
once every day. While PlanetScope began image collection in 2009, it is unclear how consistent
image collection is at Pagirinya or other refugee settlements in Northern Uganda since 2009.
The smaller spatial scale of 3-meters could be incredible useful for monitoring production yields
at smaller agricultural plots, construction and possible movement of temporary individual
structures, and changes in smaller stands of forest cover. Additionally, the smaller temporal
resolution of PlanetScope at a daily cadence could be also particularly useful for characterizing a
finer temporal typology of settlement establishment and growth. As concluded with this study,
Pagirinya was established and grew to its spatial extent within a matter of months. If PlanetScope
was applied with the approach outlined in this thesis, daily temporal imagery could significantly
decrease the temporal offset as well as improve the monitoring approach to capture near realtime changes in settlement growth, site level environmental change, and agricultural stress.
One aspect that is particularly poised for improvement in the current methodology is the
agricultural monitoring component. Furthering the current settlement establishment and growth
monitoring framework, future work may entail extending the BFAST approach to monitor
multiple disturbances following settlement establishment. After the settlement has been
established a new baseline or stable history can be modeled based on the seasonal variation of
the established settlement or agriculture. With this baseline, deviations from expected
agricultural production can be assessed. Furthermore, post initial disturbance slopes can be used
to assess non-linear rate of settlement growth following establishment.
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Given the promise of this study as a case study, there is also an aim and an opportunity to
scale this approach up to regional Northern Uganda, where the majority of UNHCR-managed
settlements are located in order to compare the typology of spatio-temporal patterns and
processes to that of Pagirinya. Because very little training data was required with this study to
parametrize a model which captures settlement establishment and growth with high accuracy,
this finding suggests the viability of applying this approach to other locations with relatively very
little training data collection. The scalability of this approach can be explored with employing
model sensitivity analyses, which tests the strengths and limitations of a geographically varied
training data set and evaluating how well the parameters that performed well with the Pagirinya
site perform at nearby settlements in Northern Uganda. The goal of this would be to create a
geographically flexible training dataset which can be applied to multiple locations.
Additionally, the findings of this approach could be further corroborated and improved
upon with a field-based assessment. The validation of land cover, especially agriculturally
productive areas within the settlement could be particularly informative for contextualizing
adherence to the crop calendar at the settlement level. Field based interviews with settlement
residents as well as host communities who engage with agricultural production could inform
adherence to crop calendar and decision on agricultural management. Field informed estimates
of agricultural establishment and change could be leveraged to further evaluate the impact of
seasonality on the timing of the agricultural establishment and subsequent activities.
In summary, there are numerous opportunities in which this method could be extended to
provide a more nuanced narrative of settlement establishment and growth. For the millions of
people who seek asylum in formal and informal settlements for protection, livelihood assistance,
and a place to begin a new life unhindered by the violence from which they left, improved
settlement planning as informed by this assessment could make a difference in making that new
life more secure. In advancing the application of remote sensing time series towards a higher
understanding of settlement establishment and growth dynamics, this research hopes to reach
those in a position that can leverage these findings in order to improve those livelihood
transitions.
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Appendix – Chapter 2 – Linear and Harmonic Model Results

Figure 1.1 Settlement Temporal Offset

Figure 1.2 Non-Settlement 2016-2018 Temporal Offsets
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Figure 1.3 Settlement Temporal Offset Distribution

Figure 1.4 Disturbance Change Month for 2016
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Figure 1.5 Distribution of 2016 Monthly Disturbance within Settlement Cluster

Figure 1.6 Distribution of 2016 Monthly Disturbance within Non-Settlement
Cluster

