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Abstract

Kenya experiences massive urban growth, also into natural hazard-prone areas, exposing
settlements and the natural environment to riverine and pluvial floods and other natural
hazards. While Nairobi as the capital and principal city has been extensively analysed
regarding urban growth and flood hazard in some central parts, awareness of growing peri-
urban areas has not been studied as much. The results are of interest to other locations in
Kenya and worldwide, too, since the current research and disaster risk practice focus is still
too much on megacities and city centres. Therefore, the study compares urban growth into
hazard areas in urban rims of Nairobi and Nyeri, Kenya. A change assessment from 1948
to 2020 is conducted by aerial images, declassified satellite images, and recent data. Urban
growth rates are 10- to 26-fold, while growth into flood exposed areas ranges from 2- to
100-fold. This study reveals unused opportunities for expanding existing land-use change
analysis back to the 1940s in data-scarce environments.

Keywords Change detection - Land-use change - Transformation - Urban sprawl - Risk
assessment - GIS

1 Introduction

Demands for risk monitoring and risk-informed decision-making are expressed by the Sen-
dai Framework (United Nations 2015). Similarly, the needs for integrative assessments,
including basic infrastructure, urban features, and disaster risk, are expressed in the New
Urban Agenda (UN/HABITAT 2017). However, while disaster risk studies have covered
major cities and national capitals, studies on smaller cities or peri-urban areas are lacking
widely (Birkmann et al. 2016).

Peri-urban areas are often among the fastest-growing urban areas when close to a major
city or capital like Nairobi. The complexity of geospatial growth is analysed in the course
of history, over the colonial period before 1963, the national phase up to 1980 and beyond,
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wherein peri-urban growth is bound by societal processes and politics of land access and
use (Ndegeah 2015). Research on peri-urban growth for cities such as Nairobi has a long
history and covers aspects of planning response to low-income settlers (Memon 1982), for
example. Land-use change analysis shows that Nairobi’s built-up area grows by around 1.5
km? per year (Mundia 2017). Growth rates as extracted by remote sensing data show a
growth between 8.4 and 17.2 percent of the spatial area in Nairobi between 1995 and
2015 (Katyambo and Ngigi 2017), or between 2.91 and 15.63 km?2 per year between 1988
and 2014 (Mundia 2017). Other geospatial studies have differentiated growth rates of land-
use area per urban, agriculture, water, and other sectors between 1986 and 2010 (Mubea
et al. 2014). Population growth rates for Nairobi are 4.6% between 1948 and 1962, and
then 12% and 1969; later on, growth rates decreased, also in other major urban centres in
Kenya, to around 5% (Mundia 2017). Urban growth also expands the ratio of built-up areas
potentially exposed to natural hazards such as floods or droughts. Monitoring of disaster
risk needs to capture static pictures of risk and include the dynamics to better understand
risk and resilience development and identify pathways to govern urban areas towards better
resilience in coping with shocks and disasters (Simonovic and Peck 2013). This notion of
the importance of dynamic risk assessments is expressed by recent research on aspects of
the transformation of cities (Pelling et al. 2015), pathways in coping with climate change
(Gibson et al. 2016), or transition (Solecki et al. 2017). However, this leads to a demand for
data available for long periods to analyse changes.

Limitations of static risk assessments have long been acknowledged (King 2001), but
few studies provide change assessments of disaster risk. This is often due to the lack of
data for comparison or awareness about existing sources of data. While this is a challenge
existing worldwide, availability and access to data are a major constraint for many coun-
tries in Africa (Osuteye et al. 2017). It seems paramount to improve data availability for
risk assessments, and this paper points to data sources not used widely yet.

There is a wealth of studies utilizing remote sensing data and urban area classification
approaches (Bhatta 2010; Patino and Duque 2013). Multi-temporal and time-series analy-
ses have increasingly been applied in this area of urban and land-use mapping (Acevedo
and Masuoka 1997; Li et al. 2018), or peri-urban growth (Shaw and Das 2018). Mapping
transformation using remote sensing increasingly starts applying multi-spatial-resolution
change detection (Zhang et al. 2016). However, many approaches in remote sensing stud-
ies focus on the technical advancements and are less applied for the operational mapping
of urban transformation yet. And while urban growth studies are common (Bagan and
Yamagata 2012; Masek et al. 2000; Song et al. 2016), fewer studies combine it with a
spatial detection of exposure to natural hazards, especially over a range over more than
20-30 years in comparison. Even fewer studies have used satellite data before the 1970s,
such as the declassified satellite data of the USA (Day et al. 1998). The USA has disclosed
declassified former espionage imagery from the 1960s onwards that are hardly used for risk
assessments so far (Fekete 2020). Declassified satellite data from the CORONA, GAMBIT,
or HEXAGON series have been applied rather selectively and not very often yet, to fields
such as archaeology (Ur 2003), generation of digital elevation models (Altmaier and Kany
2002), glacier monitoring (Bolch et al. 2008; Narama et al. 2010), land-use (Tappan et al.
2000), or urban growth (Masek et al. 2000; Stewart et al. 2004; Cecchini et al. 2019; Hep-
can et al. 2013).

There is an increasing demand for multi-modal, multi-spectral, and multi-temporal
remote sensing approaches (Brito and Quintanilha 2012; Qiming 2011; Stiller et al. 2021),
and making use of a combination of aerial and satellite images can offer opportunities for
that.
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Aerial imagery and old declassified former espionage reconnaissance satel-
lite imagery are major data sources to capture previous land cover back to the 1940s.
Kenya has been covered by UK Royal Airforce aerial imagery campaigns due to the
former colonial history. Access to such data is still restricted; it is on data servers not
known much outside remote sensing communities. A lot of this data is open access, but
sometimes, fees have to be paid; an aerial image from the UK National Collection of
Aerial Photography starts at 16.5 £ plus tax, plus publication licenses, if needed. The
CORONA satellite images from the US Geological Survey cost 35$, when not already
freely available on their Earth Explorer website platform.

Although the costs are relatively low, as compared to recent high-resolution satellite
imagery, it can still mean a restriction for researchers or local institutions. Another data
access challenge is finding hazard data. This is the case for industrialized countries as
well as for many other countries too.

Geospatial assessments are used in Kenya for monitoring land-use change or property
rights (Koeva et al. 2017). Aerial imagery is also used for monitoring the sustainable
development of agriculture (Ekbom et al. 2001). Challenges in defining urban bounda-
ries and overestimating urban areas by single criteria such as population density are
analysed using aerial imagery (Potts 2017). Hazards analysed using aerial images cover
many hazards, including erosion and contamination, but also deal with lake basin (Khan
et al. 2011; Habib et al. 2009) or riverine floods (Olang and Fiirst 2011), flash floods
(Hoedjes et al. 2014), rainfall variability (Gamoyo et al. 2015), or vector-borne diseases
concerning floods (Pope et al. 1992). The early warning seems to be a topic of special
interest for the whole country (Hoedjes et al. 2014) or the Tana river basin (Otieno et al.
2019). The Tana river is covered by some studies (Leauthaud et al. 2013). But other
areas are covered much less (Appendix). Existing land-use change assessments do not
use data earlier than the mid-1970s when LANDSAT satellite imagery became used.
For example, Nairobi has been analysed regarding land-use and land cover change for
1976-2000 (Mundia and Murayama 2010). However, systematic multi-temporal assess-
ments of exposure of settlements to floods, droughts, or other hazards have not been
conducted yet, only urban growth or exposure mapping for single static time periods.
But there is a great potential applying flood exposure mapping for the assessment of
multiple risks related to floods, such as flood risk indices (Hategekimana et al. 2018),
health risks (Okaka and Odhiambo 2019), or early warning (Otieno et al. 2019).

Therefore, the objective of this paper is to expand existing land cover change assess-
ments back to the 1940s using aerial imagery. This enables capturing urban growth out-
side the national capital, Nairobi, along urban rims and in expanding towns in Kenya. A
transferrable mapping approach is demonstrated, and it is indicated which natural haz-
ard data could be used to analyse urban growth into potential hazard zones over time.
Natural hazards include river floods in this case, and exposure of settlement area to be
flooded is the main focus here. Using heterogeneous remote sensing data from different
satellite missions and with different sensors and resolutions, a temporal comparison is
made possible that exceeds previous approaches. In addition, this approach can analyse
data-poor areas and areas not covered yet by research on natural hazards and exposure,
which may inspire similar research in other areas. The main aim of this article is to
explore the potential about data sets existing in early aerial and satellite imagery and
how to use them for disaster risk assessment purposes. It also shows how such data can
be used for the built-up mapping in peri-urban areas of African cities. Another ambition
is to investigate the link between built-up dynamics and flood susceptibility.
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2 Method

Geospatial assessments are useful to cover large areas of land by one comparable data
source. It needs to be coupled with ground-truthing and thereby often is used in combina-
tion with other modes of assessment, such as local field visits, statistical data, or others.
However, geospatial data provides another form of multimodal characterization, which is
the special issue’s focus. This case is a multi-modal selection of greyscale aerial photo-
graphs, satellite-based greyscale imagery, multi-spectral recent satellite data, statistical
data, and on-the-ground photos and field visits. Geospatial data are beneficial for analysing
changes over time, using the same data source, or in combination with other modes of sat-
ellite, aerial remote sensing, ground-based imagery, or many other forms of data integrated
into a geographic information system (GIS). The general methodology consists of a spatial
assessment using QGIS to map urban areas and hazard zones. The first methodological
step consists in the selection of the case study sites which is conducted in discussions with
partners in Kenya. The main part is a mapping of urban areas and hazard zones using aerial
and satellite imagery in combination with open-source GIS data. The areas derived from
this assessment allow to calculate percentages of growth over several decades. The overall
methodological process is shown in Fig. 1 and explained in more detail in 2.1.

2.1 Case study areas

The case study areas were selected in a co-design approach with local experts from Dedan
Kimathi Technical University in Nyeri and Kenyatta University in Nairobi in joint work-
shops in Kenya on Sept 5, 2019, and online Feb 17, 2021. The two areas have been selected
for demonstrating and testing the data availability and GIS assessment opportunities of a
combination of old aerial, former satellite espionage, and recent satellite and OSM data.
The case study areas have been selected, as one area is the peri-urban rim of Nairobi, the
nation’s capital and largest city (Fig. 2). The area selected in the North-East is where urban
sprawl and growth occur to a great extent; it is Ruiru town in Nairobi East along the Thika
Road. The other area selected also experiences urban growth, the city of Nyeri, located
North of Nairobi, close to the Aberdare and Mt. Kenya mountain ranges. Thereby, both
case studies represent examples of peri-urban areas growing in Kenya, but in different set-
tings, one the national capital and mega city and the other a developing smaller city in a
more rural setting. The local partners have selected them also, since they are familiar with
them and can provide guidance during the study.

Satellite data useful for the land cover analysis and available for the study area
between Nairobi and Nyeri in Kenya include LANDSAT coverage starting from
1973 (MSS), OrbView 3 starting from 2003, and Sentinel-2 data starting from 2015.
Kenya is at the equator, and resolutions of digital elevation models are accessible in
resolutions of about 250 m (Global Multi-resolution Terrain Elevation Data 2010—
GMTED2010), and in about 30 m by the ALOS Global Digital Surface Model or the
Shuttle Radar Topography Mission—SRTM. Satellite images on flood events have been
searched at the Dartmouth flood observatory, but the images of two events recorded in
the 2000-2008 Rapid Response Inundation Maps including Nyeri and Nairobi are not
accessible anymore for the study area. The UNITAR/ UNOSAT map library contains
data on two events from 2018 to 2019, but not from the case study area. The UNOSAT
Flood Portal contains one event from 2008 in Kenya, but the event did not affect the
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Fig. 1 Overview on the methodological steps

case study areas. Earlier UNOSAT and other satellite maps are found by web search,
but do not cover the case study areas. At the UN-SPIDER knowledge portal, no data
set on floods and Kenya could be found. Within The International Charter Space and
Major Disasters, six activations for Kenya could be found starting from the year 2000,
five of them related to floods, but none of them from Nairobi or Nyeri.

Kenya has altitudes between zero and over 5,000 m; Nairobi is at 1,795 m and Nyeri
at 1,762 m, situated along the Aberdare mountain ranges (Fig. 3). Mount Kenya with
5,199 m is just north of Nyeri and about 140 northeast from Nairobi. To the east, the
topography decreases in altitude towards the coast.

Both case study locations, Nairobi and Nyeri, experience major urban growth but
are prone to natural hazards such as floods and droughts.
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2.2 GIS analysis of land use using spatial imagery

The analysis is a GIS assessment using remote sensing data in combination with statisti-
cal data. QGIS is used as the GIS software since it is cost-free, open source, and enables
the usage with different computer operating systems; so, it can be used by partners in
Kenya and Germany and other countries, in teaching as well as in further research. The
projection used is WGS84 UTM Zone 37 N, so metric analyses can be conducted.

First, urban growth is analysed by change detection using aerial images from 1948,
declassified CORONA mission (Day et al. 1998), related data from 1967 to 1977, and
Sentinel 2 data from 2020. The earliest available data and sufficient spatial resolution,
coverage of the case study area and cloud coverage, and costs were selection criteria
for the data (Table 1 provides details on remote sensing data ordered and used). The
aerial images were ordered from the National Collection of Aerial Photography (NCAP)
from the UK. The declassified CORONA, HEXAGON, and GAMBIT mission satellite
images were obtained from the USGS Earth Explorer portal; three images were already
available for free download. One additional image had been ordered. The OSM and Sen-
tinel-2 data were openly available on OSM and EOX platforms.

The aerial photographs and CORONA satellite images are georectified based on
OSM and Sentinel-2 data as base maps. Histogram stretch and contrast corrections have
been applied. The following land-use classes have been mapped then; urban built-up
areas, vegetation, and flood hazard areas. Urban built-up area features are manually
extracted and digitized from the 1948 aerial photos and the CORONA satellite images
at a viewing scale of 1:2,500 to 1:5,000 in QGIS. Sentinel-2 data are digitized at spa-
tial scales between 1:5,000 and 1:10,000. To capture built-up areas, mainly houses are
mapped since they are the easiest to identify by rectangular shapes as distinct urban
areas. Houses are identified mainly by the rectangular shape of the roofs. In addition,
roads and paved (/impervious/sealed) areas are mapped when connected to buildings but
not gardens or other partly natural surfaces. Special care is taken along rivers to cap-
ture houses and urban features. Vegetation land cover is mapped especially for human-
shaped irrigated land use when it is identifiable by rectangular features such as roads or
borders to other vegetation.

For training purposes, 100 x 100 m grids are created (Fig. 4). An urban area is defined
when adjacent urban features cover an area of at least 100 m% Roads are only mapped
when directly connected to buildings, up to 100 m to the buildings. Open spaces within
a city are mapped as urban when surrounded by a built-up area. The mapped areas are
then compared to recent land cover data from Sentinel-2 and Open Street Map (OSM)
data to capture urban growth and land-use change, but also in some cases to check the
plausibility of urban features still existing at the same spot.

Flood hazard features are analysed using water areas and bodies, river course, and
other hydrological data available from different data providers (OSM, Regional Centre
for Mapping of Resources for Development, SRTM, World Bank Data Catalogue, World
Resources Institute). Since no flood hazard zonation maps are available and no DEM in
sufficient resolution, a buffer zone is estimated around rivers in areas with rather even
topography, crossing the city quarter of Nairobi North-East and Ruiru according to the
average width of wetlands in data. It is also checked against a visual interpretation based
on Sentinel-2 data from 2020. From the spatial data available as satellite imagery and
auxiliary topographic maps, the signatures of vegetation and marshes around the rivers
are visually identified. In the GIS, the distances of their perimeters around the rivers are
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Fig.4 Training areas to delineate urban from other land-use signature with 100 m grid. Red arrows indicate
built-up area not included into the urban boundary

measured and distances of 150-200 m are obtained. For further GIS assessment using
buffers around the river lines, a 150 m distance is selected to remain more on the cau-
tious side of estimations, rather than 200 m. The topography is checked based on digital
elevation information available, and no steep terrain is detected that would demand for
modifications of the buffers. At field visits in 2018 and 2019 at and around the Kenyatta
university campus in this study site, it could be seen that the terrain is rather flat. Urban
and hazard growth rates are then calculated based on the area sizes extracted from the
aerial and satellite images.

3 Results

3.1 Nairobi: Ruiru

The mapping of the aerial image from 1948, the CORONA satellite data from 1977, and
the Sentinel-2 data from 2021 reveals urban growth in north-eastern Nairobi (Fig. 5). The

growth between 1948 and 1977 already is significant. It has to be noted that some of the
settlement areas from 1948 as mapped from the aerial photograph are not mapped on the
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1977 CORONA satellite image since the resolution is coarser. While some of the features,
such as rectangular shapes that could be houses also, are visible on the 1977 CORONA
image, they are not mapped when the signal is not clear enough to retain a consistent map-
ping approach.

The assessment in Nairobi reveals urban growth, as well as a growth of built-up area
into potentially flood hazard-exposed zones, too (Fig. 6). To estimate flood exposure,
buffer zones were created at 150 m width and have been checked against the topography as
derived from a 30-m resolution SRTM model, as well as against existing wetland data sets.
The terrain is rather even, and therefore, buffers extend to both sides of the river course
quite evenly. However, this GIS assessment and the buffer provide only a first indication,
which areas to analyse further with on-ground observation and finer-grained elevation
models. Not all terrain within the buffer, including higher and lower terrain segments, will
be flooded at all times.

Using GIS, the area sizes of the built-up areas are calculated. The urban built-up area at
the urban rim of Nairobi in the north-east in the subset used in Fig. 6 is calculated based
on the imagery to an area of 0.016 km? in 1948, 0.349 km? in 1977 and 3.783 km? in 2020.
This is a growth rate of about 10.8% from 1977 to 2020 (Table 2). Ruiru town (red area in
Fig. 6) has grown from area of 0.016 km? in 1948 to 0.349 km? in 1977, which is a growth
rate of 26.5%. This growth is then followed by a slightly lower rate of 23.5% from 1977 to
2020, up to 3.783 km? in 2020.

The results can be summarized that for Ruiru, the built-up area had grown 26-fold
from 1948 to 1977 and 23-fold from 1977 to 2020. At the same time, the potentially flood
exposed area had grown 1.7 times from 1948 to 1977 and over 100 times from 1977 to
2020. The exposed lengths of river embankments are provided which can be of interest for
planning flood protection measures such as dikes. The analysis also reveals that Ruiru had
grown much more than the adjacent South-Eastern part of the outskirts of Nairobi between
1977 and 2020. And the flood exposure of Ruiru had grown even much more by com-
parison to the built-up area. The growth rate of Nyeri between 1967 and 2020 is quite
comparable to the area analysed in Nairobi NE/ Ruiru. However, since satellite data with
sufficient resolution were not available from the same years, a direct comparison is not pos-
sible; it only can indicate similarities. Flood exposure also has increased in Nyeri, as the
perimeter of the built-up area also has grown along the river Chanya.

Land-use changes are also observable within the Ruiru area as well as in Nyeri. In
Ruiru, some areas had already been visibly transformed from natural environments to agri-
cultural usage (Fig. 7). The map shows the aerial image of 1948 in the centre, with grey-
scales ranging from values 8 to 255. It overlays the CORONA satellite image underneath,
which is cut to represent greyscale values from 4 to 239, to improve the signature contrast.
Interestingly, many areas that were used intensively in 1948 (orange borders on the map)
were not used in the same way in 1977. In 1948, the signature of the aerial image revealed
darker colours and regular shapes of both roads crossing it and regular parallel linear struc-
tures as common for crops. In 1977, these areas revealed a speckled and heterogeneous
reflection with lighter and mixed greyscales. On the other hand, some areas were inten-
sively used in 1977, which had not been used in this way in 1948 (red borders on the map).
Some other areas had been used both in 1948 and 1977, presumably for agriculture (not
mapped).

These land-use changes of some areas are important for mapping urban growth, too,
since they show the landscape before settlement. In the southern part of the aerial image,
one larger area is mapped (Fig. 8). It can be important to monitor such previous land
usages for loss of biodiversity or for revealing settlements that have overgrown previous
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Fig.7 Land-use changes in Ruiru from 1948 to 1977. (Data: see Table 1 for the aerial image and CORONA
data)

wetlands. It also shows up opportunities for drought monitoring and understanding long-
term changes.

3.2 Nyeri

In Nyeri, a similar strong urban development took place between 1967 and 2020 (Fig. 9).
Aerial images from before the 1960s could not be obtained, so no comparison to the 1940s
was feasible. The location of Nyeri along the Chanya river indicates a potential flood risk,
confirmed by the local experts from the Dedan Kimathi Technical University, who pro-
vided recent on-site video footage during the online workshops. Urban growth reveals an
expansion of the potentially flood-exposed built-up areas. Of course, local topography must
be observed, which is quite steep in this terrain and means that a river flood may not affect
both sides equally.

In Nyeri, the terrain is steeper than in Nairobi—Ruiru. However, the 150-m buffer zone
still fits quite well to the shape of the river Chanya valley, as derived from the STRM digi-
tal elevation model (DEM) (Fig. 10). But of course, due to the steep terrain, a much more
accurate DEM data set and ground observation are necessary to evaluate the flood expo-
sure risk. The SRTM data set exhibits some data processing flaws, as visible by large rec-
tangular shapes of the slopes in the upper left part of Fig. 10. The slope degrees range from
0 to 48, as described in the figure legend, and high degrees of inclination (Fig. 10) also
point out a potential exposure risk to landslides and erosion. The circles in Fig. 10 indicate
areas for further observation on-ground, where bridges and buildings could be at risk of
flooding or mass movement.

@ Springer



Natural Hazards (2023) 119:859-882

Fig.8 Development from intense agricultural use in 1948 to mixed-use in 1977 and the rather dense built-
up area in 2020 in Ruiru. (Data: see Table 1 for the aerial image, CORONA and Sentinel-2 data)
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Fig.9 Urban growth in Nyeri from 1967 to 2020
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Fig. 10 Urban boundaries of Nyeri in 2020 overlayed on digital elevation model (SRTM), with Chanya
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4 Discussion

The case study analysis reveals the usage of GIS in combination with remote sensing data
for monitoring land-use change over several decades. Specifically, the results consist of
digital maps that are based on data with restricted spatial and temporal resolution. These
maps can help to guide planers and disaster risk managers to identify exposure risks within
a broader regional overview. Such data can complement more detailed risk assessments on
the ground. Spatial data have the advantage to cover large regions with the same sensors
and derived information signatures. It can also enable comparisons between time phases
and document existing as well as historical land-use situations. Significantly, this study
shows how aerial imagery and older declassified satellite data can expand the time range
covered.

4.1 Data and methodology constraints

It has become evident that many constraints exist, such as in spatial resolution and temporal
availability. Satellite and aerial imagery missions in the 1980s and before were limited in
temporal coverage, spatial resolution and also, not all areas have been covered in a country.
Typically, larger urban areas or other areas of strategic military interest are often mapped
primarily (Day et al. 1998). For the case studies, it was more difficult obtaining images for
Nyeri than for Nairobi. But even for Nairobi, older missions have mainly mapped the urban
area at that time. At urban rims such as Ruiru, the availability of imagery was constrained.
For example, the high-resolution image from 1964 did not cover these outskirts of Nairobi
anymore.

The manual mapping is constrained in precision and handling for larger areas and
related amount of work. Automatization development of semi-automated and automated
machine learning unsupervised land-use classifications can enable certain improvements
in the work-flows and precision, while having their own constraints. However, since the
aerial and satellite imagery is greyscaled and extracted from analogous film, manual inter-
pretation and mapping still proved useful. Some attempts with the 2020 Sentinel-2 in using
automated classifications of land-use or extraction of built-up areas revealed problems; the
pattern of land-use and settlements in Kenya differs much from other areas in the USA, for
example. This is due to different dense vegetation cover in Kenya and more speckled settle-
ment types. Many smaller houses and shacks along roads and rural areas make it difficult
to separate their signature from other features. Some huts in rural areas growing into peri-
urban areas also have a rather rounded roof and stand intermixed with other features. Regu-
lar rectangular road layouts are often missing, and paved roads or open places usually make
identifying built-up areas easier. The manual mapping approach proved to be more pre-
cise than earlier machine learning automated approaches compared with a publicly avail-
able data set (WRI 2007). But even up-to-date automatic extraction supported by artificial
intelligence is constrained by data availability of Landsat data, ranging back globally to
1975, and its respective spatial resolution (Pesaresi et al. 2019; Schiavina et al. 2019). The
Global Human Settlement Layer provides data for Kenya for 1975, 1990, 2000 and 2015
in 250 m resolution, or combined in a multi-temporal data set up to 30 m (Florczyk et al.
2019; Freire et al. 2016). For 2017 to 2018, 10 m spatial resolution is also available for
the built environment and 2 m for 2015 data. Comparing the machine learning approaches
with manual mapping, the manually extracted results still are more precise in this spatial
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Fig. 11 Manually mapped built-up areas in 2020 from Sentinel-2 data, as compared with the Nyeri built-up
area in 1989 (left; data by WRI 2007) and 1975 and 2015 for Ruiru (right; data by (Schiavina et al. 2019))
extracted automatically by machine learning approaches

resolution (Fig. 11). In addition, Google Open Buildings data were compared. The data
are derived with help of artificial intelligence. Unfortunately, many mismatches and errors
were identified in the two case study areas, such as parking lots mistaken for buildings, and
other objects that are easy to identify visually by comparing it to Sentinel-2 data or other.
But of course, the manual mapping is also constrained by original data resolution and map-
ping skills.

But of course, manual mapping and visual interpretation also provide many challenges;
for example, land-use change specification of vegetation types or identification of geomor-
phological features (Glass 2013). Multi-spectral imagery is much more apt to differentiate
and identify vegetation types as well as urban features and separate built-up from other
land-use types (Patino and Duque 2013; Wentz et al. 2014). The application of NDVI and
built-up area assessments was analysed in this study for Nairobi using Sentinel-2 data, but
was not as precise and successful as in other areas such as the USA (Fekete and Priesmeier
2021). It was more difficult, because the urban sprawl around Nairobi provides a specific
mix of vegetation and land use for farming within those areas, small huts and shacks. In
comparison to the same data for the USA, fewer rectangular shapes of roads and urban
layout exist, which hampers urban feature identification. Remote sensing offers a range of
further options for multi-spectral data or data in high spatial resolution, such as usage of
thermal sensors (Voogt and Oke 2003), night-time light urban feature extraction (Wentz
et al. 2014; Zhao et al. 2019), object-based classification (Blaschke 2010; Kucharczyk et al.
2020), LiDAR data (Yan et al. 2015; Wedajo 2017), or radar data (Soergel 2010). This is
promising for recent satellite data but has limitations when applied to greyscale older satel-
lite images with often medium or rather coarse spatial resolution.

4.2 Multimodal enrichment opportunities

This sub-section discusses options for future assessments, to advance the results and study
shown in this article. It is presented using a new data set example and relates to specific
research directions in GIS assessments that are useful to advance the study further.

The presented GIS assessment can be extended from land-use change mapping to
enrichment by additional data and interpretations. For example, when comparing with
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1977 7 2020

Fig. 12 Identification of previous river beds (1977) within recent settlement areas (2020) in Nairobi
Githurai (Data: CORONA image left and OSM data right)

recent OSM data, features such as previous river beds that now have been overgrown by
settlement areas could be added to OSM (Fig. 12).

Other options would be to add further sources of VGI, such as photos of locations
after flood events or Twitter messages (Taylor 2016). Another option is to add commu-
nity efforts in preparing flood response measures, as mapped in Kibera, a slum in Nairobi,
removing garbage, widening rain channels, diverting floods with sandbags, etc. (Nelson
2016). Another important possibility is adding vulnerability and resilience information, for
example, about the informal settlements which cover many areas in Nairobi. Certain slums
in the city centre have been covered by studies (Corburn and Karanja 2014), but peri-urban
areas lack coverage so far. The potential of remote sensing data, however, has been dem-
onstrated to capture such informal settlements and could show an important method to
cover such areas (Kraff et al. 2020; Taubenbock et al. 2018) where data availability and
local accessibility often are a challenge, and ethical aspects must be observed, too. Other
features of urban composition can be analysed by spatial data, too, such as central busi-
ness districts that carry another type of economic risk (Taubenbock et al. 2013). But next
to social vulnerability, dependency of urban areas from critical or baseline infrastructure
is an upcoming topic, for example, as demanded by the United Nations (United Nations
2015). Urban populations depend on piped water, roads, food, and many other urban ser-
vices that should be integrated into holistic risk assessments (Ledant 2013). But also, the
natural environment needs to be included in such holistic risk assessments. For example,
the ecosystem services, the risk, the value of nature-based solutions, and investments into
sustainable land use (Vogl et al. 2017). And while this article has shown applications only
to flood hazards, it could also be applied to erosion and landslide risk.

5 Conclusions

The article demonstrates how urban growth into flood-prone areas can be mapped using
aerial and satellite images over several decades. Using GIS, the built-up area in Ruiru, Nai-
robi, had grown 20-fold from 1948 to 1977. At the same time, the potentially flood exposed
area had grown 7 times from 1948 to 1977. The analysis shows that Ruiru had grown
much more than adjacent outskirts of Nairobi between 1977 and 2020. The growth rate
of Nyeri between 1967 and 2020 is quite similar to the selected Nairobi case study area in
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the north-east. Such results can provide an estimation for urban planners and disaster risk
management institutions on increasing risk and exposure. The satellite and aerial images
can also help to point out former land coverage such as river beds or wetlands that can pose
risks such as risks related to groundwater or heavy rain.

As an outlook, current international bodies and concepts such as the Sendai Framework
demand more risk-informed decision-making (United Nations 2015). The need has grown
for data, monitoring, and data visualization for decision-makers and the public. Social ine-
qualities, vulnerabilities, and countries in the global South are a focus area due to natural
hazard events and fewer resources to cope with damages and losses (Warner and Zakield-
een 2012; Wrathall et al. 2015). However, large areas, especially in the global South, are
largely uncovered for even basic risk monitoring of urban growth or spatial exposure to
common natural hazards such as river floods. Data scarcity adds only to the problem and
underlines the knowledge gaps persisting (Osuteye et al. 2017). Overall, this may point
towards a distorted understanding of the risk of societies, where the disaster risk could
be less known or understood in some countries less covered by data and respective risk
assessments. Hitherto rather unexplored data and respective data repositories such as aerial
imagery captured by former colonial governments or espionage reconnaissance missions
could provide key innovations to expand the current limited understanding of the dynamic
spatial development of risk. The article also shows caveats of limited availability and use-
fulness of old data when constrained by accessibility, spatial, and spectral resolution. Vis-
ual mapping is time-consuming and limited to detecting certain types of natural hazards
such as floods or landslides, droughts, or wildfires. But it is a good starting point for risk
mapping and expanding the application of remote sensing data.

Such temporal monitoring of exposure to natural hazards can help inform not only a
static risk but also the dynamics of risk components such as urban expanse and settlement
on former riverine areas over time. This can also support the current research trend on
transformation in the context of climate change (Gibson et al. 2016; Pelling et al. 2015)
about the opportunities existing for measuring changes using remote sensing data (Kraff
et al. 2020). Of course, many more aspects need to be added to capture risks, such as infor-
mation about vulnerabilities, capabilities, and resilience (Cutter et al. 2008). And for trans-
formation, fundamental changes such as regime changes need to be added to capture what
is currently understood as transformation (IPCC 2012, 2019; Solecki et al. 2017). How-
ever, land-use change is a fundamental footprint of human activity and the result of many
decisions taken in combination, such as economic, legal, and environmental decisions. It is
often difficult to capture how to avoid risks in context to on-going transformations and one
example could be to better guide “build back better” programmes (Gibson et al. 2016; Ken-
nedy et al. 2008) on how to avoid reconstruction in areas where settlement has overgrown
former river beds. Mapping spatial exposure transformation can therefore be understood
as a tool helping to document and understand a larger transformation. In context to cli-
mate change, more documentation of the hazard trends and human interaction with natural
hazard-prone areas is necessary, especially in countries underresearched and hampered by
data scarcity.

Appendix

See Table 3.

@ Springer



Natural Hazards (2023) 119:859-882

878

Sy ¢ 120C AN 0€ SPIOMADY Doensqy ‘O 9[on1y ‘sndoog poop NV SuIsuas gjowal NV BAUY]
[nyosn Auew ‘syy [ 1202 AeIN 0€ SPIOMADY 9oensqQy ‘O 9[on1y ‘sndoog pool ANV 2M[[ores NV BAUSY]
[nJasn Jou ‘Siy § 120C AN 0€ SpPIOMADY DoensSqQy ‘9N 9[onIy ‘sndoog pool NV [BlIoe NV BAUSY]
[nJasn Jou ‘S)y ¢ 1202 ABIN 0€ SpIOMADY 9oensSqy ‘AN 9[onIy ‘sndodog pIezey NV [eHoE NV BAUSY
Sy [njasn AUeIA 1202T KN 0€ 9[onIE Ul ‘Fe[oydS 9[3000) pIezey NV [BHOE NV Ueqin NV BAUSY
SHy 0 120T AeIN 0¢ opnuI[[e IB[OYdS 9[300D [eLI9E NV UBQIn NV BAUSY
sy () 1202 AN 0E spIomADY Joensqy Q[N 9[onay ‘sndoog pIezey NV [BLIB NV UBqIn NV BAUSY
pasn ‘sjy ¢ 1202 AeIN O€ SpIoMADY JoeNsSqQY Q[N 9[onay ‘sndoog e ANV Ueqin NV eAuay]
918000 dew poop JoALI NV JOALI JO QWEN
eAueyD ‘1qoITeN ‘SUOIN ‘QIeyIe]A SIOATY

paysIiorem-qns
eueSeg ‘urseq I0ATY eue], 1odd() :posn sowreu poysINeA\
1I0AN ‘IqOIIBN :Pasn sdweu Ajuno))
nINWIT ‘nIrmy ‘LIAN ‘IOIRN] :pasn sawreu A1)
JUQWIWO)) [oIeas Jo ae( quISuo yoreog W9} YoIeas

Pasn SwiId) YoIeas Jo ISIT € d|qeL

pringer

Qs



Natural Hazards (2023) 119:859-882 879

Acknowledgements The author is grateful to the DAAD, the German Academic Exchange Service, for
funding mutual visits in Germany and Kenya, 2018-2020, within a project on a joint university of applied
sciences. Gratitude is also expressed to the colleagues in the project and the joint discussions.

Funding Open Access funding enabled and organized by Projekt DEAL. This work was supported by the
DAAD, the German Academic Exchange Service, within the project “Learning by Co-Design—Teaching is
Research” 2018-2020, project-ID: 57526386.

Declarations

Competing interests The author has no relevant financial or non-financial interests to disclose.

Open Access This article is licensed under a Creative Commons Attribution 4.0 International License,
which permits use, sharing, adaptation, distribution and reproduction in any medium or format, as long
as you give appropriate credit to the original author(s) and the source, provide a link to the Creative Com-
mons licence, and indicate if changes were made. The images or other third party material in this article
are included in the article’s Creative Commons licence, unless indicated otherwise in a credit line to the
material. If material is not included in the article’s Creative Commons licence and your intended use is not
permitted by statutory regulation or exceeds the permitted use, you will need to obtain permission directly
from the copyright holder. To view a copy of this licence, visit http://creativecommons.org/licenses/by/4.0/.

References

Acevedo W, Masuoka P (1997) Time-series animation techniques for visualizing urban growth. Comput
Geosci 23(4):423-435

Altmaier A, Kany C (2002) Digital surface model generation from CORONA satellite images. ISPRS J Pho-
togram Remote Sens 56(4):221-235

Bagan H, Yamagata Y (2012) Landsat analysis of urban growth: How Tokyo became the world’s largest
megacity during the last 40 years. Remote Sens Environ. 2012/12/01/;127 210-222

Bhatta B (2010) Analysis of urban growth and sprawl from remote sensing data Heidelberg. Springer,
Germany

Birkmann J, Welle T, Solecki W, Lwasa S, Garschagen M (2016) Boost resilience of small and mid-sized
cities. Nature 537:605-608

Blaschke T (2010) Object based image analysis for remote sensing. ISPRS J Photogramm Remote Sens
65(1):2-16

Bolch T, Buchroithner M, Pieczonka T, Kunert A (2008) Planimetric and volumetric glacier changes in
the Khumbu Himal, Nepal, since 1962 using Corona, Landsat TM and ASTER data. J Glaciol
54(187):592-600

Brito P, Quintanilha J (2012) A literature review, 2001-2008, of classification methods and inner urban
characteristics identified in multispectral remote sensing images. In: Proceedings of the proceedings of
the 4th GEOBIA, May 7-9, 2012—Rio de Janeiro, Brazil

Cecchini M, Zambon I, Pontrandolfi A, Turco R, Colantoni A, Mavrakis A, Salvati L (2019) Urban sprawl
and the ‘olive’landscape: sustainable land management for ‘crisis’ cities. GeoJournal 84(1):237-255

Corburn J, Karanja I (2014) Informal settlements and a relational view of health in Nairobi, Kenya: sanita-
tion, gender and dignity. Health Promot Int 31(2):258-269

Cutter SL, Barnes L, Berry M, Burton C, Evans E, Tate E, Webb J (2008) A place-based model for under-
standing community resilience. Glob Environ Change 18:598-606

Day DA, Logsdon JM, Latell B (1998) Eye in the sky: the story of the CORONA spy satellites Washington
DC: Smithsonian Institution

Ekbom A, Knutsson P, Ovuka M (2001) Is sustainable development based on agriculture attainable in
Kenya? A multidisciplinary case study of Murang’a district. Land Degrad Dev 12(5):435-447

Fekete A (2020) CORONA high-resolution satellite and aerial imagery for change detection assessment of
natural hazard risk and urban growth in El Alto/La Paz in Bolivia, Santiago de Chile, Yungay in Peru,
Qazvin in Iran, and Mount St Helens in the USA. Remote Sens 12(19):3246

Fekete A, Priesmeier P (2021) Cross-border urban change detection and growth assessment for Mexican-
USA twin cities. Remote Sens 13(21):4422

@ Springer


http://creativecommons.org/licenses/by/4.0/

880 Natural Hazards (2023) 119:859-882

Florczyk AJ, Corbane C, Ehrlich D, Freire S, Kemper T, Maffenini L, Melchiorri M, Pesaresi M, Politis P,
Schiavina M (2019) GHSL data package 2019. Luxembourg, EUR.29788 (10.2760):290498

Freire S, MacManus K, Pesaresi M, Doxsey-Whitfield E, Mills J Development of new open and free multi-
temporal global population grids at 250 m resolution;2016

Gamoyo M, Reason C, Obura D (2015) Rainfall variability over the East African coast. theoretical and
applied climatology. 2015/04/01;120(1):311-322

Gibson T, Pelling M, Ghosh A, Matyas D, Siddigi A, Solecki W, Johnson L, Kenney C, Johnston D, Du
Plessis R (2016) Pathways for transformation: disaster risk management to enhance resilience to
extreme events. J Extreme Events 3(01):1671002

Glass CE (2013) Interpreting aerial photographs to identify natural hazards Amsterdam. Elsevier,
Amsterdam

Habib S, Policelli F, Irwin D, Korme T, Adler B, Hong Y Application of satellite observations to manage
natural disasters in the Lake Victoria Basin. In: Proceedings of the 2009 IEEE international geoscience
and remote sensing symposium; 2009 12—17 July 2009

Hategekimana Y, Yu L, Nie Y, Zhu J, Liu F, Guo F (2018) Integration of multi-parametric fuzzy analytic
hierarchy process and GIS along the UNESCO World Heritage: a flood hazard index, Mombasa
County, Kenya. Natl Hazards 92(2):1137-1153

Hepcan S, Hepcan CC, Kilicaslan C, Ozkan MB, Kocan N (2013) Analyzing landscape change and
urban sprawl in a Mediterranean coastal landscape: a case study from Izmir, Turkey. J Coast Res
29(2):301-310

Hoedjes JCB, Kooiman A, Maathuis BHP, Said MY, Becht R, Limo A, Mumo M, Nduhiu-Mathenge J,
Shaka A, Su B (2014) A conceptual flash flood early warning system for Africa, based on terrestrial
microwave links and flash flood guidance. ISPRS Int J Geo Inf 3(2):584-598

IPCC (2012) Managing the risks of extreme events and disasters to advance climate change adaptation. A
Special Report of Working Groups I and II of the Intergovernmental Panel on Climate Change—IPCC
[Field CB, Barros V, Stocker TF, Qin D, Dokken DJ, Ebi KJ, Mastrandrea MD, Mach KIJ, Plattner
G-K, Allen SK, Tignor M, Midgley PM (eds.)], Cambridge, UK, and New York, NY, USA: Cambridge
University Press

IPCC (2019) Annex I: glossary. In: IPCC special report on the ocean and cryosphere in a changing climate.
In Press: Portner H-O, Roberts DC, Masson-Delmotte V, Zhai P, Tignor M, Poloczanska E, Minten-
beck K, Alegria A, Nicolai M, Okem A, Petzold J, Rama B, Weyer NM (eds)

Katyambo MM, Ngigi MM (2017) Spatial monitoring of urban growth using GIS and remote sensing: a
case study of Nairobi metropolitan area, Kenya. Am J Geogr Inf Syst 6(2):64—82

Kennedy J, Ashmore J, Babister E, Kelman I (2008) The meaning of ‘build back better’: evidence from
post-tsunami Aceh and Sri Lanka. J Conting Crisis Manag 16(1):24-36

Khan SI, Hong Y, Wang J, Yilmaz KK, Gourley JJ, Adler RF, Brakenridge GR, Policelli F, Habib S, Irwin
D (2011) Satellite remote sensing and hydrologic modeling for flood inundation mapping in lake Vic-
toria Basin: implications for hydrologic prediction in ungauged basins. IEEE Trans Geosci Remote
Sens 49(1):85-95

King D (2001) Uses and limitations of socioeconomic indicators of community vulnerability to natural haz-
ards: data and disasters in Northern Australia. Nat Hazards 24:147-156

Koeva M, Bennett R, Gerke M, Crommelinck S, Stocker C, Crompvoets J, Ho S, Schwering A, Chipofya M,
Schultz C, et al (2017) Towards innovative geospatial tools for fit-for-purpose land rights mapping. Int
Arch Photogramm Remote Sens Spatial Inf Sci XLII-2/W7 37-43

Kraff NJ, Wurm M, Taubenbock H (2020) The dynamics of poor urban areas-analyzing morphologic trans-
formations across the globe using Earth observation data. Cities 107:102905

Kucharczyk M, Hay GJ, Ghaffarian S, Hugenholtz CH (2020) Geographic object-based image analysis: a
primer and future directions. Remote Sensing 12(12):2012

Leauthaud C, Belaud G, Duvail S, Moussa R, Griinberger O, Albergel J (2013) Characterizing floods in the
poorly gauged wetlands of the Tana River Delta, Kenya, using a water balance model and satellite data.
Hydrol Earth Syst Sci 17(8):3059-3075

Ledant M (2013) Water in Nairobi: unveiling inequalities and its causes. Les Cahiers D’outre-Mer Revue De
Géographie De Bordeaux 66(263):335-348

Li X, Zhou Y, Zhu Z, Liang L, Yu B, Cao W (2018) Mapping annual urban dynamics (1985-2015) using
time series of Landsat data. Remote Sens Environ 216:674-683

Masek J, Lindsay F, Goward S (2000) Dynamics of urban growth in the Washington DC metropolitan area,
1973-1996, from Landsat observations. Int J Remote Sens 21(18):3473-3486

Memon PA (1982) The growth of low-income settlements: Planning response in the peri-urban zone of Nai-
robi. Third World Plann Rev 4(2):145

@ Springer



Natural Hazards (2023) 119:859-882 881

Mubea K, Goetzke R, Menz G (2014) Applying cellular automata for simulating and assessing urban growth
scenario based in Nairobi, Kenya. Int J Adv Comput Sci Appl 5

Mundia CN, Murayama Y (2010) Modeling spatial processes of urban growth in African cities: a case study
of Nairobi City. Urban Geogr 31(2):259-272

Mundia CN (2017) Nairobi metropolitan area. In: Urban development in Asia and Africa. Springer, pp
293-317

Narama C, Kéddb A, Duishonakunov M, Abdrakhmatov K (2010) Spatial variability of recent glacier area
changes in the Tien Shan Mountains, Central Asia, using Corona (~ 1970), Landsat (~ 2000), and
ALOS (~ 2007) satellite data. Global Planet Change 71(1-2):42-54

Ndegeah S (2015) Peri-urbanization in a globalizing world: A retrospective evaluation of the complexities
of geospatial urban growth and planning in the Nairobi metropolitan region, Kenya: Dissertation. Col-
lege of Graduate Studies, University of Idaho, Moscow

Nelson KG (2016) What Kenya’s biggest slum can teach us about saving cities from floods. 7 Jan 2016.
Available from https://ensia.com/features/what-kenyas-biggest-slum-can-teach-us-about-saving-cities-
from-floods/; 21 Sept 2021

Okaka FO, Odhiambo BD (2019) Health vulnerability to flood-induced risks of households in flood-prone
informal settlements in the Coastal City of Mombasa, Kenya. Natl Hazards 99(2):1007-1029

Olang LO, Fiirst J (2011) Effects of land cover change on flood peak discharges and runoff volumes: model
estimates for the Nyando River Basin, Kenya. Hydrol Processes 25(1):80-89

Osuteye E, Johnson C, Brown D (2017) The data gap: An analysis of data availability on disaster losses in
sub-Saharan African cities. Int J Disaster Risk Reduct 26:24-33

Otieno OM, Abdillahi HS, Wambui EM, Kiprono KS (2019) Flood impact-based forecasting for early warn-
ing and early action in Tana River Basin, Kenya. Int Arch Photogramm Remote Sens Spatial Inf Sci.
XLII-3/W8 293-300

Patino JE, Duque JC (2013) A review of regional science applications of satellite remote sensing in urban
settings. Comput Environ Urban Syst 37:1-17

Pelling M, O’Brien K, Matyas D (2015) Adaptation and transformation. Climatic Change. 2015/11/01/;133
(1):113-127

Pesaresi M, Florczyk A, Schiavina M, Melchiorri M, Maffenini L (2019) GHS settlement grid, updated
and refined regio model 2014 in application to ghs-built r2018a and ghs-pop r2019a, multitemporal
(1975-1990-2000-2015) r2019a. European Commission, Joint Research Centre (JRC)

Pope KO, Sheffner EJ, Linthicum KJ, Bailey CL, Logan TM, Kasischke ES, Birney K, Njogu AR, Roberts
CR (1992) Identification of central Kenyan Rift Valley Fever virus vector habitats with landsat TM and
evaluation of their flooding status with airborne imaging radar. Remote Sens Environ 1992/06/01/;40
(3):185-196

Potts D (2017) Conflict and collisions in Sub-Saharan African urban definitions: interpreting recent urbani-
zation data From Kenya. World Dev 2017/09/01/;97 67-78

Qiming Z (2011) Review on change detection using multi-temporal remotely sensed imagery. Geomat
World 9(02):28-33

Schiavina M, Freire S, MacManus K (2019) GHS population grid multitemporal (1975, 1990, 2000, 2015)
R2019A. European Commission, Joint Research Centre (JRC)

Shaw R, Das A (2018) Identifying peri-urban growth in small and medium towns using GIS and remote
sensing technique: a case study of English Bazar Urban Agglomeration, West Bengal, India. Egypt J
Remote Sens Space Sci 21(2):159-172

Simonovic SP, Peck A (2013) Dynamic resilience to climate change caused natural disasters in coastal meg-
acities quantification framework. Br J Environ Clim Change 3(3):378-401

Soergel U (2010) Review of radar remote sensing on urban areas. Radar remote sensing of urban areas.
Springer, Dordrecht, pp 1-47

Solecki W, Pelling M, Garschagen M (2017) Transitions between risk management regimes in cities. Ecol
Soc 22(2)

Song X-P, Sexton JO, Huang C, Channan S, Townshend JR (2016) Characterizing the magnitude, tim-
ing and duration of urban growth from time series of Landsat-based estimates of impervious cover.
Remote Sens Environ 2016/03/15/;175 1-13

Stewart DJ, Yin Z-Y, Bullard SM, MacLachlan JT (2004) Assessing the spatial structure of urban and popu-
lation growth in the Greater Cairo area, Egypt: a GIS and imagery analysis approach. Urban Stud 41
(1):95-116

Stiller D, Wurm M, Stark T, Angelo P, Stebner K, Dech S, Taubenbock H (2021) Spatial parameters for
transportation: A multi-modal approach for modelling the urban spatial structure using deep learning
and remote sensing. J Transp Land Use 14(1):777-803

@ Springer


https://ensia.com/features/what-kenyas-biggest-slum-can-teach-us-about-saving-cities-from-floods/
https://ensia.com/features/what-kenyas-biggest-slum-can-teach-us-about-saving-cities-from-floods/

882 Natural Hazards (2023) 119:859-882

Tappan GG, Hadj A, Wood EC, Lietzow RW (2000) Use of Argon, Corona, and Landsat imagery to
assess 30 years of land resource changes in west-central Senegal. Photogramm Eng Remote Sens 66
(6):727-736

Taubenbock H, Klotz M, Wurm M, Schmieder J, Wagner B, Wooster M, Esch T, Dech S (2013) Delineation
of central business districts in mega city regions using remotely sensed data. Remote Sens Environ
136:386-401

Taubenbock H, Kraff NJ, Wurm M (2018) The morphology of the Arrival City—a global categorization
based on literature surveys and remotely sensed data. Appl Geogr 92:150-167

Taylor F. 2016. Mapping the April 2016 Nairobi Flooding from Online Sources; Urbanark. Available from
https://www.urbanark.org/Nairobi_flood_map_from_social_media; 20 Sept 2021

UN/HABITAT (2017) New Urban Agenda Quito, Ecuador: United Nations, Habitat III Secretariat

United Nations (2015) Sendai Framework for Disaster Risk Reduction 2015-2030. United Nations Office
for Disaster Risk Reduction: Geneva, Switzerland

Ur J (2003) CORONA satellite photography and ancient road networks: a northern Mesopotamian case
study. Antiquity 77(295):102-115

Vogl AL, Bryant BP, Hunink JE, Wolny S, Apse C, Droogers P (2017) Valuing investments in sustainable
land management in the Upper Tana River basin, Kenya. J Environ Manag 195:78-91

Voogt JA, Oke TR (2003) Thermal remote sensing of urban climates. Remote Sens Environ 86 (3):370-384

Warner K, Zakieldeen SA (2012) Loss and damage due to climate change. An overview of the UNFCCC
negotiations

Wedajo G (2017) LiDAR DEM data for flood mapping and assessment; opportunities and challenges: a
review. ] Remote Sens Gis 6:2015-2018

Wentz EA, Anderson S, Fragkias M, Netzband M, Mesev V, Myint SW, Quattrochi D, Rahman A, Seto KC
(2014) Supporting global environmental change research: a review of trends and knowledge gaps in
urban remote sensing. Remote Sens 6(5):3879-3905

Wrathall DJ, Oliver-Smith A, Fekete A, Gencer E, Reyes ML, Sakdapolrak P (2015) Problematising loss
and damage. Int J Glob Warm 8(2):274-294

WRI (2007) Kenya GIS Data. ke_pop89Imb. In: World Resources Institute

Yan WY, Shaker A, El-Ashmawy N (2015) Urban land cover classification using airborne LiDAR data: a
review. Remote Sens Environ 158:295-310

Zhang P, Gong M, Su L, Liu J, Li Z (2016) Change detection based on deep feature representation and map-
ping transformation for multi-spatial-resolution remote sensing images. ISPRS J Photogramm Remote
Sens 116:24-41

Zhao M, Zhou Y, Li X, Cao W, He C, Yu B, Li X, Elvidge CD, Cheng W, Zhou C (2019) Applications
of satellite remote sensing of nighttime light observations: advances, challenges, and perspectives.
Remote Sens 11(17):1971

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

@ Springer


https://www.urbanark.org/Nairobi_flood_map_from_social_media

	Peri-urban growth into natural hazard-prone areas: mapping exposure transformation of the built environment in Nairobi and Nyeri, Kenya, from 1948 to today
	Abstract
	1 Introduction
	2 Method
	2.1 Case study areas
	2.2 GIS analysis of land use using spatial imagery

	3 Results
	3.1 Nairobi: Ruiru
	3.2 Nyeri

	4 Discussion
	4.1 Data and methodology constraints
	4.2 Multimodal enrichment opportunities

	5 Conclusions
	Appendix
	Acknowledgements 
	References




