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Abstract. Climate change leads to an increasing number of flood events that poses threats to a large share
of the global population. In addition to direct effects,
flooding leads to indirect effect due to damages of
the road infrastructure that might limit accessibility of
health sites. For disaster preparedness it is important
to know how flood events impact accessibility in that
respect. We analyzed this at the example of the capital
of Indonesia, Jakarta based on the flood event of 2013.
The analysis was based on information about the road
network and health sites from OpenStreetMap. We assessed impacts of the flood event by comparing centrality indicators of the road network as well as by an
accessibility analysis of health sites before and during the event. The flooded areas were home to 2.75
million inhabitants and hosted 79 clinics and hospitals. The flood split the road network into several subgraphs. The city center maintained its importance for
time-efficient routing as well as for easily accessible
healthcare but might be prone to traffic congestion after such an event. Indirect effects via interrupted road
traffic through flooded areas affected around 1.5 million inhabitants and led to an increase of travel time to
the nearest hospital by five minutes based on normal
traffic conditions.
Keywords. disaster preparedness, OpenStreetMap,
network analysis, openrouteservice, accessibility,
health sites

1

Introduction

Due to climate change and anthropogenic activities, the number and intensity of natural hazards has
steadily increased at the global scale. Floods are the

most common natural disaster worldwide, with remarkable impacts on public health and economic welfare (Alderman et al., 2012). Most low-income countries are more vulnerable to floods since they often lack
resources for all phases of the disaster management
cycle: preparedness, mitigation, response and recovery
(Alderman et al., 2012). Cities, including their infrastructures, are vulnerable systems, and the resilience of
these systems is important for maintaining their functions under shock events such as major floods. Two important components of resilience are the road network
as well as the healthcare system. Access to healthcare
facilities is essential for the population in their everyday life and even more in such an emergency (Luo and
Wang, 2003). The analysis and evaluation of the various aspects of the road network and healthcare supply
are therefore important for understanding and managing the effects of flooding.
The Indonesian capital mega-city Jakarta, located at
the coast of the Java Sea, is facing a serious risk
of flooding due to its physical-geographical setting:
about 40% of the land is below sea level and most
of the Jakarta mainland stretches across alluvial lowland with a mean elevation of 7 m above sea level
(ADPC, 2010). The city’s water systems consists of 13
rivers, drains and canals that discharge into Jakarta Bay
through Jakarta’s 35-km coast. In addition to flood risk
by heavy rainfalls during the monsoon season, floods
might be also triggered or aggrevated by storms that
push sea water inland. Jakrata has faced an increasing
number of flood events: the years 1996, 2002, 2007,
2013, 2014 and 2020 (Octavianti and Charles, 2019;
AHA center, 2020; Lyons, 2015) were marked by intense flooding, with the year 2007 having the worst
impact so far. In this year 97 deaths were counted,
500,000 people evacuated, and 60 percent of the city
area flooded (Octavianti and Charles, 2019). In 2013
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14 percent of the entire city was flooded, 20 people
died, and 50,000 people had to be evacuated (Octavianti and Charles, 2019). The rising sea level, land
subsidence and the lack of flood protection exacerbate
the situation (Baker, 2012). Due to data availability, we
used the flood of 2013 as an example to analyse resilience.
A number of studies have investigated how centralness indicators could be used to assess the resilience or
vulnerability of road networks to external disturbance
- e.g. (e.g. Abshirini et al., 2017; Ahmadzai et al.,
2019; Demšar et al., 2008; Gauthier et al., 2018; Papilloud et al., 2020; Zhang et al., 2011). Accessibility
of health sites based on isochrones has been applied
less frequently. Examples are an analysis for subsaharan Africa (Geldsetzer et al., 2020) as well as studies
at city scale (Arrighi et al., 2019; Coles et al., 2017;
Green et al., 2017; Guagliardo, 2004). In case of disasters the affected parts of the road network have to be
detached from the routing graph (Eckle et al., 2016).

The flood extent map for 2013 was provided by HOT
Indonesia. The flood map included no information
about the severity of the flooding such as water depth.
Information on health sites was also provided by HOT
Indonesia - the information has been incorporated by
HOT Indonesia into the OSM database and is available
by the usual means of accessing OSM data. In addition
to the type of the health site (hospital, clinic, doctor,
pharmacy), information on bed capacity was available
for about 60% of the hospitals and for about 53% of
the clinics. Where the information on bed capacity was
missing we imputed the mean of each category.
To estimate the amount of population affected by
changes in accessibility due to the flood events, WorldPop (WorldPop, 2020) data at 100m cell size resolution
was used.

Combined assessment of both accessibility of health
sites by means of isochrones and network connectivity in respect to resilience to flood events was seldom
investigated. Since both aspects are interconnected a
combined analysis might reveal aspects of concern for
city planning and disaster preparedness. Our analysis
aimed at:
1. identifying parts of the road system in Jakarta
most critical for access to health sites in Jakarta
under normal conditions and under the flood event
of 2013
2. a quantification of the effect of the flood event in
2013 on access of the population to health sites.
Since OSM was the main data source of our analysis,
it was furthermore necessary to assess underlying data
quality aspects with respect to the fitness for purpose.

2

Methods and Data

The road network was extracted from OSM by
overpass-turbo (Overpass-Turbo Development Team,
2020). We used the administrative city boundaries of
Jakarta. The mega-city, however, does not stop at the
administrative boundaries - densely populated areas
continue in the surroundings. The northern islands
(’Kepulauan Seribu’) were excluded from the analysis,
avoiding complexities such as transport by boats. The
resulting area covered about 650 km2 . We used recent
OSM data (29/09/2020), since our analysis aimed at
understanding how resilient the current city would be
towards a flood event similar to the 2013 event. Completeness of OSM in the region has increased over time
(c.f. figure 2), so using data from 2013 would imply the
use of more incomplete OSM data.

Figure 1. Spatial extent of the 2013 flood and location of
clinics and hospitals. Areas outside the administrative boundary of Jakarta are greyed out.

2.1

Network analysis

Connectivity of the road network was estimated by
indicators of network centrality, namely betweenness
and closeness centrality. Betweenness centrality (BC)
is based on the shortest path between two nodes in the
network. It measures how frequently a node lies on the
shortest paths among all possible node pairs (Freeman,
1977; Wang et al., 2018). The betweenness centrality
of a nodes denotes the fraction of shortest paths which
pass through the focal node between all node pairs
(Equation Eq. (1). The higher the betweenness centrality value of a node, the higher the importance of the
node in the network. The implementation of Brandes
(Brandes, 2001) was used to calculate BC. Since we
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used travel times as weights the BC measured in our
case the frequency at which the respective nodes were
approached or crossed on the fastest routes. Nodes with
a high betweenness value are crossed more frequently
and are in this context important for a fast routing and
traffic flow. An even spatial distribution of betweenness values indicates a resilient road network, since the
maintenance of traffic does not depend on individual
nodes and is therefore not affected by the failure of individual sections. A doubling in value implies that the
node is passed twice as often.

BC(i) =

X
i6=s,i6=t,s6=t

i
gst
gst

(1)

where node i is the specified node, node s and t are
two arbitrary nodes which are distinct and also different from i, gst is the number of shortest paths between
i
s and t, and gst
is the number of shortest paths via node
i between s and t.
Closeness centrality (CC) (Sabidussi, 1966) counts the
reciprocal of the average distance from a specific node
to any other nodes within the network. Since the classic formula cannot be used for disconnected graphs we
used a variant, the harmonic closeness centrality (HC,
Equation 2) (Rochat, 2009). Nodes with a higher HC
are closer to all other nodes and can therefor be easier
reached by others (Opsahl et al., 2010). In contrast to
the BC, the results of the HC indicate, which nodes can
be reached most quickly on average from all existing
nodes. Nodes with a higher closeness rating can therefore be regarded as important supply points as well as
locations which can be reached quickly by all other
nodes.

HC(i) =

X

dij

(2)

i6=j∈N

where N is the set of nodes, and dij denotes the distance between node i and j.
For the analysis of connectivity only drivable roads,
including residential roads were considered since we
assumed transport by cars or minibuses. The analysis
was performed twice: for normal conditions and for the
2013 flood event. For the flood event all roads that intersected with the flooded areas were removed from the
weighted graph. Weights were based on the length of
the road segment divided by the speed limit. To examine the indirect flood impact on the road network the
value difference for both BC and HC was taken between the normal and the flooded scenario.
To estimate the resilience of the road network towards
the flood event we calculated an adjusted version of the
sameness indicator (Abshirini et al., 2017). This indicator measures how much of the existing foreground

network remains unchanged after a disruption. It follows the idea that a network is less resilient, if the high
centrality values do not remain with the existing nodes
but are transferred to others. We used the top one percent of the centrality values as the small foreground
network and the top ten percent as the large foreground
network. We calculated the sameness ratio (SR) between the large foreground network for the normal and
the flood event situation to quantify how strongly the
flood event affected the road network. The SR ranges
from 0 to 1 - higher SR values indicate that the functionality of the road network changed less.
2.2

Accessibility analysis

Accessibility was estimated by calculating isochrones
(O’Sullivan et al., 2000; Doling, 1979) for each of the
hospitals and clinics inside the administrative boundaries of Jakarta. For the flood event, only hospitals and
clinics outside the flooded areas were considered. It
was assumed that health sites in flooded areas were either out of order or unreachable for people in need. The
openrouteservice (HeiGIT, 2020) was used to calculate
the isochrones for each clinic and hospital based on the
OSM road network. During pre-processing the openrouteservice builds the network graph and assigns routing weights based on OSM data. Travel time as well as
traffic restrictions depend on the mode of transport. We
used the car profile together with the standard speed
limits of the ORS, that are assigned based on road categories if not present as tags at the individual OSM
ways. The isochrones calculation considers additional
factors such as driving constraints and turn restrictions
if these are present in the OSM data for the region.
Isochrones were calculated for 5 minutes intervals up
to half an hour of driving time. The isochrones for the
two health site categories hospitals and clinics were analyzed separately. For the flood scenario flooded areas
were erased from the isochrones - while flooded roads
were excluded from the graph isochrones could still include smaller flooded areas under some circumstances
without that extra step. The analysis was based on the
simplifying assumption, that inhabitants seek help at
the nearest hospital or clinic. An assumption that might
hold for emergencies but not necessarily for other situations.
To estimate the relationship between the health service
supplied and the demand for that service, we divided
the number of beds per clinic or hospital inside each
isochrone by the population in that isochrone. To examine the actual flood impact on the available health
care supply, the change in the health site distribution
and bed capacity was calculated by determining the
difference between the results of the normal and the
flooded scenario for each isochrone.
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2.3 Intrinsic data quality assessment

3

Since our analysis relies heavily on OSM data, it
was necessary to check data quality. We followed
an intrinsic data quality approach (Senaratne et al.,
2017; Degrossi et al., 2017; Barron et al., 2014). We
queried contributions for different feature classes and
studied the development of contributions over time.
OSM history was accessed via the ohsome API that
builds on the oshdb (Raifer et al., 2019). We analyzed
the development of the length of relevant highway
classes, hospitals and clinics (amenity=hospital and
amenity=clinic), hospitals and clinics were capacity
information was present (capacity:persons=*). Definitions of the different road classes and the two health
site categories can be found in the OSM Wiki (OSM
Wiki, 2021a,b,c). In addition, we analyzed the number
of OSM users in Jakarta that contributed actively in the
domain of roads and paths (highway=*) or amenities
(amenity=*).

3.1

2.4

Software and Data Availability

The code used for the analysis of network centrality
and accessibility is available at github at https://github.
com/GIScience/Jakarta_Thesis_Klipper. Except the
flood extent data, which were provided by the Humanitarian OpenStreetMap Team (HOT) Indonesia, all used
data are publicly available.
The analysis of network centrality and accessibility
was performed in Python 3.7 (Python Development
Team, 2020) and QGIS (QGIS Development Team,
2020). Handling of the network data was performed by
the Python OSMnx (Boeing, 2017), betweenness indicators were calculated by NetworKit (Staudt et al.,
2016) and isochrones were calculated by calls to the
openrouteservice API (HeiGIT, 2020) via the Python
module openrouteservice 2.2.3, using the car profile
and standard speed limits. In addition, the following
python modules were used: fiona 1.8.13, pandas 1.0.1,
numpy 1.18.1, shapely 1.7.0, geopandas 0.7.0, rtree
0.9.4, matplotlib 3.2.0, pyyaml 5.3, ogr2osm, rasterio
1.1.3, area 1.1.1 and rasterstats 0.14.0.
The analysis of the data quality was performed in R (R
Core Team, 2021), using the packages sf (Pebesma,
2018), RCurl (Temple Lang, 2021), geojsonio (Chamberlain and Teucher, 2021), tidyverse (Wickham et al.,
2019), ggplot2 (Wickham, 2016) and ggpubr (Kassambara, 2020). R code of the analysis is available at https:
//gitlab.gistools.geog.uni-heidelberg.de/giscience/
big-data/ohsome/ohsome-api-analysis-examples/
completeness_highway_healthsites_jakarta.

Results
Data quality assessment

The development of OSM features in Jakarta (c.f. fig.
2) shows that the length road categories relevant for car
travel have been converging towards 13,000 km. The
increase in road lengths for these categories has been
very small, especially since mid 2019. Additional features of the OSM key highway were mainly added for
categories such as footway or path. The general development of contributions showed several phases which
could be described by a multiple logistic growth function. This pattern presumably is related to several mapping campaigns triggered e.g. by HOT Indonesia. The
development of highway contributions showed some
shifts between different categories which might indicate a refinement of the road type classification. Visual
inspection of the road network in comparison to recent
high resolution imagery by Mapbox revealed also no
indication of missing road segments in the case study
region. Together with the sufficiently high number of
active OSM contributors mapping amenities and highways (c.f. fig. 3) we can take this as an indication, that
the relevant part of the road network was sufficiently
complete for our analysis.
Contributions to clinics and hospitals in OSM (which
are based on the HOT Indonesia data set we used) have
also levelled of since 2019. A few locations of hospitals (3% of 221) and clinics (0.5% of 1516) were added
since 2019 - however, we can still assume that the
locations of these health sites were sufficiently complete for our analysis. As mentioned above, information about bed capacity was incomplete.
3.2

Network analysis

Nearly a quarter of all nodes and of the edges were affected by the flood event, which split the network into
one main graph and several subgraphs. In total, 34,027
nodes were flooded and therefore no longer passable.
Effects of the flood event on betweenness centrality
there relatively small (cf. figure 4). A few nodes in the
center of the city gained in betweenness centrality but
on average the value decreased slightly from 0.00004
to 0.00002. Most of the nodes ( 75 percent) did not
change in value or only changed by a small amount
of -/+0.0005, which means that these nodes had an increasing or decreasing traffic volume of up to 0.05 percent.
Effects of the flood event on HC were a bit more pronounced than for BC (cf. figure 4). More than 60 percent of the remaining 111,379 nodes changed their HC
value by less than -/+0.2, which indicates that most
of the nodes and the major part of the network, respectively, maintained their functionality with respect
to the provision of fast access. Strongest losses in HC
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Figure 4. Histogram of BC and HC values for normal conditions and the flood event. The dashed lines represent the
mean of the distribution: grey: normal, black: flooded - for
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due to the small difference in mean.
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Figure 3. Intrinsic data quality assessment: number of active
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value occurred in nodes located near the city border.
This might be partly due to the artificial clipping of
the road network at the administrative boundary, since
this limited the possibility to bypass flooded areas near
the city boundary. On average the HC value decreased
from 0.25 to 0.13.
For the small foreground network - representing the top
one percent of the BC values - effects on BC become

clearer (cf. figure 5). The value of about 50 percent
of these nodes decreased to a degree that indicated that
their high importance within the road framework could
not be maintained. Particularly affected by the flood as
well as by the loss of importance, were the connecting roads to the north-west and to the south. The city
centre area, on the other hand, even gained in importance in some cases. Around 4.7 percent (69 nodes) of
the small foreground network increased in BC value
(0.0005 - 0.0025). The nodes were located particularly
in the area close to the city centre on the east-west connection, running in parallel to roads which lost importance. The sameness ratio between the normal and the
flooded situation was 0.62 for BC.
For the small foreground network of the top one percent HC values nodes concentrate mainly to the western inner-city area (cf. Fig. 5). Almost 30 percent of the
nodes experienced such a strong importance decrease
by the flood event, that the respective nodes were no
longer part of the small foreground network. Nodes located in the centre of the city decreased in HC value
too, but belonged still to the small foreground network
- i.e. they were still of high importance for a fast supply
within the city. This indicates a core maintenance and
resilience of the road network for the largest sub-graph.
One node located in the city center gained strongly in
importance, the HC value changed from 0.51 to 2.18
- this node might be especially sensitive to traffic congestion. The sameness ratio between the normal and
the flooded situation was 0.69 for HC.
3.3

Accessibility analysis

Hospitals and clinics in Jakarta were mainly concentrated in the city center and western and southern parts
of the city. The concentration of health services was
further amplified since the hospitals and clinics in these
locations had also the highest bed capacities. Due to
the flood event, 30 (15%) hospitals and 349 (25%) clin-
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Figure 5. Flood impact on the BC (left) and HC (right) related small foreground network and the functionality of the main road
structure considering the frequency of crossed locations based on the car fastest routing profile within the administrative city borders.

ics were affected and were considered as no longer
functional for our analysis. This led to a reduction of
12,000 (16.6%) and 34,500 (25.8%) beds in hospitals
and clinics respectively.
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Figure 6. Amount of city population with healthcare access
within specific time range: (left) access to at least one hospital, (right) access to at least one clinic. The size of the accessible area, for the normal respectively the flooded scenario,
were calculated by summing up the inhabitants for the dissolved isochrones for each time interval.

Under normal conditions almost from the entire area of
the city of Jakarta at least one hospital or one clinic was
accessible within a 10 to 15 minute car drive (c.f. 6).
Exceptions were small areas at the city border, which

represent parks or areas with restricted access. From
the majority of the urban area and of the urban population the closest hospital was even accessible within
five minutes. The flooding had direct as well as indirect impact on accessibility to health sites. Directly affected were the flooded areas which were considered
no longer passable - in total 2.75 million inhabitants
(25.6% of the total population) lived in those areas.
Indirect effects were caused by detours necessary to
avoid flooded areas. These indirect impacts lead to an
increase of travel time by five minutes for the inhabitants of parts of the city. In the north-western part of
the city, north of the area most affected by the flood,
an additional travel time of up to ten minutes occurred
in some areas. Small spatial fragments close to the administrative city border were also subject to an additional travel time of more than ten minutes. In total
1.36 million inhabitants were affected by an increase in
travel time to the nearest hospital from up to 5 minutes
to 5 to 10 minutes and 140,000 by an increase from 5
to 10 minutes travel time to 10 to 15 minutes. With respect to the travel time to the nearest clinic the increase
by indirect effects was less severe: around 60,000 inhabitants had to face an increase from up to 5 to 5 to
10 minutes.
The main roads near the city centre provided under
normal conditions access up to 10,000 beds within a 5minute car drive, with bed availability in a five-minute
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drive decreasing towards the administrative boundary.
The effect of the flood event on accessible to bed capacity was spatially heterogeneous (cf. Fig. 7). Especially the northern part of Jakarta was affected with a
reduction of more than 0.1 beds per person per square
kilometre. In the southern section, the flood caused
changes of varying intensity.

4
4.1

Discussion
Network analysis

Due to the direct and indirect impacts of the 2013
flood, the road network broke up into sub-graphs.
However, the major part of the network remained intact. The network experienced inevitably a reduction
functionality, as road segments actively became impassable. Some non flooded areas were cut off from
the main part of the city and from the main supply.
BC captured the characteristics of the road network regarding efficient and fastest possible routing between
all places within the city, based on a car driving fastest
routing profile. The importance of the city centre increased in case of the 2013 flooding. The flood caused
a shift of the highest centrality values, which means
that the usual, previously used routes were no longer
the fastest connections and the traffic flow would shift
to other roads. This implied a stronger traffic concentration on the main roads close to the city centre, covering a much smaller area - since the highest centrality
values were spatially much closer and more compact
during this flood. Such a transformation can lead to
a concentration of traffic and consequently to congestion.
In comparison, HC identified locations that were on average fastest to reach, i.e. good supply locations within
the city. These places could be used as contact points
for people seeking help, but also to better coordinate
the supply for the affected areas. The high proportion
of nodes with a very low HC value, concentrated in the
outskirts, revealed that access to them would become
more time-consuming. The city centre and the main
traffic junctions within the centre showed up in this
respect. Access to the city centre was reduced in the
flood scenario, indicated by the decrease in HC value
of the nodes along the main roads, which were particularly affected by the indirect flood effects. Some
parts of the main roads were no longer passable and
were not able to maintain their function of providing
fast supply. However, due to the large number of routing possibilities between the outer areas and the city
centre, the city centre was still able to provide its main
supply functions for the entire city.

4.2

Accessibility analysis

In terms of travel time, access to health facilities remained the same in most parts of the city, in case of
the 2013 flood scenario. This is partly due to the given
spatial distribution of facilities and partly due to the
available choice of amenities. The areas that had to
consider additional travel time were mostly located in
the immediate vicinity of the flood. Accessibility for
areas not affected dropped only to a relatively small
amount, indicating again a relatively high resilience of
the system. However, bed capacity in five-minute driving time was distributed unevenly across the city, a situation that was further aggravated by the flood event.
In some cases, the flood event lead to a significant loss
of supply, especially in the north-western part of the
city where health supply was low already under normal conditions.
4.3

Limitations

Limitations of our analysis can be grouped into the following categories: 1) data quality, 2) assumptions and
indicators. With respect to data quality the road network underlying the analysis could be considered satisfyingly complete. The same could be assumed for clinics and hospitals. Attribute completeness with respect
to the bed capacity of clinics and hospital was suboptimal. The simple imputation by the mean might not
be sufficient to draw strong conclusions. The distribution of bed capacities was negatively skewed (highest
count for category > 500) for hospitals and positively
skewed (highest count for category < 50) for hospitals.
One might speculate that larger hospitals and clinics
were mapped first given their importance and prominence - in this case the imputation of the mean might
have resulted in too high bed capacities.
Results for accessibility of hospitals without considering the supply side were not affected by that issue.
However, accessibility has been calculated using the
speed limit as travel speed - this is unrealistic for traffic jams which are not atypical for a mega-city such
as Jakarta. So we have to assume that accessibility is
lower than suggested by our results - of course also
depending on the time of the day and the weekday.
Travel speed adjustments due to traffic conditions are
principle possible in the openrouteservice but require
realistic estimates based on observational data such as
Google Directions (e.g. Keller et al. (2020)). For a major flood event one has to consider that traffic might
be different from normal situation so traffic simulation
models might be required. Another shortcoming of our
analysis is that we estimated connectivity and accessibility by means of car transport - as much traffic in
mega-cities such as Jakarta relies on public and semipublic transport such as mini-busses this presumably
has also led to too high accessibility estimates. While
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Figure 7. Cumulative amount of available hospital beds per person per square kilometre accessible within a 5-minute car drive:
(left) normal scenario, (right) 2013 flood impact. Isochrone boundaries were dissolved by health site category and travel distance
to generate all available isochrone fragments. The cumulative bed capacity of each fragment was set in relation to the respective
population density. The flood impact was received by calculating the difference for each isochrone. Negative values indicate the loss
of available beds per person per square kilometre. Since the five minutes isochrones of some hospitals and clinics decreased due to
the direct and indirect effects of the flood the bed to inhabitant relationship increased in these zones relative to the normal situation
since less inhabitants could reach the hospitals and clinics.

these factors require more research, our results provide
still a first estimate based on freely available data. Factors influencing travel speed will presumably vary spatially, how much accessibility assessments have to take
this into account - or if it is sufficient to estimate conversion factors - is up for future research.
Demand for health care was estimated simply based on
population density. However, need for health care differs with age as well as with income and education.
Estimating and incorporating these effects was beyond
the scope of this study but should be included in upcoming work. With the focus on spatial distribution
and mobility-based access to healthcare, the individual acceptance and affordability of care services was
not included here. Consequently, then analysing the results, it must be kept in mind that various aspects such
as gender and age, costs as well as ethnic and religious backgrounds also have an influence (Penchansky
and Thomas, 1981; Jalil et al., 2018). Healthcare in Indonesia, in particular based on "out-of-pocket" financing (WHO, 2017), can lead to limited access for lower
income groups. In the event of a disaster, however, re-

stricted public and private care may decrease, resulting in general emergency care for all affected people.
Financial resources from NGOs, international and national institutions may also help to cover the costs necessary to ensure the provision of care.
We have restricted our analysis to the administrative
boundaries. However, the road network and the demand for health care extends beyond those limits. One
the one hand, accessibility in some parts might be a
bit higher due to the neglected possibility to bypass areas affected by flooding by taking routes outside the
administrative boundaries. On the other hand, average
travel times to health sites can be expected to increase
significantly if considering the outskirts of Jakarta,
since density of health services is clearly decreasing
with increasing distance to the city center.
A further assumption we made for our analysis was
that clinics and hospitals would be completely out of
use if they would be flooded. Some of those places
might be still functional at a reduced capacity. As long
as no data is available with that respect we decided to
provide conservative estimates based on the assump-
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tion that the health sites would either be not functional
due to damage by the flood or that they could not be
reached by emergencies and hospital/clinic staff.

5

viding as access to the flood map data as well as to the most
recent version of the health sites data base. Furthermore we
would like to thank the GIScience Heidelberg team members
and the HeiGIT Smart Location-based Services and Navigation, Big Spatial Data Analytics and Geoinformation for
Humanitarian Aid teams for fruitful discussions and support.

Conclusion and outlook

Planning for severe disasters requires an estimation of
the effects of the event on health sites and their accessibility. We have demonstrated that it is possible to
address such affects by publicly available data. While
information on the flood extent was not publicly available, publicly available remote sensing data such as the
Sentinel products (Malenovský et al., 2012) could be
used to produce this input data.
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