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Abstract
Transportation networks underpin socioeconomic development by enabling the movement of goods and people.
However, little is known about how flooding disrupts transportation systems in urban areas in developing country
cities, despite these natural disasters occurring frequently.
This study documents the channels through which regular
flooding in Kinshasa, the Democratic Republic of Congo,
impacts transport services, commuters’ ability to reach
their jobs, and the associated economic opportunity costs
from travel delays. This assessment is based on transit feed
specification data sets collected specifically for this analysis under normal and flooded conditions. These data sets
were combined with travel survey data containing travelers’
socioeconomic attributes and trip parameters, as well as a
high-resolution flood maps. The results show that (1) flood
disruptions cause increases in public transit headways and

transit re-routing, decreases in travel speeds, and thus travel
time delays, which translate into substantial economic costs
to local commuters; (2) accessibility to jobs decreases under
flooded conditions, hindering the establishment of an integrated citywide labor market; (3) there are spatial clusters
where some of the poorest commuters experience among
the highest travel delays, highlighting socio-spatial equity
aspects of floods; (4) certain road segments are critical for
the transport network and should be prioritized for resilience measures; and (5) the estimated daily cost of flood
disruption to commuters’ trips in Kinshasa is $1,166,000.
The findings of this assessment provide disaster mitigation
guidance to the Office des Voiries et Drainage under the
Ministry of Infrastructure, as well as strategic investment
recommendations to the Ministry of Housing and Planning.
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Introduction

Transportation networks provide critical socio-economic services at local and regional scales. However,
demographic and economic growth, rapid urbanization, increasing infrastructure interdependency, and
natural hazards – due to the worsening effects of climate change – are putting physical transportation systems
under increasing pressure (Chen & Wang, 2019; Schreider et al., 2000). This is particularly evident in urban
areas where transport networks are especially vulnerable to weather-related hazards (Pregnolato, Ford,
Glenis, et al., 2017; Singh et al., 2018; Yin et al., 2016). Improving their resilience to natural hazards and
extreme weather events has become a vital aspect of governing and managing an economically-viable and
livable city (Pregnolato, Ford, Wilkinson, et al., 2017).
Flooding, especially flash flood events due to extreme precipitation, is the predominant cause of weatherrelated disruption to the transport sector (DfT, 2014). Floods reduce transportation network capacity, either
directly through physical destruction rendering roads unusable or through floodwater accumulation on the
road surface rendering the road impassable. Both cases could lead to severe localized traffic congestion that
later propagates to regional levels (Mao et al., 2012; Rentschler et al., 2019). Kasmalkar et al., (2020) studied
the impact of coastal flooding with respect to traffic disruption in the San Francisco Bay Area and showed
that flooding would render road segments impassable and lead to significant delays in commuters’ travel
times. In some areas, the delay was more than double the average travel time within the region of study.
These types of disruptions would cause significant socio-economic costs in the form of increased travel
distances and times for commuters (B. Kim et al., 2018).
In the past decades, many studies have focused on understanding the economic impact of flooding on urban
transportation networks using various types of methods, such as widely used input-output (I-O) models (T.
J. Kim et al., 2002; Okuyama, 2007), the dynamic REMI TranSight model by Stewart (2006), or the spatial
computable general equilibrium (SCGE) model by Tatano & Tsuchiya (2008). Many of these models require
high-quality traffic data, abundant travel supply and demand information and accurate hazard mapping,
making it difficult to apply these methods in developing country cities where such information is scarce.
This study overcomes these challenges and conducts a comprehensive assessment of the effect of flooding
on transportation networks in Kinshasa, Democratic Republic of the Congo (DRC). This assessment is made
possible through the use of state of the art transportation modeling techniques and by combining three data
sets: 1) An innovative General Transit Feed Specification (GTFS) data set collected for the purpose of this
analysis under normal (dry) and flooded (wet) conditions, 2) a travel survey data set with travelers’ socioeconomic attributes and Origin-Destination (OD) information, as well as 3) a set of high-resolution global
flood maps that capture both the extent and depth of pluvial and fluvial floods. This study provides insights
into the following research questions: 1) How does flooding impact multiple modes of transportation in
Kinshasa in terms of headways, travel speed, travel itinerary, public transit service frequency, etc.? 2) How
does flooding impact job accessibility and commuting times for different income groups and what are the
corresponding opportunity costs? 3) Which road segments should be prioritized for flood protection and
mitigation plans in terms of network criticality and vulnerability to pluvial and fluvial flooding?
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Characterizing the Case Study Area

Kinshasa, the capital of the DRC, is situated by the Congo River. Once a site of fishing and trading villages,
Kinshasa is now a megacity with an estimated population of more than 14 million (“Kinshasa,” 2020),
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making it the largest city in DRC and the second-largest in Africa (World Bank, 2020). Approximately 320
miles (515km) from the mouth of the Congo River, Kinshasa belongs to the greater Congo Basin (Figure 1)the world’s second-largest river in terms of catchment area (3,687,000 kilometres2) and annual average
discharge (41,800 m3s-1) (O’Loughlin et al., 2020).
In the last few decades, studies have shown an increase in the likelihood of extreme events, such as intense
rainfall due to climate change (IPCC, 2014; Kasmalkar et al., 2020). The complex hydrological processes at
the Congo Basin are sensitive to these climatic changes, resulting in an increase in the frequency of pluvial
and fluvial flooding, which could lead to serious disruptions in socio-economic networks (Tshimanga et al.,
2016). In the past, Kinshasa has experienced multiple cases of flash floods resulting from extreme
precipitation after prolonged dry spells. When compounded with other hazards, such as landslides and
earthquakes, the consequences can be devastating. In January 2018, flooding and landslides induced by
consecutive days of extreme precipitation struck nine communes of Kinshasa, affecting more than 15,700
people and claiming 51 lives (International Federation of Red Cross and Red Crescent Societies, 2018).

Figure 1: Hydrological network within the Congo River Basin and the location of the Kinshasa city.
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3.1

Data and Preprocessing
Commuter Travel Survey

The Kinshasa Commuter Travel Survey (CTS), conducted by the Japan International Cooperation Agency
(JICA, 2018), reports information on local commuting patterns as well as socio-economic attributes at both
household (income/expenditure, number of vehicles, members, etc.) and individual (age/sex, work/school
type and place, industrial category, income, vehicle availability, etc.) levels. The individuals and households
are sampled based on Traffic Analysis Zones (TAZs), with sampling rates of about 100 to 400 samples for
each TAZ (JICA, 2018).
3

Figure 2 shows a map of the TAZs in Kinshasa color-coded by population density in 2017 (people per square
kilometer). The spatial extent of the TAZs covers not only the main city of Kinshasa with relatively high
population density but also suburban towns and villages in the northeast within the city-province’s
administrative boundary. Figure 3 shows the travel connections in Kinshasa based on the commuters’
reported trip origin and destination (OD) locations color-coded by commuters’ income levels. It should be
noted that approximately 40% of the trips do not have the exact spatial location of the ODs in the original
CTS output data. A statistical model is used to provide estimations (see section 7).

Figure 2: Population density (people per sq.km) by TAZ in
Kinshasa (2017).

3.2

Figure 3: Travel connection map by personal monthly income
levels in Kinshasa.

General Transit Feed Specification (GTFS) Public Transit Feed

GTFS, a data specification, allows public transit agencies to publish their transit data in a format that can be
consumed by a wide variety of software applications. It includes a static component that contains schedule,
fare, and geographic transit information and a real-time component that contains arrival predictions, vehicle
positions, and service advisories (GTFS, 2020). It has been widely used in transportation operational
research and network modeling in developed economies (Perrine et al., 2015; Wong, 2013). However, this
data set is difficult to establish and maintain in developing economies due to various challenges: informal
transit networks, unpredictable and low service quality, unavailability of publicized route maps, fare
schedules or operating hours (Krambeck & Qu, 2015).
Static GTFS feeds were collected for the purpose of this study under normal (dry) and flooded (wet)
conditions for five main types of public transportation 1: Transco, Esprit de Mort, Esprit de Vie, Taxi Jaune,
and Moto Taxi. Table 1 provides a detailed description of these public transportation modes. GTFS data
collection under dry conditions was conducted over three weeks from January 30 to February 25, 2020; wet
condition GTFS data were collected from March 5 to March 22, 2020 which coincides with one of the heights

1

The data collection was conducted by GoMetro, a firm specializing in public transport data collection and planning solutions.
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of Kinshasa’s rainy season. 2 The average daily rainfall amount in March 2020 was approximately 190
millimeters which is greater than the 77th percentile of average daily rainfall between 1901 and 2016 (Figure
4). In addition, 28 out of 31 days in this month were rainy. The wet mapping exercise was conducted within
48 hours after heavy rains and flooding in Kinshasa. The routes were mapped using the GoMetro Pro mobile
mapping application and this enables enumerators to collect data using GPS. For the data collection wave
(dry and wet mapping), a total of 58 enumerators made over 200 public transit trips, recording number of
trips per transport route, number of passengers per vehicle, revenue per vehicle, GPS location of all stops,
vehicle travel distance, vehicle travel time, vehicle stop waiting time, vehicle headway, 3 etc. Details of GTFS
feeds mapping under dry and wet conditions are provided in Table 2.

(190 mm, 77.08%)

Figure 4: Histogram of aveage daily rainfall (mm) and corresponding cumulative distribution based on historical records from
1901 to 2016.

To the best of our knowledge, this dual-condition GTFS mapping has never been done before, making this
effort the first of its kind. It should be noted that the wet GTFS mapping in Kinshasa covers approximately
28% of the transport lines surveyed under dry conditions. 4 The lack of overlap between dry and wet mapping
prevents meaningful, unconditional comparisons of the summary statistics presented in Table 2. For example,
for each transport mode, travel speeds under dry and wet conditions cannot be compared directly due to two
reasons. First, only a share of the routes were surveyed during wet conditions, and second, even for routes
surveyed under both dry and wet conditions, the itineraries were not necessarily the same. To overcome this
issue we developed a matching method that is detailed in section 4.1.

2

The other height of Kinshasa’s rainy season is around November.

3

The time between public transit departures from the same stop.

With respect to the total number of routes, 72 % fewer routes were mapped under wet conditions than under dry conditions. Comparing the
total length of the networks 59% fewer routes were mapped under wet conditions than under dry conditions.
4
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Table 1: Details of five modes of public transportation operating in Kinshasa.
Transco
The main public bus
service in Kinshasa. In
2020, there are more
than 40 bus routes
with a total of 986 bus
stops (Moovit, 2020).

Esprit de Vie
Minibus taxis with a
capacity of up to 22
seats.

Esprit de Mort
Bigger taxis which are
usually operated with
Mercedes Benz 207
models for inter
suburbs trips and longdistance travels within
the city.

Taxi Jaune
Cabs painted in yellow
with a capacity of four
passengers. They
usually operate
between neighboring
suburbs and complete
most of the first and
last mile services
within the city.

Moto Taxi
Informal moto taxi
that provides
connection to areas
that are enclaved and
not easily accessible
due the condition of
roads and congestion
levels. In other
instances, trips shorter
than three kilometers
are done using moto
taxi as a first and last
mile service.

Table 2: Summary details of GTFS trip mapping under dry and wet conditions. 5

Number of routes
Number of stops
Number of route segments
Total network length (km)
Mean route segment length (km)
Mean travel speed (km/h)
Median travel speed (km/h)
Max travel speed 6 (km/h)

3.3

Transco
dry
wet
42
499
457
623
1.36
24.7
18.5
178.3
-

Esprit de Mort
dry
wet
66
52
502
453
436
401
725
615
1.66
1.53
24.2
26.7
22.3
17.0
101.6
99.0

Esprit de Vie
dry
wet
31
11
292
102
261
91
355
130
1.36
1.43
24.8
21.9
22.0
17.0
96.2
106.6

Taxi Jaune
dry
wet
299
67
1945
392
1646
325
2254
774
1.37
2.38
24.8
27.3
17.7
19.3
148.2
89.6

Moto Taxi
dry
wet
39
97
58
172
2.97
23.9
22.8
80.5
-

Open Street Map (OSM) Road Network Data Set

In addition to the five public transportation networks, we also added the drive as well as the pedestrian
network leveraging the Open Street Map data set to account for commuters who walk or drive to work. The
OSMnx Python package was used to create topological graph structures for the drive and pedestrian network
layers (Boeing, 2017). These two network layers were later integrated with the five public transport layers
to create the final multi-modal network 7 model for Kinshasa.

5

There are no GTFS records for Transco bus and Moto taxi mapping under flooded (wet) conditions.

Unreasonably high travel speeds can occur due to small inaccuracies in the GTFS files, but are clear outliers. If two stop points along a route
are very close (in reality or due to GPS inaccuracies) and a surveyor enters a travel time which is a few seconds off, resulting travel speeds might
exceed 100 km/h, which is unreasonable in an urban public transport setting. In the entire data set there are fewer than 10 route segments (<0.3%)
affected by such inaccuracies.
6

The multi-modal network is created based on both the GTFS feed and OSM data set, which provide speed limits for every road segment. For
the pedestrian network, we assume 4.5km/h travel speed.
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Figure 5: Seven transportation network layers in Kinshasa.

3.4

Fathom Flood Maps

Flood models are an integral tool for understanding and managing flood risks on transportation networks. In
the past decades, increased computing power and precision of remote sensing data sets have led to the
development of multiple global flood models (Bernhofen et al., 2018; Wood et al., 2011). Among them, the
lastest flood map products from Fathom (A. Smith et al., 2015) are selected to provide flood depth and extent
estimates in Kinshasa for the following reasons: 1) the map products from Fathom have relatively high
spatial resolution (90 meters) which is sufficient for this study given the geographic extent of the Kinshasa
city; 2) flood extent and depth estimates for both pluvial and fluvial floods under 10 return periods 8 are
included in this data product; 3) it uses 2D hydrologic flood model which is more advanced in mapping flood
plain and modeling dynamic water flows.

8

Flood return periods of 5, 10, 20, 50, 75, 100, 200, 250, 500 and 1000 are included in the Fathom data product.
7

Pluvial and fluvial flood maps from the Fathom global flood model were first clipped to the bounding box 9
of the Kinshasa city and then mosaiced together using the maximum operator so that the maximum flood
depth from both fluvial and pluvial flood estimates were preserved. Among the 10 different return periods
that Fathom flood map products offer, the 10-year return period was used for our central analysis as it
provides a good approximation of the impact of flash floods during the rainy season in Kinshasa. Given
historical rainfall records from 1901 to 2016 (Figure 4), the frequency of the actual flood events that occurred
during the wet transit mapping period is likely greater than 1/10. However, selecting the 10-year Fathom
flood map in our analysis yields a more conservative estimate of the travel disruptions when lacking detailed
information of hourly rainfall intensity. In practice we therefore attribute transit disruption impacts (speed
reductions, reduced frequencies) from annual, limited intensity events to less frequent, higher intensity flood
episodes. This method will avoid the overestimation of transport disruption impacts from floods and will
yield robust lower bound estimations of the costs of floods on commuting. We also run the analyses
documented in this study for 50, 100, 500 and 1000 flood return periods which allows us to compute an
annualized estimate of the costs of floods from commuting delays (see section 4.4 for more details).

Figure 6: Combined flood maps with maximum flood depth from pluvial and fluvial flooding for five flood return periods:
10-year, 50-year, 100-year, 500-year and 1000-year.

9

The bounding box around the Kinshasa city can be defined using the geographic coordinates below: -3.917dd, -4.624dd, 15.071dd, 15.716dd.
8
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Empirical Analysis and Results

The goal of this study is to understand how pluvial and fluvial floods impact the transportation system in
Kinshasa with respect to transit operations, job accessibility, road segment criticality, and economic loss
(due to travel delay). We achieve this goal by collecting useful information on transportation network
topology, commuter travel patterns, commuter socio-economic status, pluvial and fluvial flood maps from
the sources mentioned above. Figure 7 shows a simplified workflow of this study from data collection to
modeling and simulation to results. The following subsections will explain the details of the analysis and
modeling process with corresponding results.

Figure 7: Overall project workflow from data collection, processing and analysis.

4.1

Flood Impacts on Transit Network

To understand the impact of flooding on public transit, we compared the GTFS transit feed mapped under
dry and wet conditions and evaluated changes in headways, blockages of roads and rerouting, and travel
speeds. The Transco bus network was observed as not operating under wet conditions when the survey took
place. The Moto Taxi network was surveyed during dry conditions, in specific neighborhoods where direct
access to other transit modes was not available. But this partial survey was not reproduced under wet
conditions. The empirical analysis was therefore restricted to the Esprit de Mort, Esprit de Vie, and Taxi
Jaune modes of transport. A special emphasis lies on the effects of flooding on travel speeds, for which an
innovative matching method was developed allowing the robust estimation of changes in travel speeds while
minimizing the potential impact of confounding factors (see section 4.1.3). The results from this empirical
analysis section subsequently fed into the simulation study that was used to estimate the economic cost of
flooding in Kinshasa.
4.1.1

Changes in headways

In the static GTFS feeds, surveyors reported a headway for each public transport route. As public transport
is mostly informal in Kinshasa and no official timetable exists, these headways were observed by the
surveyors and provide the frequency at which a bus, mini-bus, or taxi operates. All transport networks which
were mapped under dry and wet conditions experience an increase in headways during the rainy season
(Table 3). The informal minibuses-Esprit de Mort operate on average every 44 minutes under wet conditions
compared to every 31 minutes under dry conditions. In addition, the Esprit de Vie and the Taxi Jaune operate
10 minutes and 9 minutes less frequently during wet conditions. An explanation for the increase in headways
9

is that transport vehicles operate less frequently to conserve material, avoid wear and tear, and prevent
accidents due to wet and muddy roads. Additionally, full two-way cycles might take longer during wet
conditions. This implies that more vehicles are needed per route to uphold dry condition headways. If the
number of available vehicles is limited, headways will increase.
Table 3: Changes in headways due to rain and flooding by transport mode and time of the day.

Mean headway (min)
By time of the day:
05:00 - 10:00
10:00 - 15:00
15:00 - 19:00

Dry
31

Esprit de Mort
Wet
Δ
44
13

Dry
34

Esprit de Vie
Wet
46

Δ
10

Dry
12

Taxi Jaune
Wet
21

Δ
9

18

32

14

23

37

14

7

16

9

43

47

4

43

47

4

17

26

9

33

57

24

34

57

14

12

21

9

Notes: The mean headway was calculated across all transport routes of the respective transport mode, conditional on the respective time of
the day.

4.1.2

Blockages of roads and changes in routes

When comparing inbound and outbound routes from dry and wet mapping, we found changes in travel
trajectories. As each route was mapped only once, it is hard to identify a certain itinerary which could
function as a baseline scenario when comparing routes under dry vs. wet conditions. The result of the
comparison suggested that original routes were rerouted due to flooding. It is difficult, however, to pinpoint
the exact reason for rerouting since both floods and other confounding factors such as road closures, traffic
accidents or regulartory restributions can all result in changes in original routes.

A) Esprit de Vie, Rond Point Ngaba - UPN

B) Taxi Jaune, Gombe Centre Ville - Victoire

C) Esprit de Mort, Gombe Centre Ville - DGC D) Taxi Jaune, Gombe Centre Ville - Velodrome
Figure 8: Four cases of rerouting under dry and wet conditions.
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4.1.3

Changes in travel speeds

Unconditional comparisons of mean travel speeds as presented in Table 2 suggest that speeds of some public
transport modes increase during rain and floods. However this unexpected result is skewed for two reasons:
(1) in contrast to the dry network, only a fraction of the wet network was surveyed so that different route
samples prevent from direct comparisons, and (2) wet network routes that were surveyed substantially differ
from dry network routes. They had different origin and destination coordinates and took different trajectories.
In fact, when locating OD points, GoMetro reported that only 30 out of 130 wet network routes can be
matched with a corresponding dry network route. Even on the matched routes, trajectories might differ
substantially (for examples of routes considered as matched see Figure 8). For these reasons, we could not
rely on unconditional comparisons of average travel speeds on transit networks to understand the impact of
heavy rain on travel speeds.
In this section, we estimated speed effects only for the overlapping parts of the surveyed wet and dry
networks and net of rerouting. We matched and compared travel speeds under dry and wet conditions locally
(within a 100-meter radius) and conditional on the mode of transport. 10 Relying on a bootstrap approach
(Efron & Tibshirani, 1993), we then showed that differences in travel speeds pointed in the expected
direction and are significant. They were also larger on route segments situated in flood-prone areas, though
the effect was estimated with low precision. Therefore, in the next section, we rely on dry route trajectories
to build a representative wet network, but adjust travel speeds to wet conditions using estimates provided
here. This was an important part of the analysis as few papers previously inferred the impact of flooding and
rain on travel speeds in developing countries such as the DRC. Former research focused on developed
countries where an abundance of public transit data facilitates the estimation. Further, the estimation of travel
speeds under wet conditions is crucial in our simulation study that provides accessibility and economic loss
estimates due to floods (sections 4.2 and 4.4).
Matching procedure
The following lays out in detail the different steps involved in the matching procedure, illustrated in Figure
9. It also explains how significance tests were constructed, relying on the bootstrap methodology.
We denote the set of all route segments: 𝑅𝑅 = {𝑅𝑅 𝑑𝑑𝑑𝑑𝑑𝑑 , 𝑅𝑅 𝑤𝑤𝑤𝑤𝑤𝑤 }. A route segment 𝑟𝑟 is defined as part of a route
extending from one stop point to the next. Data on route segments can directly be obtained from the GTFS
feeds. First, each route segment is transformed into a set of support points by resampling points every 𝑑𝑑
meters along the route (Figure 9, panel B). Denote the resulting set of support points 𝑃𝑃𝑟𝑟 . Each point 𝑟𝑟𝑖𝑖 ∈ 𝑃𝑃𝑟𝑟
has coordinates 𝑠𝑠𝑟𝑟𝑖𝑖 and inhabits all other attributes from route segment 𝑟𝑟. Hence the assumed travel speed at
point 𝑟𝑟𝑖𝑖 , denoted 𝑣𝑣𝑟𝑟𝑖𝑖 , is identical to the speed on route segment 𝑟𝑟, denoted 𝑣𝑣𝑟𝑟 . 11

10

In robustness checks we further control for the time of the day but obtain similar results. The results are available on request.

11 This implies that we do not correct for effects of acceleration and deceleration between two stops. We do not have information available to
compute such a correction. Further, since travel speeds on route segments are usually low (around 25 km/h, see Table 2), we expect acceleration
and deceleration effects to be negligible for our analysis.
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Figure 9: Illustration of the matching process.

In a next step, a counterfactual dry condition speed 𝑣𝑣�𝑟𝑟𝑖𝑖 is constructed for each point that belongs to a route
segment mapped under wet conditions (Figure 9, panels C-E). The counterfactual speed is the average speed
of all dry condition routes that have support points within a 𝛿𝛿 distance of 𝑟𝑟𝑖𝑖 :
1

𝑣𝑣�𝑟𝑟𝑖𝑖 = �𝑀𝑀𝑟𝑟𝑖𝑖

𝑁𝑁𝑁𝑁

�

𝑘𝑘∈𝑀𝑀𝑟𝑟𝑖𝑖

𝑣𝑣𝑘𝑘 ,
,

𝑖𝑖𝑖𝑖 �𝑀𝑀𝑟𝑟𝑖𝑖 � > 0

𝑖𝑖𝑖𝑖 �𝑀𝑀𝑟𝑟𝑖𝑖 � = 0

Here, 𝑀𝑀𝑟𝑟𝑖𝑖 is the matching set containing the indices of all dry routes passing through a 𝛿𝛿 neighborhood of 𝑟𝑟𝑖𝑖
𝑀𝑀𝑟𝑟𝑖𝑖 = �𝑞𝑞 ∈ 𝑅𝑅 𝑑𝑑𝑑𝑑𝑑𝑑 : distance �𝑠𝑠𝑟𝑟𝑖𝑖 , 𝑠𝑠𝑞𝑞𝑗𝑗 � ≤ 𝛿𝛿 for at least one 𝑗𝑗 ∈ 𝑃𝑃𝑞𝑞 �.

This matching procedure resembles coarsened exact matching as we do not require 𝑠𝑠𝑟𝑟𝑖𝑖 and 𝑠𝑠𝑟𝑟𝑗𝑗 to agree, but
only require 𝑠𝑠𝑞𝑞𝑗𝑗 to lie in the “coarsened”, 𝛿𝛿 neighborhood of 𝑠𝑠𝑟𝑟𝑖𝑖 .

One can then calculate the average effect of flooding on travel speeds for route 𝑟𝑟, denoted ∆𝑣𝑣𝑟𝑟 , by averaging
the differences of the actual speed under wet conditions and the counterfactual dry condition speeds at all
support points 𝑟𝑟𝑖𝑖 for which a counterfactual observation is available:
∆𝑣𝑣𝑟𝑟 =

1
, where 𝒯𝒯𝑟𝑟 = {𝑖𝑖 ∈ 𝑃𝑃𝑟𝑟 : 𝑣𝑣�𝑟𝑟𝑖𝑖 ≠ 𝑁𝑁𝑁𝑁}
|𝒯𝒯𝑟𝑟 |

The network-level impact of flooding on travel speeds can finally be calculated as:
∆𝑣𝑣 =

1

∑𝑟𝑟∈𝑅𝑅𝑤𝑤𝑤𝑤𝑤𝑤 |𝒯𝒯𝑟𝑟 |

� ��𝑣𝑣𝑟𝑟𝑖𝑖 − 𝑣𝑣�𝑟𝑟𝑖𝑖 �

𝑟𝑟∈𝑅𝑅 𝑤𝑤𝑤𝑤𝑤𝑤 𝑖𝑖∈𝒯𝒯𝑟𝑟

As support points are equally spaced, this methodology inherently weights for route segment lengths. A
route which is two times longer than another route will have twice as many support points.
In the example from Figure 9 the speed on the wet route segment is 15 km/h and the speeds on two
neighboring dry route segments are 20 and 24 km/h. As the routes run only partly in parallel, the local
matching would yield the following estimated speed effect in this example:
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1
∆𝑣𝑣𝑟𝑟 = 15 − (20 + 20 + 22 + 22 + 24) = −6.6 [km/h]
5

The two central parameters in the matching procedure are the resampling distance 𝑑𝑑 and the matching
distance 𝛿𝛿. The resampling distance 𝑑𝑑 determines how many support points are generated. With decreasing
𝑑𝑑 the number of support points increases which makes results more precise. But it also increases the
computational costs of the matching procedure. When the matching distance 𝛿𝛿 is increased counterfactual
dry speeds can be calculated for a larger share of support points. But at the same time the validity of the
matches might suffer. For all results presented in the following a resampling distance 𝑑𝑑 and a matching
distance 𝛿𝛿 of 100 meters were chosen, finding a trade-off between computational costs and matching
accuracy.
Bootstrap significance tests

Using the matching method outlined above, an estimated speed difference can be attributed to most route
segments mapped under wet conditions (see Table 4 for matching percentages by network type). To test
whether the speed differences inferred are also significant, the bootstrap method was used. Under the null
hypothesis, speeds under dry and wet conditions are the same. Under the alternative hypothesis, speeds under
wet conditions are smaller than speeds under dry conditions:
𝐻𝐻0 : ∆𝑣𝑣 = 0 𝑣𝑣𝑣𝑣. 𝐻𝐻1 : ∆𝑣𝑣 < 0

We bootstrap the distribution of ∆𝑣𝑣 under the null hypothesis by randomly assigning the dry or wet attribute
to route segments. This corresponds to reshuffling 𝑅𝑅 𝑤𝑤𝑤𝑤𝑤𝑤 and 𝑅𝑅 𝑑𝑑𝑑𝑑𝑑𝑑 such that route segments which were
originally element in 𝑅𝑅 𝑤𝑤𝑤𝑤𝑤𝑤 (or 𝑅𝑅 𝑑𝑑𝑑𝑑𝑑𝑑 ) can be reassigned to either 𝑅𝑅 𝑤𝑤𝑤𝑤𝑤𝑤 or 𝑅𝑅 𝑑𝑑𝑑𝑑𝑑𝑑 since this assignment
shouldn’t matter under the null hypothesis. For each bootstrap iteration 𝑏𝑏 the assignment is reshuffled and
∆𝑣𝑣 (𝑏𝑏) is calculated. Out of 𝐵𝐵 bootstrap iterations one can then obtain an estimated p-value of the outlined
test as
𝑝𝑝𝑏𝑏𝑏𝑏𝑜𝑜𝑜𝑜

∑𝐵𝐵𝑏𝑏=1 𝐼𝐼�∆𝑣𝑣 < ∆𝑣𝑣 (𝑏𝑏) � + 1
=
𝐵𝐵 + 1

Estimation of heterogeneous effects for flood prone areas

After speed differences were estimated for each route 𝑟𝑟 ∈ 𝑅𝑅 𝑤𝑤𝑤𝑤𝑤𝑤 , it was analyzed whether routes that are
likely to be flooded during the rainy season show larger speed reductions than routes that are unlikely to be
flooded. Similarly, to a diff-in-diff-in-diff (DDD) method, ∆𝑣𝑣𝑟𝑟 was regressed on a dummy, indicating
whether the flood depth in a 10-year flood would be positive:
∆𝑣𝑣𝑟𝑟 = 𝛽𝛽0 + 𝛽𝛽1 𝐼𝐼(𝐹𝐹𝐷𝐷𝑟𝑟 > 0) + 𝜖𝜖𝑟𝑟

Here, 𝐹𝐹𝐷𝐷𝑟𝑟 is the maximum flood depth on route 𝑟𝑟 in a 10-year flood as indicated through the Fathom flood
maps, 𝛽𝛽0 is the average speed difference on routes that are unlikely to be flooded and 𝛽𝛽1 is the additional
speed difference on routes likely to be flooded. As before p-values for 𝛽𝛽0 and 𝛽𝛽1 were calculated using the
bootstrap methodology, allowing for potential correlation within the error term 𝜖𝜖𝑟𝑟 .
Results

Results of the matching procedure outlined previously are presented in Table 4. They indicate that travel
speeds of different public transport modes are lower during wet conditions than during dry conditions. The
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estimated speed differences also differ substantially from an unconditional comparison of speeds as
presented in Table 2, emphasizing the importance of a local comparison.
The speed reduction is most pronounced and significant for the Esprit de Mort transport network, which
operates under wet conditions on average with speeds about 4 km/h slower than under dry conditions. For
the Esprit de Vie and the Taxi Jaune network average speeds are estimated to lie about 2 km/h and 0.5 km/h
below dry condition speeds respectively, but effects are not significant.
Considering the characteristics of the three different transport modes the estimated effects appear reasonable:
The Esprit de Mort transport network is provided through old vehicles that are most likely to be affected
through rain, mud, and wet conditions. On the Esprit de Vie network more modern mini-buses are operational.
Taxi Jaune is the most flexible type of public transport infrastructure in Kinshasa and it is likely that the
small vehicles can circumvent traffic jams due to flooding and easily reroute, hence obtaining speeds similar
to dry conditions.
Additional results from the DDD regressions suggest that travel speeds are more affected on route segments
that are more likely to be flooded. When considering for example the Esprit de Mort network under wet
conditions, average travel speeds are about 3.7 km/h below dry condition speeds on all route segments
outside the 10-year flood plain. Within the 10-year-flood plain, the speed reduction is more pronounced, and
speeds are on average an additional 6.1, i.e. 9.8 km/h in total, lower than during dry conditions. However,
this effect cannot be estimated with sufficient precision to be significant, most likely due to the small sample
size: only 5.5% of the mapped Esprit de Mort network lie within the 10-year flood plain.
Table 4: Effects of rain and wet conditions on travel speeds by network type.

Speed difference [km/h]
Mean
12
Median

Esprit de Mort
Estimate
p-value

Esprit de Vie
Estimate
p-value

-3.892
0.004
-1.667
0.271
-3.197
0.022
-1.985
0.192
DDD estimates using 10-year return period flood map
% wet network within flood plain
5.50%
1.10%
𝛽𝛽0 (baseline speed reduction)
-3.700
0.004
-1.652
0.234
𝛽𝛽1 (additional effect in flood plain)
-6.136
0.248
-2.400
0.657
Route segments wet
401 (615 km)
91 (130 km)
Route segments dry
436 (725 km)
261 (354 km)
Percentage wet network matched
76.30%
80.86%
Notes: All p-values are based on 500 bootstrap samples

4.2

Taxi Jaune
Estimate
p-value
-0.574
-1.573
9.23%
-0.812
0.987
325 (774 km)
1646 (2254 km)
96.04%

0.315
0.192
0.299
0.657

Accessibility

In this study, we measure workers’ accessibility to jobs, and how it is threatened by urban flooding. The first
step to accessibility calculation is understanding flood exposure levels on the road network, an important
step to flood risk evaluation (Hall et al., 2003; Pregnolato, Ford, Wilkinson, et al., 2017). We quantified
network exposure to the 10-year flood by spatially overlaying the maximum mosaic of pluvial and fluvial
flood maps with the multi-modal transportation network. As a result, we were able to calculate the inundation
level for each road segment in the study area. Next, we adjusted travel speeds on road segments based on
inundation depth. After engaging with local transportation planning officials in Kinshasa, we came to the
understanding that most vehicles that operate on the road networks in Kinshasa were relatively small and
12 Median speed differences are calculated through the matching methodology conceptually in the same manner as mean differences, but by
replacing in the calculation of Δ𝑣𝑣 averages through median operators.
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old models with exhaust pipes approximately 20 cm above the road surface. This means that when the flood
water accumulates to 20 cm on roads, most vehicles would not be able to properly function. Among the
67,752 road segments in our study area, 802 had flood inundation depth greater than 0.2 cm.
Next, we evaluated the impact of flooding on transport accessibility in Kinshasa by comparing the difference
in travel time for commuters to reach their jobs. Generally speaking, the disturbance mechanism of floods
on transportation network includes the following: 1) changes in headways, 2) road closure or rerouting, and
3) reduction in travel speed. These disturbance patterns are considered interdependent i.e. they can affect
each other and the compounding effect of a combination of these patterns is greater than the sum. For
example, reductions in travel speeds and blockages of streets due to flooding can lead to rerouting. Rerouting
might allow higher travel speeds on alternative routes but can also lead to congestion. In turn, the overall
impacts of flooding and rain on the public transport network are uncertain.
We carefully examined the impact of flooding on each disturbance pattern and ‘perturbed’ the original multimodal network to create a network model that is able to capture all the changes in headways, road closure
and travel speed reduction under a 10-year flood scenario. As only a fraction of the network under wet
conditions was surveyed and we could not distinguish unsurveyed routes from routes non-operational due to
flooding, we relied on the dry transport network to obtain a representative wet network. In particular, we
obtained the wet network used for our accessibility simulations through the following modifications of the
dry network:
1) We removed all Transco bus connections, as Transco busses were observed to be non-operational
during heavy rain and flood.
2) We adjusted headways for each route conditional on network type as reported in section 4.1.1.
3) We reduced travel speeds on each route conditional on network type using the mean travel speed
effects quantified in section 4.1.3: 4 km/h and 2 km/h speed reduction for Esprit de Mort and Esprit
de Vie respectively.
4) We removed all route segments that are inundated in a 10-year flood
Building on the resulting wet network, we then ran travel simulations for a total of 8,866 commuters 13 in
Kinshasa using the origin and destination location information provided in the JICA commuter travel survey
under both dry and wet conditions for five flood return periods.
The left panel of Figure 10 shows the results of travel time simulations for 8,866 daily commuter trips under
dry conditions. On average, the estimated daily commute time from home to work is 43.25 minutes. The
right panel of Figure 10 shows the results from hot spot analysis of the travel time estimations with blue
points showing clusters of low values and red points showing clusters of high values. We observe clusters
of commuters who live in the suburban neighborhoods take longer to travel to work, whereas commuters
who live in areas near the center of Kinshasa city take shorter time. Figure 11 compares the results from the
travel time hot spot analysis with commuter personal income hot spots and highlights areas where these plots
show diverging results. The southeastern and northeastern suburban areas show clusters of low-income
values yet high travel time while the northern region near the Congo river show opposite patterns. This
reveals socio-spatial equity issues, as certain low-income areas are systematically disadvantaged in terms of

13

The 8,866 commuters are a subset of the people who were surveyed who declared their travel origin and destination to work.
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job accessibility and economic opportunities. The left panel of Figure 12 shows the average travel delay
results aggregated to the TAZs and the right panel shows the respective hot spot analysis outputs. The maps
show that commuters who live in the southern regions of the city namely Kimvula, Ndjili kilambo,
Kimbariseke etc. experience longer delays in travel time to their jobs whereas commuters who live in N’sele
and Maluku experience shorter delays. The hot spot analysis reveals a more granular pattern in the spatial
distribution of travel delays and provides a baseline for socio-spatial equity analysis.

Figure 10: Map of commuters’ travel time under dry scenario (left) and respective hot spot analysis output.

Figure 11: Hot spot analysis result for commuter income and travel time under dry conditions.
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Figure 12: Map of average travel delay aggregated to Traffic Analysis Zones (TAZs) (left panel) and hot spot analysis on travel
delay (right panel)

Using the TAZs as basic analysis units, we calculated one-hour accessibility for each TAZ using three types
of transit networks: walking network, driving network, public transit network (with mean transit waiting
time assumption). 14 We use TAZ polygon centroids as origins and simulated traveling time from each
centroid to other centroids using the three transit networks under both dry and wet conditions. We measured
one-hour accessibility for each TAZ and compared the change in the share of accessible jobs. Figure 13
shows boxplots of this change for each transportation network. On average, the loss in the share of jobs that
can be reached within one hour is 0.1% for the walking network, 15 10.9% for the drive network, 5.0% for
public transit network. Due to the fact that the walking network has relatively high road density, i.e. the total
length of roads per unit area, the impact of flooding on job accessibility with the walking network is
comparatively small. We observe many extreme values for the drive network with 92.7% as the maximum
loss of job accessibility. This might be caused by flood disruption on critical road segments which commuters
depend upon to access job locations. Figure 14 shows the spatial distribution of the percentage loss of job
accessibility under the 10-year flood scenario. In general, the TAZs that experience higher loss of job
accessibility are concentrated along the Congo riverside, heart of the Kinshasa city. These areas overlap with
TAZs that have a relatively high population density (Figure 14-D). The spatial distribution of loss of job
access for the drive network shows a unique pattern with a larger loss of job access around suburban TAZs
and minimal loss in the city center. This is potentially caused by uneven network density distribution of the
drive network in Kinshasa. The drive network density in the city center is significantly greater than that in
the suburbs with more redundancy. Even when some of the road segments are flooded, it is relatively easier
to find an equally efficient alternative route in areas with higher network density. A summary of the

We performed the same analysis for public transit networks with minimum and maximum waiting times as well and on average the loss of
share of job increases by 2.2% and 3.7% respectively.
14

15 Due to floodwater accumulation on roads, some parts of the walking network become impassable to pedestrians. In such cases, pedestrians
often need to take another route (often longer in distance) to get to their destinations.
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comparison between averaged one-hour job accessibility share under dry and wet conditions can be found
in Table 5.

Figure 13: Changes in accessibility to share of jobs under dry and wet conditions.

(A) Walk network

(B) Drive network

(C) Public transit network (mean waiting time)
(D) Population density map (2017)
Figure 14: Spatial distribution of percentage loss of job accessibility (due to10-year flood) for three different networks (panel AC) and population density in 2017 (panel D)
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Table 5: Comparison of one-hour job accessibility share under dry and wet conditions.
Network Type
Walk
Drive
Public Transit (mean waiting time)

4.3

Dry Condition Accessibility
9.1%
84.7%
20.4%

Wet Condition Accessibility
8.9%
73.7%
15.4%

Criticality

Transport criticality analysis generally refers to the rank-ordering process of transportation network
components based on their contribution to certain aspects of overall network performance. The output of
such analysis is useful in providing guidance to road administrations in their prioritization of maintenance
and repair of roads (Jenelius et al., 2006). Currently, a variety of metrics have been shown to be useful in
understanding network criticality (Jafino et al., 2020; Mattsson & Jenelius, 2015) including betweenness,
change in average network efficiency, k-connectivity, minimum link cut centrality, etc. Table 6 provides a
summary of network criticality metrics used in the existing literature. In this study, we choose betweenness
centrality as a measure of road criticality due to its ability to provide a holistic view of the importance of
road segments with respect to overall travel patterns.
Betweenness centrality is first defined by Freeman (1977, 1978) to understand node criticality/importance
in social networks. It measures the number of times that a node or edge in a network acts as a ‘bridge’ in allpairs shortest paths. 16 Usually, a ‘bottleneck’ node or edge in a transportation network will have higher
betweenness than other peripheral nodes or edges. The conventional betweenness centrality derived from
network theory is applied to the multi-modal network model in Kinshasa. We also adapted this metric to one
that is able to capture network flows based on simulated travel trajectories leveraging the 8,866 trip OD
information provided in the JICA commuters travel survey.
Table 6: Summary table of criticality metrics (adapted from Jafino et al. 2020).
No
1
2
3
4
5

Metric name
Change in weighted total
travel cost
Change in expected user
exposure
Change in worst-case user
exposure
Change in unweighted
total travel cost
Change in region-based
unweighted total travel
cost
Change in weighted
accessibility

6

8

Change in unweighted
daily accessibility
Traffic flow

9

Traffic density

10

Weighted betweenness
centrality

7

16All-pairs

Description
Increase in total travel cost (distance and traffic flow) among all
origin-destination pairs due to disruptions on an element
The average impact of disruptions experienced by all users in the
transport system
The maximum impact of disruptions among all users in the
transport system
Increase in total travel cost (only distance) among all origindestination pairs due to disruptions on an element
Increase in total travel distance among all origin-destination
pairs within a certain sub-area where the element is located due
to disruptions on an element
Decrease in weighted (by transport demand/flow) accessibility
due to disruptions of an element. The weight is determined by
the socioeconomic activities
Decrease in unweighted, topological-based accessibility due to
disruptions of an element
Empirical traffic flow of the transport network
Traffic volume over capacity. Normally used as an
approximation of congestion
The traffic flow among the economic centroids. The traffic flow
is determined by the socioeconomic profiles

Function

Scale

Travel cost

Global

Travel cost

Global

Travel cost

Global

Travel cost

Global

Travel cost

Local

Accessibility

Global

Accessibility

Global

Travel cost

Local

Travel cost

Local

Travel cost

Local

shortest paths asks for the shortest path from every possible source to every possible destination.
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11
12
13
14

Exposure to disaster
Nearby alternative
elements
Unweighted betweenness
centrality
Change in network
average efficiency

15

OD k-connectivity

16

Minimum link cut
centrality

17

Unsatisfied demand

Overlay of natural disaster maps with the transport network. This
is often used for disaster preparedness studies
Number of other elements that are located within an x kilometer
distance from an element.
Betweenness centrality calculated based on the shortest paths
among the network nodes.
Decrease in network efficiency due to disruptions of an element
Decrease in the number of distinct shortest paths among all
origin-destination pair due to a disruption of an element
The frequency of a link‚Äôs appearance in the cut sets of all
pairs of economic centroids
Amount of transport activity that cannot take place due to
disruptions of an element

Connectivity

Local

Connectivity

Local

Travel cost

Local

Travel cost

Global

Connectivity

Global

Connectivity

Global

Connectivity

Global

Figure 15 shows the results of the betweenness centrality analysis based on the topological network of the
combined four transportation layers: Taxi Jaune, Esprit de Vie, Transco Bus, and Esprit de Mort. The
pedestrian network is left out, as the additional nodes and edges from the pedestrian network will skew the
betweenness calculation output, thus obscuring the betweenness measures of the public transportation
networks. In the figure, line segments shown in red are indicators of roads that have high betweenness from
a topological perspective. 17 Roads with relatively high betweenness centrality include the N1 expressway,
Avenue Sergent Moke, Avenue O.U.A., Rte de Matadi, and Avenue de l'Université. It should be noted that
this calculation method makes assumptions about the travel patterns in the transportation network which
introduces errors in the measurement of critical links/road segments in reality. For example, it is possible
that a road segment with high betweenness centrality connects regions with low population density. This
measure fails to take into consideration the usage of road segments in reality. Therefore, in addition we
adopted another adapted calculation method which is based on travel paths simulations using OD pairs from
the JICA travel survey.
Figure 16 shows the results from the adapted betweenness centrality calculation. The main difference
between this adapted approach and the conventional one (Figure 15) is the way travel paths are calculated
and accounted for. The conventional approach calculates shortest paths between every possible pair of nodes
within the network whereas the adapted approach simulates the travel trajectories based on the multimodal
transportation model and accounts for public transport waiting times, road speed limits, and designated origin
and destination pairs acquired from the JICA commuter travel survey. This adapted approach is able to
reflect the actual travel patterns within the network and identify critical links/segments which are most
commonly used in reality. Results show that Avenue Du 24 Novembre, east-west sections of the N1
expressway (including Boulevard Triomphal, Boulevard Sendwe, Boulevard Lumumba) have high
betweenness centrality. This means that many people rely on these roads for daily commute to work. If there
are disruptions along these road segments due to floods or traffic accidents then many commuters will likely
experience higher levels of delay due to vehicle speed reduction, congestion, rerouting, etc.

17 The conventional betweenness measure focuses on the topology of the network itself and does not account for travel volume and patterns in
the network.
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Figure 15: Betweenness centrality analysis on four combined
public transportation layers.

4.4

Figure 16: Betweenness centrality analysis based on travel
paths from the JICA survey.

Economic Cost

The existing literature identifies two main types of impacts due to flooding on transportation networks and
their associated costs: 1) tangible and intangible impacts (Hammond et al., 2015), 2) direct and indirect
impacts (Messner, 2007). In general, tangible impact are those that can be readily quantified in monetary
terms (D. I. Smith, 1999) including physical destruction of transportation infrastructures such as roads and
bridges. In contrast, intangible impacts, such as negative disruptions to commuters’ travel routes, are difficult
to quantify. The second typology differentiates between direct and indirect damages where direct damage is
defined as any loss that is caused by the immediate physical contact of floodwater with travelers and
infrastructure property within flooded areas. Indirect damages are induced by the direct impacts and may
occur – in space or time – beyond the immediate limits of the flood event (Hammond et al., 2015). The cost
associated with these often includes additional costs incurred by diverting vehicles and trains in the entire
transportation system, also known as consumer surplus (Nicholson & Du, 1997). Jonkman et al. (2008)
integrated these two typologies and demonstrated that the impact and associated costs of flooding have
multiple dimensions.
Among multiple dimensions of flood disruption on transport, travel time delay plays a major role in
disruption costs calculation (Bivina et al., 2016). However, the question of how to value transport times is a
challenging task that is the subject of numerous scientific papers and reports (Boiteux & Baumstarck, 2001;
Litman, 2008; Mackie et al., 2003; Oort, 1969; Small et al., 2005). Past studies focus mainly on the topic of
how to quantify the benefits of transport investments, which accrue in the form of travel time savings. Yet,
there is no consensus, as estimates range from 25% (Litman, 2008) to close to 180% of an hourly wage with
large heterogeneities depending on the traveler (Small et al., 2005). In this study, we provide a baseline
estimation for travel time delay cost (calculated as a function of travel time delay and commuters’ hourly
income) as a lower bound for total economic cost due to flood disruption on road transportation networks.
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This does not include other considerations such as production losses due to supply chain disruptions, or
welfare implications of lost access to critical services and supplies.
To calculate the baseline travel delay cost, we first estimated the travel time for each commuter trip (8,866
total) under five flood scenarios using the walking, the drive and the public transit networks based on travel
mode information reported in the JICA survey. Next, we calculated travel delay for each flood scenario by
subtracting the travel time under dry condition from the estimations. This result was then combined with the
personal monthly income information provided in the JICA survey. For each OD trip, we multiplied the
delay in travel time due to flooding by the income per unit of time assuming that each worker works eight
hours a day, five days a week, and on average 22 days a month. The corresponding output was then doubled
to account for return trips from work. To adjust for the difference between sample size and survey population,
the cost was multiplied by respective weighting factors for each trip. This same process was repeated for
five flood return periods namely: 10-year, 50-year, 100-year, 500-year and 1000-year and the economic cost
for all 8,866 trips were later aggregated to the TAZ level. Table 7 shows the number of commuters’ trips
affected by five flood scenarios under different delay thresholds. Figure 17 illustrates maps of the averaged
economic cost due to travel delay for each TAZ under all flood scenarios. We observe that areas towards the
center of Kinshasa city experience relatively higher cost than peripheral suburbs in the south-east and northeast with the exception of the smaller TAZs situated in the heart of the city. It should be noted that the
averaged cost aggregation at the TAZ level is more representative in the central regions of the city. Due to
the uneven spatial distribution of sampling locations, the peripheral TAZs only contain a few sampling points.
For example, the Kinsielele region towards the south of the city shows up with relatively high travel delay
costs under all flood scenarios yet there are only 11 sampling points in this particular TAZ.
Figure 18 shows two sets of grouped boxplots of estimated travel time delay in minutes and corresponding
economic loss for different levels of personal income under five flood scenarios. In general, floods with
longer return periods (more extreme) on average induce longer travel delays and more economic cost
compared with those of shorter return periods. When it comes to the variation or uncertainty of flood impacts,
the 100-year and 500-year floods are relatively higher than floods of other return periods. Specifically, the
100-year flood’s impact on commuters’ travel delays has the highest variation/uncertainty and the 500-year
flood is the highest in terms of economic cost variation/uncertainty. When we examine these two types of
impact: travel delay and economic cost by different income groups, it is clear that commuters with medium
income levels (monthly salary from $100 to $1,000) experience relatively higher travel delays than low
income (monthly salary below $100) commuters and high income (monthly salary greater than $3,000)
commuters. It should be noted that the lower-income groups have more extreme estimates (over one hour)
in travel delays which suggest the existence of highly disadvantaged commuter groups who are heavily
impacted by flood disruptions on road networks.
Table 7: Number of commuter trips affected (8866 total) by delay thresholds.
Flood return period

>5 min delay

>10 min delay

>30 min delay

>1 hour delay

>2 hour delay

10-year flood
50-year flood
100-year flood
500-year flood
1000-year flood

7520
7007
6779
5940
5344

6491
6047
5842
5047
4475

4261
4085
4032
3408
2878

2418
2810
3027
2590
2108

342
1049
1821
1822
1477

Number of
failed trips
679
1217
1453
2329
2924
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Figure 17: Daily total cost from from flood-related commuting delays at the TAZ level under five flood scenarios.

Figure 18: Histogram of estimated economic loss by income level under five flood scenarios.
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In sum, the total weighted daily travel delay costs 18 due to 10-year, 50-year, 100-year, 500-year and 1000year floods are $5,367,000, $8,642,000, $11,628,000, $13,304,000 and $14,374,000 respectively. When
taking flood occurrence probability (i.e. 1in 10, 50, 100, 500 and 1000 years) into consideration, the average
daily transport disruption cost weighted by occurrence probability is $1,166,000. If we assume that on
average there are 28 days of flood disruptions on the Kinshasa transportation network then the annualized
amount lost to floods is $32,648,000. It should be underlined that these amounts, because they only consider
time lost for commuting purposes and not direct damages or other indirect costs such as disrupted supply
chains, constitute a conservative evaluation of the costs of floods in Kinshasa.

5

Conclusion and Discussion

In Kinshasa, DRC, the combination of pluvial and fluvial floods of multiple return periods impacts all
transportation modes and causes a reduction in vehicle speeds, road closures, lengthened daily commute
patterns, reduced job accessibility and economic costs due to travel delay. Under wet conditions, the
headways for transit modes such as Esprit de Mort increase by 42% from 31 to 44 minutes on average. Flood
water accumulation on road surfaces that exceeds 0.2 meters in depth will cause road closures and blockages.
Consequently, commuters’ daily trips to and from work need to be rerouted or canceled resulting in
pronounced delays in travel time and associated economic costs. Based on our estimation, the total economic
cost with respect to daily commuters’ travel delay is $5,367,000 under the 10-year flood scenario. Combined
with simulated outputs from multiple flood return periods, the daily weighted average of travel delay cost
caused by flood occurrence probability is $1,166,000. It should be noted that this estimation provides a lower
bound to the total economic loss due to such type of flooding because it does not account for direct damages
to transport infrastructure and for other indirect damages such as production losses due to supply chain
disruptions, or welfare implications of lost accessibility to critical services and supplies.
Several other findings and conclusions emerge from our analysis. First, accessibility to jobs decreases under
wet road conditions. On average, the share of jobs that can be reached within one hour will decrease by 0.1%
for the walking network, 10.9% for the driving network, and 5.0% for the public transit network. Combined
with visualizations of the spatial distribution of loss of job accessibility at TAZ level for three networks
(Figure 14), the government as well as planning and design agencies can target specific areas and regions
for road fortification and better integration of multiple transport modes to minimize the loss. Second, we
observe heterogeneity in travel time impact pattern from floods from both spatial and socio-economical
perspectives. In some areas within the Kinshasa city (e.g. Kimbanseke), the income level of its residents is
relatively low whereas the travel delay they experience during a 10-year flood event (based on our simulation)
is relatively high. The exact opposite pattern can be observed in areas such as Centre Ville, Lingwala,
Barumbu, etc. This pattern raises socio-spatial equity issues which are important for public policy
considerations. Similar disparities can also be observed for other flood return periods with more extreme
values due to travel delays for lower-income groups. These results provide valuable guidelines for planning
efforts to target disadvantaged groups and communities for physical and financial aid support. Third, our
modified road segment criticality analysis sheds light on the prioritization of road interventions to increase
transportation resilience to floods. City officials and transportation planners in Kinshasa aiming to climateproof the city’s transport network face difficult choices in where to start. These results provide some

18 The total cost is an estimation of the economic cost to commuters, associated with one day of flooded road conditions in the 10-year flood
scenario.
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guidance as to which road segments to invest first based on their importance in maintaining decent travel
times for many commuters under wet conditions.
Finally, we hope to point out that given climatic uncertainties in the future, the frequency and magnitude of
floods in Kinshasa and other regions around the world will likely increase. The 10-year flood scenario has
the lowest exposure level among all five flood return periods that we examined in this study. As climate
change impacts unfold over time, the potential impact of floods on transportation is likely to increase
dramatically. It is possible to imagine that the economic cost we report for the current 50-year flood event,
for example, will occur more frequently in the future, thereby increasing the returns from resilient transport
infrastructure planning and design in Kinshasa.
A limited number of uncertainty areas deserve some discussion. First, because of the difficulty of surveying
the entire public transport network during the narrow window when floods are still affecting travel conditions,
only a share (approximately 25%) of routes were mapped under wet conditions. While we implemented
strategies to overcome this data incompleteness and were able to draw valuable and reasonable insights from
the sampled data, future studies could provide a more complete picture of public transport during heavy rain
episodes in developing country cities and could help establish causal chains between floods, vehicle
frequencies, rerouting and decreased travel speeds more clearly. Ongoing work on the city of Kigali, Rwanda,
which has a smaller population, urban footprint and public transport network, will include a survey of the
entire transit system in both dry and wet conditions, and will provide a more complete and precise picture
of public transport disruptions from floods. Second, in our study, we used mosaics of the maximum value of
each raster pixel from fluvial and pluvial flood map products to approximate flood depth and extent induced
by the combination of both types of floods. Although this provides a useful estimate that captures the
extremes of both types of floods, such operation lacks considerations of the hydrodynamics of flood
processes and may introduce error and uncertainties in flood depth and extent estimations.
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Appendix A

Estimating work locations for missing records
In this study, the commuter travel survey from JICA is used to provide information on daily worker travel
patterns in Kinshasa. Specifically, we use the trip origin and destination locations provided in the survey as
input for travel simulation. However, approximately 40% of the records provided are missing detailed
information on the workplace latitudes and longitudes. This creates a major barrier in our analysis workflow,
so we decided to use a statistical approach to predict/estimate the workplace latitudes and longitudes. The
specific method we used is K-nearest neighbor (KNN).

Figure 19: Conceptual illustration of how K-nearest neighbor works. Source: https://www.javatpoint.com/k-nearest-neighboralgorithm-for-machine-learning.

KNN is one of the simplest Machine Learning (ML) algorithms based on supervised Learning technique. It
assumes similarity between the unknown data and available data and makes predictions on the unknown data
base on its similarity with the available data (Figure 19). In our analysis, we use the survey records that both
household and workplace latitudes and longitudes are available as the training data pool and evaluate the
similarity between unknown records with existing records using seven features: Household longitude,
Household latitude, Household TAZ, Household income, Personal income, Workplace type, and
Employment status. The training error is zero meters and the testing error is 8,000 meters on average and
eight meters at minimum.
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