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A B S T R A C T

Urban growth may intensify local flooding problems. Understanding the spatially explicit flood conse-
quences of possible future land cover patterns contributes to inform policy for mitigating these impacts. A
cellular automata model has been coupled with the openLISEM integrated flood modeling tool to simulate
scenarios of urban growth and their consequent flood; the urban growth model makes use of a continuous
response variable (the percentage of built-up area) and a spatially explicit simulation of supply for urban
development. The models were calibrated for Upper Lubigi (Kampala, Uganda), a sub-catchment that expe-
rienced rapid urban growth during 2004–2010; this data scarce environment was chosen in part to test
the model’s performance with data inputs that introduced important uncertainty. The cellular automata
model was validated in Nalukolongo (Kampala, Uganda). The calibrated modeling ensemble was then used
to simulate urban growth scenarios of Upper Lubigi for 2020. Two scenarios, trend conditions and a policy
of strict protection of existing wetlands, were simulated. The results of simulated scenarios for Upper Lubigi
show how a policy of only protecting wetlands is ineffective; further, a substantial increase of flood impacts,
attributable to urban growth, should be expected by 2020. The coupled models are operational with regard
to the simulation of dynamic feedbacks between flood and suitability for urban growth. The tool proved
useful in generating meaningful scenarios of land cover change and comparing their policy drivers as flood
mitigation measures in a data scarce environment.

© 2017 Elsevier Ltd. All rights reserved.

1. Introduction

The city of Kampala is growing rapidly, as exemplified by the
accelerated increase of its urban footprint (Vermeiren, van Rompaey,
Loopmans, Serwajja, & Mukwaya, 2012). Because of a weak insti-
tutional setting (Goodfellow, 2013) but also due to a complex
physical context, this expansion has generated a number of negative
impacts – among them, increased urban development has lead
to greater runoff, a consequence of more impervious areas. As
Kampala’s drainage systems are inadequately developed and main-
tained – despite recent major investments in the system which
have mitigated existing problems – this, in turn, has contributed to
aggravating local flooding (Lwasa, 2010).

The goal of this paper is to create a generalized instrument
to explore the flooding consequences of urban development. This
problem is tackled by designing a coupled urban growth-flood
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model. Emphasis is placed on the potential to create a diversity
of meaningful land cover and flooding scenarios. These scenarios
should respond both to policy and to social and physical factors
which influence land cover patterns and their ensuing flood impacts.
Further, the modeling approach must be tractable; given the com-
plexity of emergent behavior in a city, this is achieved by adopting
a simple, and therefore understandable, approach to geographic
inputs. The urban growth model includes a strong component of
randomness to account for seemingly irrational behavior by urban
actors, such as poor enforcement of regulations or higher willingness,
notably of the urban poor, to occupy and develop hazardous, flood-
prone land.

1.1. Conceptual framework

The analysis approaches urban flooding in Kampala as a coupled
human and natural system (Alberti et al., 2011). In the specific
research context of flooding and landscape patterns of Kampala,
urban growth is the mediating phenomenon between human
behavior and its physical consequences in terms of flooding.
Fig. 1 features both subsystems and the hypothesized relationships
between them.
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Fig. 1. Conceptual framework: interaction between land cover and flood dynamics.

Urban development is conceived as driven by an external demand
for land (due to increased urban population); the location of
urban development materializes based on three core principles:
suitability of land, continuation of historical development, and
neighborhood interactions (van Schrojenstein Lantman, Verburg,
Bregt, & Geertman, 2011).

Suitability is determined by accessibility to urban centralities,
following the approach originally developed by Alonso (Brueckner,
1987), which implies urban agents will choose to live as close as pos-
sible to these central locations. Further, physical characteristics of
the land are also included as potential determinants – specifically,
flooded areas (wetlands, permanently flooded, or flood zones,
flooded as a consequence of an extreme event) – assumed to nega-
tively impact the prospect of urban development (e.g., see Bathrellos,
Skilodimou, Chousianitis, Youssef, & Pradhan, 2017). These physical
factors follow from McHarg’s original concept of suitability as an
intrinsic and spatially specific characteristics of the land (McHarg,
1969).

The neighborhood effect assumes “transition[s] from one use of
land to another is dependent on the land use of its surrounding cells”
(van Schrojenstein Lantman et al., 2011, p. 38), a model originally
proposed by Tobler (1979). It can be substantively interpreted to
reproduce the Core-Periphery model of Krugman and Fujita and
biophysical relationships (van Schrojenstein Lantman et al., 2011).

The hydrological analysis of rainfall-runoff results in estimates
of how much rainfall becomes water flowing over the landscape.
Sene (2010, p. 110) describes the physical processes: rainfall is
either infiltrated into the soil, intercepted (mainly by vegetation), or
flows over the landscape; the hydraulic analysis routes the water
flowing over the surface, using elevation and other terrain char-
acteristics. Changes in land cover patterns are known to affect
the flood patterns: as more areas are urbanized, imperviousness
increases (and so does the fraction of rainfall flowing over the land-
scape), resulting in more and faster flooding (Smith & Ward, 1998).
This added flooding could change the suitability patterns; in par-
ticular, recurrently flooded locations should be less desirable for

development (Bathrellos et al., 2017). However, the importance of
this process – relative to other spatial factors determining suitabil-
ity for urban land – is uncertain and may depend on the specifics of
different sites.

1.2. Literature review

Previous studies of the city of Kampala (Abebe, 2013; Fura, 2013;
Mohnda, 2013; Vermeiren et al., 2012) have already quantified the
impact of the most important determinants of its urban morphology,
at mid and detailed scales. These approaches were all statistical,
making use of Logit econometrics, without spatial autocorrelation
but including neighborhood effects as proxy variables of it. All
show broadly consistent results: strong influence of the neighbor-
hood in explaining transformation into built-up land cover, rapid
growth rates of the urban footprint. The openLISEM integrated
flood model, coupling surface hydrology (e.g., see Baartman, Jetten,
Ritsema, & Vente, 2012; Hessel, Jetten, Liu, Zhang, & Stolte, 2003 and
Sánchez-Moreno, Jetten, Mannaerts, & Pina Tavares, 2014) to a 2D
flood model (Delestre et al., 2014), was used by Mohnda (2013) to
assess various runoff reduction strategies in the Lubigi catchment,
north of the Kampala central business district (CBD). Habonimana
(2014) examined the flood model’s sensitivity to input parameters
and to spatially explicit representations of rainfall. More generally,
the results of spatial-statistical urban growth models developed by
Fura (2013) were used as inputs for the openLISEM flood model-
ing tool to estimate a diversity of scenarios, which included both
future plausible land cover as well as interventions on the drainage
system and alternative infiltration actions (Sliuzas, Flacke, & Jetten,
2013).

While straightforward, tight coupling of urban growth and flood
models has been rare. Most case studies have analyzed the impact of
land patterns on hydrological or hydraulic outcomes, among which
the work of Ciavola, Jantz, Reilly, and Moglen (2012), Huong and
Pathirana (2013), Kumar, Arya, and Vojinovic (2013), and Poelmans,
Rompaey, Ntegeka, and Willems (2011) are typical recent examples.
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For these, urban growth modeling relied heavily on the extrapo-
lation of historic land cover trends. Ciavola et al. (2012) modeled
economic and demographic trends to estimate future land demand
and allocated it with the SLEUTH model (Clarke, Hoppen, & Gaydos,
1997). Kumar et al. (2013) developed a simple cellular automata
model of Roorkee, India to simulate urban growth; they assessed the
runoff impacts using the NSCS method. Huong and Pathirana (2013)
simulated future land cover trends with the Dinamica EGO model
(Soares-Filho, Coutinho Cerqueira, & Lopes Pennachin, 2002), jointly
with an atmospheric forcing model. Land cover simulations were
used solely to explore the sensitivity of atmospheric conditions to
land systems. Hydraulic flood routing was estimated assuming their
study area as uniformly urban. Poelmans et al. (2011) did introduce
the spatial variations of the landscape using a runoff model.

Applications incorporating flood as a restriction on land cover
change have been less common. In their study of La Paz, Mexico,
Steinitz et al. (2005) used a normative buffer to frequently flooded
but usually dry watercourses as a proxy of recurrently flooded
areas and restricted their development for constrained development
scenarios.

The modeling exercise seeks to understand how diverse urban
development strategies, especially land policy options, can lead
to different flood dynamics. Upper Lubigi and Nalukolongo were
selected as case studies, within the city of Kampala, Uganda, to
develop the urban growth model and to test the integrated model-
ing ensemble (urban growth and flood models). The urban growth
model is based on cellular automata, enhanced by including addi-
tional factors such as accessibility or physical constraints. An exoge-
nously determined land demand is allocated assuming that higher
suitability locations are chosen by urban agents before lower suit-
ability locations. The model was calibrated for the Upper Lubigi sub-
catchment, 2004–2010, and validated using data from the Naluko-
longo sub-catchment. Prospective urban growth scenarios were
then defined and simulated for Upper Lubigi, 2020; the runoff and
flooding patterns of these scenarios were assessed by applying the
openLISEM flood modeling tool using the scenarios as inputs.

The developed modeling approach integrates urban growth and
flood modeling into a single ensemble, supporting the possibility
of exploring feedback effects between human and environmental
systems. Further, the urban growth model has been designed with a
continuous response variable (the percentage of built-up land cover),
and it separates a spatially explicit simulation of potential supply
from a suitability map controlling where is development more likely;
this provides flexibility to replicate highly random trends (like urban
growth in Kampala) as well as design-oriented supply scenarios.
Since data of only two time periods is available, a second catchment –
similar to the calibration location – was selected to validate the
model. Finally, the case study has been selected partially to explore
if remotely sensed and field measurement data can contribute to
mitigate data scarcity and quality problems.

2. Methodology

A cellular automata model was developed to simulate urban
growth in the Upper Lubigi sub-catchment. In contrast to typical
cellular automata models, it is based on continuous variables to char-
acterize land cover cell state such that all relevant categories of land
can be simulated concurrently; the use of such continuous-variable
approach is more broadly discussed in van Vliet, Hurkens, White, and
van Delden (2012). The model was calibrated using land cover data
from 2004 and 2010. Model development resulted from identifying
a set of potential determinants of land cover change, from the the-
ory on urban location (Alonso’s model, McHarg’s suitability concept,
agglomeration dynamics, see Geographical Sciences Committee and
others, 2014) and from previous statistical studies of urban growth

in Lubigi (Abebe, 2013; Fura, 2013). Information to derive land cover
data models was only available for two periods (2004 and 2010). The
land cover change model was formulated and calibrated using only
data from the Upper Lubigi sub-catchment. The lack of a third period
precluded model validation on Upper Lubigi; thus, the second sub-
catchment (Nalukolongo) was added to validate the calibrated urban
growth model on exogenous data.

A set of eight factors were identified, each a potential
determinant:

• Neighborhood factor: average built-up percentage within a
moving window of 3 × 3 cells, estimated from the previous
period’s cumulative allocated development.

• Random factor: random number between 0.00 and 1.00, repre-
senting irrational behavior by urban agents (developers, home
and land owners, etc.).

• Travel time to CBD: a reflection of regional accessibility and
possible travel preferences by urban agents.

• Travel time to nearest subcenter: a reflection of regional acces-
sibility and possible travel preferences by urban agents.

• Wetland factor: a representation of physical unsuitability for
building in naturally flooded soils.

• Non-vegetation percentage: introducing inertia (land cover
changes tends to be stable; specified as non-vegetation to avoid
endogeneity problems caused by directly using built-up and
on-road bare soil percentages); estimated from the previous
period’s simulated land cover.

• Road density: based on 2004 data, it is an index of local
accessibility.

• Flood depth in base year (2004), accounting for unsuitability of
flooded areas for urban development.

Auxiliary models, using each a single factor as determinant, were
produced. All models incorporate a correction for institutional land
uses that tend to change very little: if land use was institutional
according to a 2002 land use map, no change is assumed to occur in
those cells. From understanding the effect of each factor, separately,
on the urban growth pattern, a combination of them was selected,
guided by theories on location of urban activities and the predictive
power of alternative modeling formulations. Different weight com-
binations for the spatial factors were tested, selecting the one best
replicating the 2010 land cover map of Upper Lubigi.

The resulting calibrated model (i.e., set of spatial factors and their
weights) was used to predict urban growth patterns in the Naluko-
longo sub-catchment, since – as noted – no additional land cover data
of the Upper Lubigi area was available for validation.

The model was coupled with an flood model (a calibration of the
openLISEM flood modeling tool) of Upper Lubigi, calibrated by sim-
ulating a 100 mm rainfall event. In the absence of discharge rate
data for primary and secondary drainage channels, calibration of this
flood model was based on: field observations, interviews with local
residents on past flood impacts (from Oct. 2012), and comparison
with model outputs of the Kampala Drainage Master Plan (Sliuzas,
Flacke, et al., 2013).

2.1. Geographical setting

Kampala is both the capital of and largest city in Uganda. It is
located near the Equator, on the north shore of Lake Victoria. The
city occupies an area of hilly terrain with extensive wetlands. In
the past 25 years, Kampala has expanded very rapidly: its urban
footprint grew from 72.9 km2 in 1989 to 325 km2 by 2010 (Abebe,
2013); Kampala’s population doubled between 1990 and 2010,
reaching nearly 1.6 million inhabitants (United Nations. Department
of Economic and Social Affairs. Population Division, 2014).
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Kampala is prototypical of a class of Sub-Saharan African cities,
characterized by rapid but polarized growth, mostly as informal
development. Institutionally, the planning systems in these urban
areas and countries remain embedded within regulatory frameworks
inherited from colonial times or have introduced inflexible instru-
ments under very precarious management systems (African Planning
Association, 2014).

The study area comprises two sub-catchments located within
Kampala (see Fig. 2). They have a combined area of 44.2 km2(63.4%
is occupied by Upper Lubigi and 36.6% by Nalukolongo). Both cor-
respond to the upper reaches of a hydrological system that drains
inland, as opposed to directly into Lake Victoria. They also include
peripheral but important subcenters of the city. Upper Lubigi, in par-
ticular, experienced very rapid growth during the 2004–2010 period:

the Northern Bypass, a major regional road, was completed in 2005,
attracting substantial development in the following years.

Previous research efforts on modeling urban growth and its
impact on flooding (Sliuzas, Lwasa, Jetten, Petersen, Flacke, & Wasige,
2013), have concentrated on the Upper Lubigi sub-catchment;
current results reported in this paper have built on these efforts,
developing more tightly coupled models of Upper Lubigi.

2.2. Flood modeling: calibration of openLISEM for Upper Lubigi
sub-catchment

Flood modeling was implemented using the openLISEM flood
modeling tool (Jetten, 2014a). Originally developed as an erosion
model (De Roo, Wesseling, & Ritsema, 1996), it has been recently

Fig. 2. Study area: 2004 built-up percentage in Upper Lubigi and Nalukolongo sub-catchments in Kampala, Uganda.
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extended to simulate event-based floods. It is a rainfall-runoff-
flood model, which replicates physical processes at very detailed
temporal resolution (0.1–60 s) for mid spatial resolution catchments
(between 5 and 50 m cells), with the aim of assessing flood hazard for
decision support. openLISEM has been tested in urban catchments
of Sub-Saharan Africa (in addition to Kampala, efforts are underway
to model selected catchments in Kigali, Rwanda, e.g. Habonimana,
Bizimana, Uwayezu, Tuyishimire, & Mugisha, 2015) and on four
Caribbean islands to analyze flood hazard, as part of the CHARIM
project (Jetten, 2016).

openLISEM simulates the consequences of an extreme rainfall
event in terms of runoff and flood. In the first phase, runoff is deter-
mined and accumulated towards river channels (i.e., downhill) using
a kinematic wave approach over a predefined network (this process
corresponds to urban hydrology in Fig. 1). At a second phase, water
is routed through the channels with a 1D kinematic wave; channel
overflow resulting in flooding is modeled as overflow from the river
channels towards the higher elevations of the floodplain, using a 2D
approximation of the shallow water equations (Delestre et al., 2014).
The kinematic wave functions for overland flow and for the channels
are solved using a four-point finite-difference solution.

The characteristics of the terrain are incorporated into openLISEM
as cell values in a series of input raster maps. These maps identify the
location, width and slope of channels, characterize the infiltration
properties of soils, describe interception and imperviousness (based
on land cover), and provide elevation data, used for flow routing.
The simulated physical processes for the Upper Lubigi subcatchment
were:

• Rainfall. The rainstorm event is represented by a map of dis-
crete units, each of which has an associated hyetograph. For
the Upper Lubigi sub-catchment, a 100 mm magnitude event –
approximately equal to a 1:10 year return period – with
measurements every 10 min was selected (Sliuzas, Lwasa, et
al., 2013). This event was applied to the entire sub-catchment.

• Infiltration. The fraction of rainfall infiltrated into the soil is
simulated using a 1 layer Green and Ampt approach (Kutilek
& Nielsen, 1994), which uses saturated hydraulic conductivity
(Ksat, in mm/h), porosity, and an initial moisture content of the
top soil layer. For each time step, the rainfall intensity is com-
pared to the infiltration rate to produce runoff. The infiltration
characteristics of Upper Lubigi were sampled; the results are
synthesized in Table 1.

• Land effects. Elements on the surface of land (on top of the soil)
interfere with infiltration in two ways, by storing a fraction or
by preventing infiltration.

– Canopy storage. A fraction of rainfall that does not reach
the soil because it is stored in the vegetation; it is a func-
tion of the type of vegetation and the fraction of veg-
etation land cover in every cell within the study area.
Interception was estimated as: S = 0.59 • LAI0.88, with

LAI (the leaf area index) calculated from: LAI = −ln(1 −
V egFraction)/(0.4 • V egFraction) (De Jong & Jetten, 2007).

– Impervious land cover. Certain areas covered by specific land
cover classes (buildings, tarmac) are identified as the per-
centage of each category within every cell. The area of each
cell corresponding to these land cover categories is assumed
to have 0 infiltration rate; this water volume is, therefore,
added to the non-impervious part of the cell.

• Overland flow and channel flow. The kinematic wave uses
the flow velocity based on the Manning formula. Manning’s
n values for flow resistance were estimated from a baseline
resistance increased by the effect of the grass cover (C): n =
0.05+0.1 • C. Furthermore, the effect of buildings (built-up land
cover fraction, Cb) increases resistance by: n = n + 0.5 • Cb. The
n value for the main channel was set to nchan = 0.025 for a
smooth, straight, bare soil channel. The effect of obstructions
and garbage in the channels could not be taken into account.

Land cover data determines impervious land cover, canopy stor-
age, and resistance to water flow. The landscape should be described
in terms of categories corresponding to these processes: impervious
land cover is relevant for built-up land cover, tarmac, and unpaved
roads – which, because they are compacted soil, have lower infil-
tration rates; for canopy storage, the amount of vegetation is the
key determinant; off-road bare soil is also important because it indi-
cates areas where the infiltration rate is applied, as opposed – for
example – to open water, where no infiltration occurs. Thus, five
categories have been chosen to describe the urban landscape of
the study area: built-up, tarmac, unpaved roads, off-road bare soil,
vegetation, and water.

2.3. Urban growth modeling of Upper Lubigi

An urban growth model, based on cellular automata, was devel-
oped to describe land cover change processes in Upper Lubigi. Space
within the sub-catchment was idealized as an array of square cells,
of 20 m side, each cell being an automaton A characterized by a set
of states (G), a set of transition rules (T) governing changes to these
states, and a set of states of neighboring cells (R):

A(G, T, R) (1)

The state G of the automaton A is defined as a set of contin-
uous variables encoding the percentages of land cover categories
selected in Subsection 2.2. Changes to this state are triggered by
urban development, which is an increase in the built-up percentage.

The transition rules T define the state of the automaton (Gt+1) in
period t + 1, based on the automaton’s state (Gt) in the preceding
time step, and on an input, It (also corresponding to the preceding
time step):

T : (Gt, It) → Gt+1 (2)

Table 1
Soil properties.

Unit Porosity Bulk density Saturated hydraulic conductivity n
(cm3/cm3) (kg/m3) (mm/h)

Vegetation Valley floor (C) 0.58 1210 1.9 5
(grass, shrub) Bottom slope (SCL-SC) 0.52 1410 16.8 9

Mid-slope (SCL) 0.54 1460 2.8 2
Hill top (SCL-SL) 0.52 1410 37.6 5

Bare soil Valley floor (C) 0.57 1310 0.0 8
(compacted) Bottom slope (SCL-SC) 0.55 1490 6.5 5

Mid-slope (SCL) 0.58 1550 3.3 2
Hill top (SCL-SL) 0.54 1470 2.9 4

C: clay, SCL: sandy loam clay, SL: sandy loam.
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This input, It, is a measure of the development potential for built-up
land cover, taken to be a representation of urban land uses’ location.

It is defined as the weighed summation of several factors, each
factor normalized between 0 and 1: (1) the neighborhood factor,
defined for each cell as the average percentage of built-up land cover
within a Moore neighborhood (i.e., the 8 cells surrounding it), (2)
accessibility to urban centralities (estimated travel time through the
network to the CBD), (3) physical factors restricting urban devel-
opment, specifically an index assigning a value of 0 to permanent
wetlands, 0.5 to seasonal wetlands, and 1 to non-wetland cells, and
(4) non-vegetation percentage, a proxy for existing built-up in the
previous period (but which, unlike the built-up percentage, mitigates
potential endogeneity problems).

Following Yeh and Li (2001) and Li and Yeh (2000), the amount
of built-up land cover change is assumed to be additive – because in
developing countries, cities generally expand by greenfield projects,
which shows up in land cover maps as an additional fraction of built-
up land cover.

G(1)i,t+1 = G(1)i,t + DG(1)i,t (3)

where DG(1)i,t is the increase in built-up percentage. Therefore, for
each category, the model assigned:

DG(1)i,t =

{
SimDemi, if It ∈ [k, n]

0, if It ∈ [0, k]
(4)

such that:

n∑
i=k

DG(1)i,t ≈ LDt to t+1 (5)

with SimDemi the simulated demand allotted to cell i if this cell’s
state changes, n the total number of cells in the study area, and
LDt to t+1 the total land demand for that land use/land cover category
in the time interval t to t + 1.

Since observed development clearly expands over space, for each
simulation run, a rule was introduced: that a cell can only change
once during the entire simulation, even if it is more suitable than oth-
ers. This ensures the same cell will not be developed until saturation.
The calibration period was six years; therefore, prospective simula-
tions are performed for five period intervals (e.g., to simulate urban
growth for 2010–2020, two sequential simulations are completed:
2010–2015 and 2015–2020; the results of the 2010–2015 simulation
are used as inputs for the 2015–2020 simulation).

The amount of change, SimDemi, of each cell is determined by
examining land cover change maps of the sub-catchment; it is a func-
tion of the total land cover change occurring in a 6 year period,
randomly distributed in space: built-up land cover change of 2004–
2010 was averaged across cells and multiplied times a spatially
random map (with values between 0.00 and 1.00) and times an
expansion factor equal to 3.50; this expansion factor is introduced
to control for the intensity of development. Since the average of a
random uniform map (varying from 0.00 to 1.00) is 0.50, an expan-
sion factor of 2.00 implies the intensity of development follows a
purely random pattern; expansion factors >2.00 should be inter-
preted as increasing the level of agglomeration in new development.
G(1)i,t=baseline + SimDemi is assumed to have a maximum value of
85.0%.

Other land cover categories are updated based on the change
in built-up land cover. The increase in unpaved road percentage is
assumed to be proportional to the ratio of unpaved road to urban
growth of the baseline year of the cell. Should the sum of unpaved
road and built-up land covers exceed 100%, unpaved road is taken as

equal to 1 − %BuiltUp and the cell is assumed to be totally urbanized.
Water and tarmac roads are defined as external to the simulation,
meaning they are initial conditions that do not vary in time. When
these land covers are present in a cell, allocation is calculated for the
non-paved and non-water percentage. Vegetation and off-road bare
soil are allocated to the percentage remaining after updating all other
land cover categories. Such percentage is distributed proportionally
to baseline year ratio of vegetation to off-road bare soil.

Constraints on institutional land uses (as identified in the 2002
land use map of Kampala), which are not expected to suffer changes,
are introduced by setting SimDemi = 0 for the areas occupied by
these land uses.

2.4. Scenario descriptions for Upper Lubigi

Two scenarios were specified for the Upper Lubigi sub-catchment
to assess a land use policy intervention, stringent protection of wet-
lands. These scenarios were projected for a 10 year period (adopting
as the baseline year 2010).

Population projections for the city of Kampala were derived from
UN statistics (United Nations. Department of Economic and Social
Affairs. Population Division, 2014); the fraction of population growth
for Upper Lubigi was estimated by multiplying the percentage of
population living in the Kawempe division (22% in 2002), based on
census data. Land demand was estimated by dividing population
growth into gross population density of the baseline year (2010).
Total land demand for the 10 year period was estimated at 426 ha
(Pérez-Molina, 2014).

Spatial allocation of land demand was based on the calibrated
urban growth model (i.e., the choice of factors and weights, product
of the calibration procedure). The trend scenario (P01) was calcu-
lated with unconstrained supply of development (SimDemi > 0.00)
for wetland areas. A defensive policy (P02), no future urban growth
in wetland areas, was simulated by setting the amount of change –
SimDemi – to 0.00 for cells within them.

Both scenarios assume improvements on the main drainage chan-
nel, completed in 2013, were operational in 2020. Neither takes into
account potential maintenance problems, especially silting, which
progressively reduce the capacity of these drainage channels in
Kampala.

2.5. Model integration

Model integration describes the transmission of information
between modeling components. Computationally, model integration
can range from the so-called “loose coupling” (in which data is
exchanged between models using relatively simple data formats) to
“tight coupling”, which occurs when the capabilities of one model
are included into another (McColl & Aggett, 2007). A more extended
discussion of model integration can be found in Sui and Maggio (1999).

The models presented in this paper, while not fully (tightly) cou-
pled, are an advance on loose coupling. openLISEM, the selected
rainfall-runoff model, was developed using the PCRaster software
(Karssenberg, Schmitz, Salamon, de Jong, & Bierkens, 2010) for
dynamic and spatially explicit environmental modeling (combined
with C++). Indeed, data preparation for an openLISEM run is carried
out using a PCRaster script (Jetten, 2014b). Accordingly, all digital
maps use the .map file format of PCRaster maps.

The urban growth model described in Section 2.3 and the sce-
narios of Section 2.4 are all the result of combining data using the
PCRaster platform. Consequently, there is no need for data conver-
sion for the loose coupling between the urban growth and flood
models of Upper Lubigi. The basis of coupling consists in renaming
the outputs of the urban growth model in such a way that the flood
model can recognize them.
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The application presented follows the pseudo-code summarized
in Algorithm 1. The urban growth model was used to simulate
the future land cover of Upper Lubigi. This spatially explicit land
cover forecast of 2020 was then evaluated with the openLISEM flood
modeling tool.

Algorithm 1 Model execution with no feedback between urban growth and flood

Execute PCR UGM t:[2010,2015] {UGM designates the cellular automata urban
growth model.

t:[2010,2015] indicates the script runs from 2010 to 2015. Input: 2010 land
cover maps}

Execute PCR UGM t:[2015,2020] {Input: 2015 simulated land cover}
return Built-up, vegetation, tarmac, unpaved road maps for 2020
Execute PCR Data compilation script t:[2020] {Input: 2020 simulated land cover

and physical maps of sub-catchment}
Execute openLISEM ULFlood t:[2020] {ULFlood is the calibrated flood model for

Upper Lubigi. Input: compiled data}
return Max. flood depth and catchment flood results for 2020

3. Results and discussion

3.1. Cellular automata model calibration

The cellular automata model calibration was achieved through
an incremental approach to the introduction of information. In a
first phase, a set of auxiliary models were run, each using a single
spatial factor as suitability criterion. This yielded three dynamic
models (based on the neighborhood, non-vegetation percentage, and
random factors) and five static models. The results were assessed to
understand the effect of differing urban dynamics on urban growth
patterns. Thus, for example, if allocation is based solely on the travel
time to the CBD, then the growth pattern should concentrate on the
southern areas of Upper Lubigi – those closest to the CBD (see Fig. 3).
Some interesting insights can be gleamed from such analysis; for
example, both the neighborhood factor and the wetlands factor seem
to drive development away from the flood plains. To a certain extent,
they are redundant.

Based on these results, on previous statistical modeling results
(Abebe, 2013; Fura, 2013), and on theoretical understanding of city
expansion, a set of factors (neighborhood, non-vegetation, travel
time to CBD, and wetlands factors) were chosen to replicate the
built-up land cover pattern of 2010, simulated from the baseline year
2004. A first run was completed using equal weights for the selected
factors; a second run included varying weights to better reflect the
relative importance of existing urban dynamics. Finally, as a third
and final step, a sensitivity analysis of the random factor was per-
formed by testing a range of weights for this factor (from 0.50 to 2.00
in 0.25 increments), to determine if randomness could improve the
model’s predictive power.

Each of these auxiliary models was assessed through visual inspec-
tion and comparison of the simulated built-up land cover map with
the 2010 land cover map (derived from remote sensing by combining
a feature data set of building footprints and an unsupervised classi-
fication of a true color aerial image of Kampala), as well as by a set
of quantitative measures: the average per pixel difference, the aver-
age per zone difference, edge index, and number of patches. Visual
inspection was most effective in understanding single factor auxil-
iary models whereas quantitative measures were better at comparing
multiple factor models, particularly the impacts of randomness.

The quantitative assessment measures of built-up land cover
maps were defined as:

• Per pixel difference: absolute difference of the built-up
percentage between simulated land cover and the 2010 land
cover map, averaged across all pixels.

• Per zone difference: absolute difference of the average built-up
percentage within 1×1 km2 blocks overlayed on the subcatch-
ment, between simulated and land cover maps, averaged and
weighed by block area.

• Number of patches: built-up land cover was transformed into
binary maps, with built-up cells designated if the built-up per-
centage exceeded 25.0%; a patch is a set of continuous built-up
cells fully surrounded by non-built cells; the measure is defined
as the total amount of such patches within the subcatchment.

• Edge index: sum of perimeter of all patches divided by the
perimeter of a hypothetical square patch with area equal to
total built-up within the sub-catchment (i.e.,

√
TotalPatchArea).

Single factor models reveal similarities between factors, which
are consistent with the underlying spatial factors’ definitions. Acces-
sibility based models (travel times to CBD and subcenters), for
example, concentrate development near main roads south and west
of Upper Lubigi. This reflects higher potential circulation speeds,
and therefore shorter travel times to urban centralities. Both the
neighborhood and non-vegetation factors densify existing urban
areas, with little new development occupying previously undevel-
oped areas in the northeast of the sub-catchment. Interestingly,
while wetland and flood factors drive some development out of
restricted areas, randomness (included with a 0.250 weight to allo-
cate beyond the constraint zones) causes limited encroachment. And
this encroachment, notably in the north central and east of Upper
Lubigi, seems larger than what is caused by the neighborhood effect
(see Fig. 3, a selection of factors and resulting simulations).

Factor selection was based on empirical and theoretical consider-
ations. From observing 2004–2010 urban growth patterns, it appears
there is a strong influence of inertia and local agglomeration: new
development tends primarily to locate in the western-most area
of Upper Lubigi, where current urban land uses are denser. Spatial
statistical models of urban growth in Upper Lubigi and Kampala sup-
port this, by finding neighborhood factors are strong predictors of
change in built-up land cover (Abebe, 2013; Fura, 2013). Wetland
areas also seem relatively free of development, although it is unclear
whether this should be attributed to inertia/agglomeration effects
(lack of existing development in the core wetland) or to physical
suitability constraints. Travel time to the CBD was added as a the-
oretically central dynamic; at the Upper Lubigi scale, this would be
manifested as a pattern of urban consolidation in the south (nearer
the city center) preceding further development in the north of the
sub-catchment.

Factor weights were selected relative to the neighborhood effect:
travel time to CBD and non-vegetation factor were deemed less
strong and wetlands, as most strong (evidenced in mostly clear wet-
land core areas in aerial imagery, although encroachment does occur
in the fringes). Non-vegetation is, to a point, redundant to the neigh-
borhood effect, since both factors tend to favor locations with exist-
ing development. Accessibility as a determinant, on the other hand,
is weak probably due to widespread congestion in Kampala, which
reduces the advantages of main roads over local unpaved roads
(accessibility was estimated under near free flow conditions). This
likely weakens any accessibility effects. The final selected weights
were: 1.00 for the neighborhood factor, 0.500 for non-vegetation and
travel time to CBD factors, and 2.00 for the wetland factor.

As can be seen from Fig. 4, the composite suitability (S01) per-
forms better than simpler versions (S02, an equal weights average
of the same four factors, and S03 to S10, the single factor models).
There is hardly any difference in terms of the per pixel difference, but
this is not surprising, as urban growth models are better at pattern
prediction than individual location – and in fact it is not very useful
to predict exact locations; general patterns are much more relevant
(van Vliet, Hagen-Zanker, Hurkens, & van Delden, 2013).
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Fig. 3. Calibration: selected spatial factors and auxiliary model results.

Looking at other measures, some single model factors perform
slightly better than the composite (S01) in terms of per block dif-
ference (S03, neighborhood factor; S06 non-vegetation factor, and
S10, random factor). This clearly suggests the importance of inertia,
which is also partially measured by local agglomeration (i.e., the
neighborhood factor) in determining urban growth of Upper Lubigi.
The neighborhood factor (S03), however, is not a good predictor
for number of patches nor does randomness (S10) properly simu-
late the edge index. One could argue the non-vegetation factor does
outperform the composite index; however, a model based solely on
this factor tells a much oversimplified story of urban growth, one in
which only locations with existing development intensify. While this
is part of the general picture, prospectively it oversimplifies by ignor-
ing greenfield development: a dynamic that will become increasingly

important as space is fully occupied in existing urban areas. It also
misses out on wetland encroachment from informal development;
this could be a major problem looking forward. Because of this,
for prospective modeling, it is best to choose the more complex
composite suitability index.

The selection of factors resulting in S01 permits the replication
of the observed urban growth process of Upper Lubigi in morpho-
logical terms. But it does not address the inherent randomness of
urban growth in the study area. Fig. 5 shows the comparison of the
model specified for S01 to eight models (S11 to S18) in which, to the
four factors selected for S01, were added a random term with weight
increasing from 0.500 to 2.00 in 0.250 increments.

As can be seen in Fig. 5, there are no clear trends: randomness
definitely does not improve the per pixel and zone differences with
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Fig. 4. Calibration: assessment of auxiliary cellular automata models. Difference between calibration scenario and 2010 land cover map measure [for 2010 land cover map, number
of patches: 1736; edge index: 64.10]. S00: 2010 land cover map, S01: composite suitability-weighed summation, S02: four factor summation-equal weights, S03: neighborhood
factor, S04: travel time to CBD, S05: travel time to subcenters, S06: non-vegetation factor, S07: wetlands + 0.250× random, S08: flood depth + 0.250× random, S09: road density,
S10: random factor.

respect to the 2010 land cover map. For the edge index, with excep-
tion of S16 and S18, there seems to be a weak bell shape, with
lower differences for the extremes (S11, randomness weight of 0.500,
and S17, weight of 1.75). When analyzing the number of patches,
evidence is less systematic – perhaps because all differences are rel-
atively small (the number of patches of the 2010 land cover map is
1740, so the difference with respect to it are two orders of magni-
tude lower). However, S17 is one of two scenarios (the other being

S14, weight of randomness equal to 1.00) for which the difference in
the number of patches with respect to the land cover map of 2010
is lower than for the calibrated model. Accordingly, the randomness
factor was incorporated with a weight of 1.75, based on its improve-
ment of quantitative measures of prediction. In terms of substantive
interpretation, one can justify including randomness as a reflec-
tion of informality, poor land use regulation, uncertainty of assumed
dynamic relationships (e.g. accessibility is strongly affected by

Fig. 5. Calibration: introduction of randomness. Difference between calibration scenario and 2010 land cover map measure [for 2010 land cover map, number of patches: 1736;
edge index: 64.10]. S01: composite suitability-weighed summation. Random factor weight increases from 0.250 to 2.00 by 0.250 increments from S11 to S18.
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congestion, a factor not incorporated into the model), etc. To ascer-
tain how important it is, the quantitative assessment of the calibra-
tion scenarios should be expanded substantially – since the impact of
introducing randomness is not intuitively evident and visual inspec-
tion of resulting maps is not a straightforward comparison method.
But such an exercise is beyond the scope of this paper.

3.2. Cellular automata model validation

Model validation results from analyzing the urban growth process
for 2004–2010 of the Nalukolongo sub-catchment. In the absence of
land cover data for a third period in Upper Lubigi, a second catch-
ment within the city of Kampala was chosen and used as a test case.
This sub-catchment shares characteristics with Upper Lubigi such as
being an inner suburb, including substantial wetlands, and having
a main road connecting it to the city center. It also presents some
differences, such as greater consolidation of urban areas and less
undeveloped land.

Built-up land cover expansion was simulated for 2010 using 2004
as a baseline year, and the factors and weights selected in the cal-
ibration section: neighborhood effect, non-vegetation percentage
(weight equal to 0.500), travel time to CBD (weight equal to 0.500),
wetlands factor (weight equal to 2.00), and randomness (weight
equal to 1.75). The simulated built-up pattern is reported in Fig. 6.

As can be seen, the resulting pattern is remarkably similar to the
2010 land cover map. The main differences are the greater predicted
growth in the southwest limit, relative to the land cover map, and the
lower predicted growth in the northwest. Further, the land cover map
of2010showsagreaterdegreeoforganization, inthesensethatstreets
are easier to detect, whereas the simulated map includes a scattered
urban growth pattern. When analyzing the landscape metrics (Fig. 6),
one can see the urban growth model is more successful in simulating
Nalukolongo’s development than for Upper Lubigi (except for patch
complexity, measured through the edge index): per zone difference is
2%, as opposed to over 3% for Upper Lubigi; the difference in number
of patches is 20 (out of 1031 for the land cover map) and the edge
index difference is 0.10 (with a land cover map index of 49.1); contrast
this to over 20 patches of difference (out of 1736) and <0.10 for the
edge index (65.1 for the 2010 land cover map) for Upper Lubigi.

In synthesis, the calibration procedure was successful, as judged
by applying the resulting model (factors and weights) to an indepen-
dent data set (the Nalukolongo sub-catchment).

3.3. Prospective simulation of the Upper Lubigi sub-catchment

An exercise in prospective simulation has been undertaken to
demonstrate the possibilities of the modeling approach. The spatial

factors and weights of the calibration and validation results (a
neighborhood factor with a weight of 1.00, travel time to CBD with
weight of 0.500, wetland factor of weight of 2.00, non-vegetation
percentage with weight of 0.500, and random factor with weight
of 1.75) was used to compute the scenarios. A defensive landscape
strategy, no further development allowed in wetland areas, was
simulated for 2010–2020. The resulting hydrological impacts were
compared to trend conditions.

The results of the prospective simulations should be cause for
concern in the city of Kampala. In the face of a weak institutional
position, urban managers at the Kampala City Council Authority
have attempted to control urban encroachment into wetlands. Yet
the simulation results strongly suggest this strategy is not effective:
predicted total discharge volume, peak discharge flow, percent of
rainfall discharged at the outlet, and flooded volume at maximum
flood level are all nearly identical for scenario P01 (trend conditions)
and P02 (wetland protection) at the year 2020 (see Fig. 7).

Even more problematic, relative to the baseline year conditions
(scenario P00, 2010 land cover map), hydrological impacts are fore-
cast to deteriorate substantially. Total discharge and discharge to
rainfall ratio are predicted to increase 37%, flood volume at maximum
flood level by 44%, and peak discharge flow by 4%. Perhaps the only
positive finding is, flood patterns seem nearly identical for all three
scenarios (Fig. 7), which would mean current conditions will worsen
but the rise of new problematic spots will be limited.

An examination of flooded built-up area (Table 2) also shows
a significant impacts. Total flooded built-up area increases by 59%
from baseline year conditions to 2020 scenarios – both of which pre-
dict nearly identical flooded areas. More troublesome, the severely
flooded built-up area (over 15 cm of flood) almost doubles, from 22
to over 40 ha. These results prove that the increase in flood impact
should be attributed to greater flooding, rather than encroachment
into flooded areas (since the policy scenario P02 assumes no devel-
opment happens within wetlands).

In conclusion, given flood problems already exist in Upper Lubigi,
more aggressive actions will certainly be required to mitigate the
flood-related consequences of expected urban growth.

3.4. Conceptual and computational model integration

Conceptually, model integration depends on the phenomena
themselves and whether they are well suited to each other in terms
of scale and extent. In this sense, the compatibility between urban
growth and flood events is a precondition to computationally inte-
grate the models of these phenomena.

Elga, Jan, and Okke (2015) analyzed the problem of scale in hydro-
logical modeling of urban catchments. They found that hydrological

Fig. 6. Validation: 2010 land cover map and simulated land cover. Landscape measures report the differences between validation scenario and 2010 land cover map measure.
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Fig. 7. Simulation: prospective urban growth for selected scenarios. P00: 2010 land cover map, P01: 2020 trend, P02: 2020 wetland.

models developed to examine the relationship between land use
change and hydrology concentrated on infiltration and runoff pro-
duction. Time scales for runoff generation were found to range from
minutes to days and spatial resolution, from 10−1 to 103 m (Elga et
al., 2015, p. 67). Depending on the complexity of soil patterns, infil-
tration could require very detailed information: a spatial resolution
of up to 1 m, with additional vertical heterogeneity, especially in
areas where soils have been disturbed by human agency.

Urban processes operate at coarser spatial scales and are, in con-
sequence, discernible only at coarser time scales. In their review of
urban attributes, Cowen and Jensen (1998) concluded USSGS Level I
and II land use/land cover – level I aggregates all built-up into a single
category, level II disaggregates into residential, commercial/services,
industry, etc.; see Anderson (1976) – require a minimum temporal
resolution of 5 to 10 years and spatial resolution of 5 to 100 m.

While higher resolutions could generally be preferred, they also lead
to greater object diversity (Bhatta, 2010), which causes problems for
algorithm-based analysis.

The application described in Subsection 2.5 presents no concep-
tual integration problems. Flood depth, in the case of Upper Lubigi,
was not found to be a determinant of land cover change for 2004–
2010. The flooded area in Upper Lubigi is located mostly within a
wetland (or former wetland) area, itself unsuitable for urban devel-
opment. This being so, flood depth represents no additional con-
straint to urban development and the simulation of urban growth
can be then conceived as an exogenous input to flooding. Alterna-
tively, the absence of flood among the predictors of development
could indicate a high level of inertia within poverty bound popula-
tions. They stand to loose too much (low cost access to jobs, cheap
housing, livelihoods, familiar surroundings and social networks) by
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Table 2
Flood impacts on built-up land cover.

P00. Base year P01. Trend P02. Wetland

Flooded area total (ha) 534 588 588
Flooded area over 15 cm (ha) 114 146 146
Infiltration (mm) 75.9 67.5 67.6
Built-up total flooded (ha) 139 222 222
Built-up flooded over 15 cm (ha) 22.0 40.3 40.3

leaving a hazardous area, making them uncertain about the benefits
of moving to a safer place.

In any case, the integrated model can also be used to explore
the feedback between flooding and urban growth which may
exist in other sub-catchments. Computationally, the adjustment to
Algorithm 1 is straightforward: instead of running a dynamic urban
growth model (for periods t0 to tn) and using its outputs to run the
flood model (only for period tn), both models (UGM and flood) should
be run sequentially for each period t (and for a single period, the out-
puts of the UGM would be the inputs of the flood model). The outputs
of this period, t, would then be used as inputs for the subsequent
period, t + 1.

More interesting are the conceptual questions which arise. For
example, during one year (the temporal resolution of the UGM), 365
flood events occur (the storm represents a daily maximum). Which
one should be simulated for each year? The strict answer would be,
the event which causes urban agents to change their behavior (which
convinces them to not build in flooded areas). The best simplification
to operationalize such statement is likely to select the largest rainfall
event that occurred during this year. Yet it is also perhaps question-
able whether urban growth will be significantly affected by a single
flood event of the kind often experienced in Kampala or if a longer
term cumulative effect reveals itself after a particularly severe rainy
season. Precisely because so large uncertainties remain, applying the
modeling approach to past yearly data, and in particular to the feed-
back between flood and urban growth, is a potentially profitable area
of future research.

3.5. Urban resilience in the Lubigi catchment

The analysis results reveal collective actions to mitigate flooding,
namely past investments in the main drainage channels and the
potential of preserving the wetlands, are not sufficient to reduce
flood risk in Upper Lubigi. Yet, simultaneously, city life in this part of
Kampala continues unimpeded, even in the face of recurring flood-
ing. Could this be evidence of some otherwise unsuspected source of
urban resilience?

While governance and communal structures surely contribute to
urban resilience, Campanella (2006) has argued that the ultimate
source of resilience in a city is its people. However, there is no evi-
dence of a particularly engaged citizenry in Upper Lubigi, on the
subject of adaptation to flood risk. Chereni (2016) examined the
Bwaise 3 informal settlement, located near the outlet of the Upper
Lubigi sub-catchment. He found little evidence of robust social insti-
tutions promoting resilience: social networks somewhat influenced
the adoption of mitigation measures (58% of surveyed households
adopted such measures in response to social influence) but income
level, occupation, perception of flood risk or exposure, and even
experience of past floods were all uncorrelated to the adoption of
household-level mitigation actions.

The mismatch between suffering recurrent floods and failing to
pro-actively address such risk should perhaps be best interpreted as
the combination of an acceptance of flood inconvenience and a rel-
atively small damage suffered by each household, since widespread
poverty among those most affected means fewer assets exist to be

damaged (such characterization is consistent with Kampala as exem-
plifying a fatalistic culture, in the sense of grid-group culture theory,
see Mamadouh, 1999). This subject requires a deeper exploration,
which is beyond the scope of this paper. What is clear from the mod-
eling results is that even efficient land use planning and investments
in large infrastructure systems are not enough to reduce flood risk in
Upper Lubigi.

4. Conclusions

This work has summarized the implementation of an integrated
land cover change and flood model. The modeling ensemble proved
to be operational by successfully simulating prospective land policies
and assessing their flood impacts. While not incorporating a feed-
back between flooding and land cover change – because it was not
required by the case study – the formulation can be easily extended,
should the analysis of a specific case require it.

The scenario assessment successfully evaluated a realistic land
policy, a defensive landscape strategy such as the stringent protec-
tion of the wetlands. This policy was predicted to be ineffective,
when compared to trend conditions. Therefore, and in a context of
a study area (Upper Lubigi) which already has flooding problems,
much more aggressive policies will be required to mitigate future
urban growth impacts.

The developed urban growth model has proved capable of repli-
cating existing land trends using a simple, comprehensible approach.
The model divides the processes of allocation (where urban develop-
ment occurs) and the simulation of growth (how much development
occurs). Allocation is the result of a weighed summation, which
results in transparency on the choice of behavioral assumptions and
their formalization into the model. The simulation of growth, in turn,
provides flexibility to tackle diverse urban growth conditions. For the
current application, SimDemi is based on randomness, to replicate
the dynamics of Upper Lubigi. It may also be applied with devel-
opment supply based on, for example, land use regulations – such
an application was successfully tested for densification scenarios of
the city of Kigali, Rwanda (Pérez-Molina, Sliuzas, van Maarseveen, &
Jetten, 2016). In general, the use of a separate and spatially explicit
model of supply may prove useful to a class of cellular automata
models (such as Yeh & Li, 2001 or van Vliet et al., 2012) that use a
continuous value as the response variable.

The modeling ensemble was deployed in a data scarce environ-
ment. The use of remote sensing to develop land cover data models
and field measurements of soil characteristics, complemented with
digital elevation models, permitted the bridging of this data gap.
However, it is likely that considerable uncertainty was introduced
into the modeling results. Indeed, further research into error propa-
gation remains a key research need in spatial modeling.

Joint modeling of land systems and flood can contribute to
improve land use planning in hazardous contexts. The modeling
strategy could also be profitably applied to other spatially differen-
tiated hazards, impacted by land cover changes; since it is based
on PCRaster – a very flexible environmental modeling software –
the development of other hazard models is feasible. In synthesis,
land models can be successfully developed and coupled with natural
hazard models, and used to formulate land policies to mitigate their
impacts.
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