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Abstract. After years of drought, the rainy season is always welcomed.
Unfortunately, this can also herald widespread flooding which can result in
loss of livelihood, property, and human life. In this study a Bayesian network
is used to develop a flood prediction model for a Tshwane catchment area
prone to flash floods. This causal model was considered due to a shortage of
flood data. The developed Bayesian network was evaluated by
environmental domain experts and implemented in Python through
pyAgrum. Three what-if scenarios are used to verify the model and
estimation of probabilities which were based on expert knowledge. The
model was then used to predict a low and high rainfall scenario. It was able
to predict no flooding events for a low rainfall scenario, and flooding events,
especially around the rivers, for a high rainfall scenario. The model therefore
behaves as expected.

1 Introduction

While drought can have a disastrous effect on a country, to a larger extent, so can flooding
as flooding can lead to loss of life, livelihoods, and infrastructure damage. Urban areas of
Tshwane regularly experience flooding [1] that leads to the loss of human life.

It is noted that in academia there is no set standard to quantify flood risk and it is open to
interpretation. The traditional way in which disaster damage is measured involves examining
separately the number of fatalities, injuries, and people affected, and the financial damage
that disasters, triggered by natural hazards such as earthquakes or floods, cause. Kourgialas
and Karatzas [2] provide a flood management strategy and determine hazardous areas of
interest in the region. This is said to be the key to flood preparedness. The Flood Forecasting-
Warning System uses data from rainfall, meteorological parameters, and river flow to predict
floods [3]. This can be combined with the evacuation of risk areas.

With new sensing technology, some organisations provide inundation maps based on
satellite images and remote sensing [4]. These maps give a good indication of the depth of a
body of water. This information aids experts in understanding water shortages or flooding
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and other variables. One such new methodology is the Floodwater Depth Estimation Tool
(FWDET) which estimates floodwater depth based on an inundation map and a digital
elevation model (DEM). Another open-source toolbox for floodwater mapping is the Flood
Mapping Python toolbox (FLOMPY) [5]. This is an easy-to-use Python tool, even for less
experienced users. The current iteration of this tool is more accurate for rural areas than urban
and is dependent on Sentinel-1 data which is limited to the satellite path. Dealing with
geospatial information can be demanding on computing resources but in the last decade
processing capabilities have improved significantly. The implementation of traditional
probabilistic techniques on geospatial data have become an attainable goal.

In a recent study by Nkwunonwo et al. [6], a review of the literature around current flood
modelling techniques was conducted where the authors adopted a model classification
scheme. Flood modelling methods can be classified based on spatial extent, dimensionality,
or mathematical complexity. The weaknesses and strengths of these methods are highlighted
to gain some insight on the methodologies and assumptions on how the applications in
developing countries are constrained. The aim was to place emphasis on the status of flood
modelling for urban flood risk management in developing countries. The big takeaway was
that developing countries are more constrained in the use of some of the approaches due to
the limitation of available data. Interestingly, Nkwunonwo [6] state that the lack of data might
be due to technology and resources but also because of political influence that sometimes
prohibits some of the required data from either being collected or accessed.

A study by Cvetkovic and Martinovi¢ [7] reviews innovative approaches to flood risk
management which include some of the most prominent approaches in the field. The work is
presented in four parts: flood prevention, flood preparedness and mitigation, flood response,
and flood recovery. A view of how the flood areas can be modelled and the different factors
that impact floods in urban areas and flood management were not included.

Lately, there has been a rise in the use of machine learning (ML) techniques in flood risk
management, leading to more data-driven approaches. Most of these models rely on
sufficiently large and good quality datasets. Chen et al. [8] compares six machine learning
models (MLMs) for flood risk assessment. Of the six models, Support Vector Machine
(SVM), Random Forest (RF), and Multi-layer Perceptron (MLP) were the most prevalent
with the most accurate results. Mosavi [9] provides a summary of ML methods used for flood
prediction and highlights four major trends, namely integration of two or more machine
learning methods; data decomposition techniques for the purpose of improving the quality of
the dataset; an ensemble of methods and using add-on optimiser algorithms to improve the
quality of machine learning algorithms. It was concluded that ML will be the cornerstone of
advancements in flood mitigation and management for the foreseeable future.

More recently other types of neural networks have also been employed successfully in
real-time river flood forecasting [10]. Between SVM, MLP, and Long Short-term Memory
(LSTM), the LTMS model was the most accurate and robust. Convolutional neural network-
based (CNN) methods can also produce more reliable and practical flood susceptibility maps
compared to methods such as SVM [11]. While these ML techniques produce promising
results, this is not feasible in a data scarce environment due to the extensive data requirements
of ML models.

With probabilistic graphical models (PGM) such as Bayesian networks (BNs), models
can be constructed from data, expert knowledge, or both, which is ideal for a data scarce
environment [12-14]. Balbi et al. [15] use commonly available information to supplement
guantitative and semi-quantitative data. Flood risk was successfully modelled in the Sihl
valley (Switzerland), including the city of Zurich, using a spatially explicit BN model
calibrated on expert opinion. A BN was employed by Joo et al. [16] to incorporate weights
reflecting the characteristics of six different statistical methods creating the Index for Flood
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Risk Assessment (INFRA). In the past, different flood risk methods have been presented to
decision-makers, causing confusion, and making it difficult to make informed decisions [16].
Incorporating these characteristics of the different methods into one model ensures a unified
representation which minimises confusion. Hosseini et al. [17] compares ensemble models
of the boosted generalised linear model (GLMBoost), random forest (RF), and Bayesian
generalised linear model (BayesGLM) methods. It was found that all the compared models
yielded good and close performance.

In South Africa (SA) there is limited data available for flood hazard mapping. Els [18]
focuses on determining if flood hazard maps can be created for the areas where there are
existing data. To achieve this goal, the information on different flood modelling
methodologies, data requirements, and flood hazard mapping for SA were reviewed. Even
with the limited availability of data sources, flood modelling could be performed. In later
years the Greenbook [19] was established as an online tool to aid local municipalities with
flood risk assessments. Due to the size of the area, this map has a limited resolution, but work
is still ongoing.

A BN approach allows for model construction to be based on data and/or expert opinion
which is ideal for the data scarce environment in South Africa. For this paper, we identified
a Tshwane suburb that is notorious for experiencing flash floods. We proceed to develop a
BN with the help of environmental experts and implement this BN to determine the flood
risk prediction for this suburb for low and high rainfall. The overall aim of this project is to
develop a generalised model of South Africa, with the assistance of domain experts, that
requires only the most basic data inputs. The model developed in this paper is a first step
towards better flood mitigation and management through an early warning system,
leveraging domain experts and open-source datasets.

2 Methodology

In this section we discuss the design and development of the BN as well as the identification
of data and variables that will be considered in the model. The generation of the topographical
map is also discussed and will be used to visualise the prediction obtained from the Bayesian
model. This workflow is illustrated in Figure 1 in three distinct phases namely, retrieving
data, data processing, and data visualisation. The activities flow is illustrated by black arrows.

The geospatial data, as well as the results from the study, are visualised using a
topographical map with a 20 m resolution of the Hennops river catchment area in the city of
Tshwane, Pretoria. The map is created using Python and includes shape files for the rivers
and main roads in the area of interest. The study’s results are visualised using the retrieved
data and processed data from the BN model as described in the workflow in Figure 1. The
maps are used to visualise land cover classification, topography, and the BN results (e.g.,
probability of a flooding event) in such a way that infrastructure, cities, and landmarks can
be used to orient the reader.
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Retrieving Data Data Processing Data Visualisation

Fig. 1. Workflow considered in the development of the flood risk map.

2.1 Developing the Bayesian Network

BNs are graphical models consisting of nodes and edges. The nodes represent the variables
of the problems, and the edges correspond to the causal relationships between the variables.
BNs are DAGs (Directed Acyclic Graphs) because the edges have direction and there are no
cycles or loops present in the network. BNs are very flexible and elegant at handling new
information, and they can use empirical data, expert knowledge, or a combination of both.
Owing to a lack of available flooding data for our area of interest, an expert-driven approach
was used.

While experts have a lot of knowledge, it is difficult to translate that into tangible
information or data. The difficulty with using expert knowledge is that two people might not
have the same opinions or remember the same event differently. They might also influence
one another (for example, at a workshop), thereby introducing bias. Most people also find it
difficult to quantify their knowledge in terms of probabilities [20]. The traditional way of
extracting expert knowledge is through workshops or workgroups. A “clean slate” approach
can be used where the participants go into the workshop with a blank canvas and develop the
model from scratch. In this case, however, a different approach was used. Owing to time and
financial constraints, a first draft model was developed by the researchers themselves after
which the model was shown to environmental research experts. One of the pros of going into
a workshop or expert elicitation session with a first draft model, is that it is easier to point
out mistakes or possible additions to a model than it is to develop one from scratch [20]. A
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mixture of expert knowledge and geographical information system (GIS) data is thereafter
used to populate the Conditional Probability Tables (CPTs) of the network.

The first draft BN that was developed by the researchers is shown in Figure 2. It is a very
basic model of a very complex problem, but it serves to start and facilitate discussions around
the problem of flood mapping.

Landcover

Proximity
to water
body

Flooding event

Fig. 2. First draft BN developed by researchers

After evaluation by the environmental domain experts, the BN underwent several
adjustments, and the current network can be seen in Figure 3. A variable for historic flooding
was added in a previous iteration of the network but owing to not being able to find suitable
data for that, it was omitted from this version of the network. The assumption is that floods
tend to occur in the same areas. The number of historic flooding events in a specific area thus
increases the probability of a future flooding in that same area.

Nodes for drainage networks and the maintenance performed on the drainage networks
were added to the model. A hidden variable named “Hydro factors” was added to group the
nodes together pertaining to hydrological factors, and to ensure that the ensuing CPTs do not
get too large (the more directly connected nodes and states there are, the bigger the CPT to
populate).

Drainage
networks

Proximity
to water

Landcover

Flooding
event

Fig. 3. Graphical representation of the current BN after evaluation by experts
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2.2 Flood related variables

Variables that may have an influence on the probability of an area to undergo a flooding
event (listed in Table 1) were identified through a literature study and by consulting domain
experts. The variables that were included in the BN (Figure 3) are discussed in this section.

Table 1. Variables and descriptions

Node name States Description Data

Season Spring, summer, Season directly influences | Asdefined by the date in
autumn, winter rainfall. Southern parts of South | question, e.g., 01

Africa have winter rains whereas | September - 30
Centurion and surrounds have | November = Spring.
summer rains.

Rainfall Low (0-54 mm per | Rainfall is an important driver | No empirical data was
month), Medium for flooding. used, rainfall maps for
(55-80 mm per SA were consulted.
month), High (more
than 80 mm per
month).

Landcover Prone to flooding, Floods directly influenced by the | South African National
not prone to type of landcover. Assumption | Land Cover (SANLC)
flooding, water is that built-up areas are more | 2020 map. Department

prone to flooding, and | of Environment,
agricultural and open areas are | Forestry & Fisheries
less prone to flooding. Areas | (DEFF).

containing water are the most

prone to flooding. Landcover is

illustrated in Figure 4 showing

the initial and simplified

datasets.

Elevation Low (1100-1300 m), | Important  variable ~ when | 30 m Shuttle Radar
Medium (1301-1500 | considered alongside other | Topography  (SRTM)
m), High (1501+ m) | variables. For instance, low | DEM. NASA’s Shuttle

elevation coupled with heavy | Radar Topography
rains. Elevation is illustrated in | Mission (SRTM) Land
Figure 5. Note that elevation | Elevation Dataset.
refers to the height above mean

sea level.

Proximity to | Close (0-40 m), The closer an area is to a water | Proximity to water pixel

water Medium (41-80 m), | body, the higher its risk for | - calculated from the
Far (80+ m) flooding. The states were chosen | land cover map.

such that it equates to two (0- | Department of
40m), four (41-80m), and more | Environment, Forestry
than four (80+m) cells on our | & Fisheries (DEFF).
grid.

Maintenance | Lessthan 6 months | The drainage network has a | No information was
ago, more than 6 dependency on the regularity of | available  for  this
months ago maintenance, e.g., how regularly | variable.

the drains are cleared of debris.
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Drainage Blocked, not The state of the drainage | For this iteration of the
networks blocked networks will directly influence | network an arbitrary
how quickly rainfall and other | probability was chosen
water will flow away. Blocked | as no data was available
drainage networks could result | for this variable.

in potential flooding.

Hydro Conducive to Hidden variable to group
factors flooding, not hydrological factors. Ensures
conducive to throughput of information but
flooding keeps size of CPT manageable.
Flooding True, false This is the target variable for the
event network: whether a flooding

event is likely to occur or not.
All the variables feed into this
variable. This variable’s
probability for being true is used
to generate the heatmaps.

The Land Cover (as indicated in Figure 4(a)) contains 73 classes. This was simplified for the
model by clustering all vegetation, developed/build up and water types into 3 classes, Figure

4(b).
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(a) Original DAFF data (73 classes)
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(b) Simplified data (3 classes)

Fig. 4. Land Cover map for Centurion (a) original from DAFF and (b) simplified for model
with all vegetation/open land (prone to flooding) set to 1, build-up (not prone to flooding) set to
2 and waterbodies (water) set to 3.

The elevation is displayed on a topological map, shown in Figure 5 below, highlighting the
lower elevations towards the upper left of the map and higher elevations towards the bottom

right.
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Fig. 5. Topographical Map of the Hennops River Catchment Area

2.3 Implementing the BN

The BN from Figure 3 is implemented in Python using the pyAgrum [21] module. pyAgrum
is a C++ and Python library that can be used to develop probabilistic graphical models such
as BNs and perform relevant computations.

The aim of the model is to infer whether a flooding event will occur. The Centurion area
is divided into a grid of 20 m by 20 m cells which correspond to the granularity of the Land
Cover map that was used. The BN’s structure (nodes and edges) is created in pyAgrum as
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well as the CPTs. The probabilities used to populate the CPTs are elicited from experts and
the probabilities of the root nodes are mostly calculated from real-world data. For instance,
you have an equiprobable chance of being in a certain season at any given time. The
probabilities for Land Cover, Elevation, and Proximity to water were calculated by counting
the number of cells that fall into each state and dividing that by the total number of cells.
There was no information available for Maintenance, thus an arbitrary number was used.
Figure 6 shows a snapshot of the target variable (flooding event) CPT that illustrates some
of the states and their corresponding probabilities calculated with Bayes’ theorem.

The BN is executed for each of the cells in the grid. Thus, a probability for Flooding event
is obtained for each of the cells. This probability is used against a colour map to determine
where it lies on the heatmap.

Conducive_to_flooding 025 0.75

Low_ 1100_1300m
Not_conducive_to_flooding 0.10 0.80

Conducive_to_flooding 0.15 0.85
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Fig. 6. Snapshot of target variable (Flooding event) CPT showing some of the states and
corresponding probabilities, calculated with Bayes’ theorem

3 Results and Discussion

Once the model has been constructed, the input data supplied, and the CPTs populated, the
flooding event probability can be inferred from the BN model. A what-if analysis is
considered to test the model viability. The model can be used to predict the probability for
flooding for a given date and rainfall, in the area of interest. The probability of a flooding
event to occur is visually illustrated in the form of a heatmap.

As mentioned, the area of interest is divided into 20 m x 20 m cells and the probabilities
for the applicable variable states for each individual pixel is used to calculate the probability
for the pixel to flood, using the constructed model, resulting in a flooding probability
heatmap.

3.1 What-if analysis

To test the validity of a developed BN model, three what-if analyses are considered. The first
is a best-case scenario for a flood to occur, which is the ideal conditions that allow for a
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flooding event. The second is a worst-case scenario for a flood event to occur, which is when
a flooding event does not (or should not) occur. Both the best- and worst-case scenario
conditions are listed in Table 2, where the states for these conditions were provided by
domain experts. Lastly, a bottom-up scenario is shown where it is inferred what the
conditions would need to be for a flooding event to occur. That is, only the flooding event
variable state is set to True, no other variables are predefined.

Table 2. States assigned to the nodes for the best- and worst-case scenarios to have a flooding event.

Parameters Best Case Worst Case

Season Summer Winter

Land cover Water Not prone to flooding
Elevation Low (1100-1300) High (1501+)
Proximity to water Close (0-40m) Far (80m+)
Maintenance More than 6 months ago Less than 6 months ago

The first scenario tested is the best-case scenario, where the parameters for a pixel are set
to the values in the second column in Table 2. Top-down inference is used to calculate the
flooding probability for the pixel using Bayes’ theorem and the result can be seen in Figure
7. The probability for a flooding event to occur under these conditions is 87.67%. The high
probability of a flooding event occurring corresponds to our intuition of the outcome of the
target variables given the factors conducive to a flooding event.

manenane

Less_than_6_months_ago
More_than_6_months_ago 100.00%

Season ProximityToWater

Close_0_40m 100.00'

Spring
‘Summer 100.00%
Autumn

Winter

DrainageNetworks

Blocked 85.00%
Not_blocked 15.00%

Medium_a1_80m
Far_80m

Rainfall Landcover Elevation

Low 1.00° Prone_to_flooding Low 1100 1300m 100.00° - - Hydeactau‘rzy
Medium 1.009 Not_prane_to_flooding Medium_1301_1500m ot D"d““"e-t"-"”nd‘"g
High 98.00%] Water 100.00% High_1501m RGN T 1568

FloodingEvent

True B7.674
False 12.33%

Inference in  0.52ms

Fig. 7. Inference diagram with CPT for the best-case scenario

Similarly, the values in the third column of Table 2 are used as the input for a pixel to test
the model’s behaviour for a worst-case scenario as can be seen in Figure 8. The probability
for a flooding event to occur under these conditions is 0.77%. This low probability
corresponds to our intuition of what the outcome should be when the chosen features are not
conducive to a flooding event. In both cases the model behaved as expected and gave a low
flooding probability for the pixel in the worst case and significantly higher flooding
probability for the pixel set to the best-case scenario.

10
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Fig. 8. Inference diagram with CPT for worst case scenario

For a third what-if analysis, a bottom-up inference is used to identify the optimal factors
for a flooding event to occur, i.e., what conditions should be in place for a pixel to have a
100% probability of flooding. This is done by setting the flooding event state to True, as
shown in Figure 9. From this analysis the parameter ranges that would result in a flooding
event are laid out. Clearly some of the parameters, such as Season, have a less distinct
influence compared to Proximity to water, and Drainage networks.

It is interesting to note that the states within Season contributing to a flooding event are
not as clear-cut as we would expect. The probability values are close together (0.2927,
0.3730, 0.2361, and then 0.0982) which could be because the marginal probabilities for
Season was set to 0.25 as you have an equiprobable chance of being in any season at a random
time. Looking at the individual probabilities we can see that summer still has the highest
probability of having high rainfall (and thus contributing to a flooding event), then spring,
then autumn, and then lastly winter (with by far the lowest probability). For the Land Cover
node the “Prone to flooding” state has the highest probability but the “Not prone to flooding”
is also quite high. This is because there are a lot of cells that fall under the “Not prone to
flooding” state. The same holds true for Elevation and Proximity to water.

Based on these three analyses, the developed BN model performs as expected based on
intuition. The model is therefore validated and can be used to predict the occurrence of a
flood event for a defined set of conditions.
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Fig. 9. Inference diagram with CPT for bottom-up scenario
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3.2 Flooding event predictions

After the model has been successfully validated, it can be used to predict the probability of a
flooding event. Two scenarios are considered: one where there is high rainfall with
maintenance occurring more than 6 months ago as shown in Figure 10 and one with low
rainfall and maintenance occurring less than 6 months ago, see Figure 12. The darker the
shade of blue on the map, the higher the probability of a possible flooding event. The lighter
and more yellow the colour, the lower the probability of a possible flooding event.
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Fig. 10. Flood Map of the Hennops River Catchment Area for high rainfall and maintenance more
than 6 months ago.

Generally, a high rainfall scenario will result in several flooding events as has been the
case in past historical floods in the Hennops river catchment area. From Figure 10 the
probability of flooding occurring around the rivers is quite high with some flooding predicted
to occur in lower to medium elevation areas as well (see area to the left of Centurion). The
highest probabilities correspond to areas along the Krokodil river and the Jukskei river which
both have a low to medium elevation and is thus more prone to flooding than areas with
higher elevation such as the areas in the middle and to the right of the figure.

When comparing the flooding scenario with the flood risk map of the GreenBook shown
in Figure 11 certain similarities are evident. The GreenBook shows a medium flood risk for
the whole Centurion area, while our flood map shows a 60% chance of flooding in the flood
prone areas, which can also be considered as a medium flood risk. It should be noted that the
GreenBook has a coarser resolution and uses different metrics to calculate the flooding risk,
and so cannot be compared directly to our flood map (which has as previously mentioned a
resolution of 20 m x 20 m).
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Fig. 11. Flood risk map of Gauteng extracted from the GreenBook [19]. Approximate location of

Hennops river catchment indicated by the blue cirle.

It is expected that a low rainfall scenario would result in the occurrence of no flooding
events across the whole area. This is corroborated in Figure 12, where we see that the
probability of flooding events occurring are very low across the entire area.
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Fig. 12. Flood Map of the Hennops River Catchment Area for low rainfall and maintenance less

than 6 months ago.

4 Conclusion

This study aims to develop a first approximation model for flash flood prediction, considering
a catchment area in the city of Tshwane as a case study. Obtaining flood related data was
challenging, for this reason, a BN was developed that was populated with expert knowledge

and available data to predict possible areas of f

looding. The consulted domain experts, who

contributed to the GreenBook, were very helpful in providing information on what variables
to include for flood estimates, but it was not possible to obtain absolute flooding probabilities
for each variable from them due to the complexity of the relationships.
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Three what-if scenarios were considered to test the validity of the developed BN. For the
best- and worst-case scenarios for a flood event to either occur or not occur, the model
behaved as expected. The bottom-up scenario indicated that for a flooding event to occur the
rainfall should be high, drainage networks should be blocked, and therefore a lack of proper
maintenance needs to be in place, and hydrological factors should be conducive to flooding.

Two prediction scenarios were considered where two nodes were defined, low rainfall
with maintenance less than 6 months ago, and high rainfall with maintenance more than 6
months ago. The results were as expected, where the low rainfall scenario resulted in no
flooding events occurring, and a high rainfall scenario predicted flooding events, especially
around the rivers and low elevation areas.

This paper serves as a first phase in this flood management project. Future phases will
include refinement of the variables and states, as well as the incorporation of available
flooding data. It is envisioned that a generalised model for South Africa, once fully
developed, might assist in flood mitigation and management leading to proactive rather than
only reactive disaster management.
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