
Identifying the Origins of Extreme Rainfall in South
Africa Using Storm Trajectory Analysis and
Unsupervised Machine Learning Techniques
Rhys Philips 

University of Bath - Claverton Down Campus: University of Bath
Katelyn Johnson 

University of Kwazulu-Natal
Andrew Paul Barnes 

University of Bath - Claverton Down Campus: University of Bath
Thomas Rodding Kjeldsen  (  t.r.kjeldsen@bath.ac.uk )

University of Bath https://orcid.org/0000-0001-9423-5203

Research Article

Keywords: trajectories, extreme rainfall, South Africa, unsupervised learning, k-means clustering

Posted Date: February 4th, 2022

DOI: https://doi.org/10.21203/rs.3.rs-1024648/v1

License:   This work is licensed under a Creative Commons Attribution 4.0 International License.  
Read Full License

https://doi.org/10.21203/rs.3.rs-1024648/v1
mailto:t.r.kjeldsen@bath.ac.uk
https://orcid.org/0000-0001-9423-5203
https://doi.org/10.21203/rs.3.rs-1024648/v1
https://creativecommons.org/licenses/by/4.0/


 

1 

 

Identifying the Origins of Extreme Rainfall in South Africa Using Storm Trajectory Analysis and 1 

Unsupervised Machine Learning Techniques 2 

 3 

1Rhys Philips, 2Katelyn Johnson, 1Andrew Barnes and 1,2Thomas Rodding Kjeldsen 4 

1Department of Architecture and Civil Engineering, University of Bath, Bath, BA2 7AY, United 5 

Kingdom 6 

2School of Engineering, University of KwaZulu-Natal, Durban, South Africa 7 

Corresponding author: Thomas Rodding Kjeldsen: trk23@bath.ac.uk 8 

Abstract: 9 

Extreme rainfall events can have a detrimental impact on both human life and infrastructure, 10 

regularly ranked as the number one risks global risks to infrastructure. Climate change is likely to 11 

exacerbate the magnitude of extreme rainfall events and developing an understanding of the 12 

underlying causes will be key to improve infrastructure resilience and the prediction of such events 13 

in the future. This study has utilised National Oceanic and Atmospheric Administration (NOAA) 14 

NCEP/NCAR Reanalysis 1 project meteorological data and the HYSPLIT model to extract the air parcel 15 

trajectories for selected historical extreme rainfall events in South Africa. The k-means unsupervised 16 

machine learning algorithm has been used to cluster the resulting trajectories and from this the 17 

spatial origin of moisture for each of the rainfall events has been determined. It has been 18 

demonstrated that rainfall events on the east coast with moisture originating from the Indian Ocean 19 

have distinctly larger average maximum daily rainfall magnitudes (279mm) compared to those that 20 

occur on the west coast with Atlantic Ocean influences (149mm) and those events occurring in the 21 

central plateau (150mm) where moisture has been continentally recirculated. Further to this, this 22 

study has suggested new metrics by which the HYSPLIT trajectories may be assessed and 23 

demonstrated the applicability of trajectory clustering in a region not previously studied. This insight 24 

may in future facilitate improved early warning systems based on monitoring of atmospheric 25 

systems and an understanding of rainfall magnitudes and origins can be used to improve the 26 

prediction of design floods for infrastructure design. 27 
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1. Introduction: 40 

Extreme rainfall events, and the resulting flooding, are a cause of particular concern to countries 41 

across Africa where increasing flood-induced economic impacts are predicted to be driven by 42 

climate change (di Baldassarre et al., 2010 and Winsemius et al., 2016). For example, Aon (2020) 43 

reported that 39 of the 45 Global Disasters recorded in Africa in 2020 were attributed to flooding, 44 

and in the past decade flooding has surpassed drought as the natural disaster affecting the greatest 45 

number of people on the African continent (Lumbroso, 2020). Aside from the direct damage to 46 

human life and infrastructure the impact of flooding on public health can be considerable. As well as 47 

the disruption of medical services the impacts of flooding can cause a drastic increase in vector-48 

borne diseases (Ahern et al., 2005) and natural disasters resulting from extreme rainfall can 49 

exacerbate existing vulnerabilities in under-served and informally established, flood-prone, peri-50 

urban areas communities (Khandlhela and May, 2006). 51 

 52 

As with many countries across the continent, deadly floods due to heavy rainfall have occurred 53 

across South Africa in recent years (le Maitre et al., 2019). In South Africa the rate of urbanization 54 

has steadily increased (World Bank, 2021), resulting in amplified pressures on existing services and 55 

infrastructure, negatively affecting infrastructure resilience while potentially exacerbating the 56 

impacts of any flood event; for example, as a result of the 77 flood events listed between 1980-2010 57 

over 1000 people are thought to have died (Zuma et al., 2012). Recent floods caused by heavy 58 

rainfall in 2011 alone killed more than 40 people and caused $51 million in damages nationwide 59 

(Mabuse, 2021), while the 2019 Durban floods are thought to have killed 70 people and caused $45 60 

million in damages (UNOOSA, 2019).  61 

South Africa is a semi-arid country which experiences an uneven spatial distribution of rainfall and 62 

there is notable range in the total annual rainfall amount and the seasonal distribution of rainfall 63 

(Roffe, Fitchett and Curtis, 2019), from approximately 250mm in the west, at approximately 20° 64 

longitude, to over 1000mm in the east, at approximately 30° longitude (International Food Policy 65 

Research Institute (IFPRI), 2014). However, recent research carried out by the South African Weather 66 

Service (SAWS, 2019) found that precipitation from the most intense rainfall events is increasing 67 

across the nation, while there was a decreasing trend in annual rainfall across most regions and an 68 

increase in annual rainfall in the Southern interior. This highly variable rainfall is due in part to South 69 

Africa’s location, being influenced by both the South Atlantic and the cold Benguela current on the 70 

west coast (Hahn et al., 2017), as well as the South Indian Ocean and the warm Agulhas current on 71 

the east coast (Jury, 2015). Additionally, the latitude of the southern tip of South Africa exposes the 72 

South Western Cape area to mid-latitude cyclones causing winter rainfall events to dominate in this 73 

region, in comparison to the majority of South Africa which predominantly receives summer rainfall 74 

(Odoulami, Wolski and New, 2020).  75 

 76 

Published research has identified that the frequency and magnitude of extreme rainfall events has 77 

increased in some parts of South Africa (Ziervogel et al., 2014) and future rainfall conditions are 78 

projected to further intensify and become more extreme for many regions in the country (du Plessis 79 

and Burger, 2015; de Waal, Chapman and Kemp, 2017). Increased frequency and magnitude of 80 

extreme events amplify potential flood risks. Therefore, understanding the climate drivers and 81 

origins of extreme rainfalls is becoming increasingly important to researchers and practitioners in 82 

updating design strategies for hydraulic infrastructure in South Africa (Schulze and Schütte, 2019). 83 

This is critical for water resources planning and design of future infrastructure, maintaining and 84 

upgrading existing hydraulic structures, and mitigating risks to current urban stormwater drainage 85 

systems in a rapidly developing country.  86 
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 87 

Recognising the importance of developing an understanding of extreme rainfall events in South 88 

Africa, this study focuses on investigating the distinct regions of moisture origin for extreme rainfall 89 

in South Africa. This has been achieved by utilising the HYSPLIT (Hybrid Single Particle Lagrangian 90 

Integrated Trajectory) model (Stein et al., 2015) to extract the storm trajectories, defined here as the 91 

pathways that moisture followed through the atmosphere, for a series of historical maximum 92 

magnitude rainfall events recorded at weather monitoring stations across South Africa in the years 93 

1950-2010. These trajectories have then been clustered using unsupervised machine learning 94 

techniques in order to determine the regions of moisture origin and the differences in event rainfall 95 

magnitude that they cause, in different regions of South Africa. Described in this paper is the data 96 

used and the techniques used to validate this data, followed by the methodology applied and the 97 

results of the clustering. These results are discussed, and conclusions are presented. 98 

 99 

2. Data: 100 

 101 

The database of events contains the single maximum rainfall magnitude records selected from the 102 

annual maximum series at 378 rainfall recording stations located throughout South Africa as shown 103 

in Figure 1. The spatial distribution of rainfall monitoring stations across the country (Figure 1) shows 104 

greater density of monitoring stations in the east of the country where the data reveals generally 105 

higher maximum rainfall events. Both the size and the colour of the location markers indicate 106 

maximum rainfall intensity with larger dots corresponding to larger rainfall magnitudes. 107 

 108 

Figure 1: Map of South Africa showing the location of the rainfall gauging stations considered in this 109 

study and the associated maximum magnitude of rainfall for the event recorded 110 

 111 

Each event is characterised by the longitude and latitude positions of the monitoring station, the 112 

maximum recorded rainfall (mm), the date occurrence, and the first and last year of continuous 113 

records that exist and have been considered for each station. This database has been supplied as an 114 
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appendix to a study updating the Probable Maximum Precipitation (PMP - the theoretical upper limit 115 

for rainfall used for engineering design purposes) values for South Africa (Johnson and Smithers, 116 

2020) which considered 1629 rainfall monitoring stations with at least 40 years of record available 117 

and selected a spatially representative sample of extreme rainfall events that consisted of 118 

continuously recorded data. The database of events used for this study is therefore assessed to be 119 

suitable for the study of extreme rainfall events. 120 

 121 

In addition to the date, longitude and latitude coordinates requires as an input to HYSPLIT, the 122 

model also requires altitude, time of day and length of extraction values for each trajectory 123 

calculation. For each of the 376 events the trajectories were extracted for 4 times evenly spaced 124 

throughout the day (00:00, 08:00, 16:00, 24:00) and these trajectory calculations were initiated at 6 125 

altitudes (10m, 410m, 810, 1210m, 1610m and 2010m) which corresponds to the altitude range in 126 

which moisture is expected to be found in the atmosphere (Wallace and Hobbs, 2006). A length of 127 

five days was initially selected for the duration of trajectory back-calculation to ensure that sufficient 128 

data would be gathered for the k-means clustering process, while recognising that the output of a 129 

HYSPLIT analysis can be simplified to a (n x 2) matrix where each row contains the latitude and 130 

longitude positions of the air parcel at that interval and the number of rows n is the number of hours 131 

for which the back-calculation has been initialised – five day trajectories can therefore be shortened 132 

during analysis. 133 

 134 

The four times and six altitudes selected yielded 24 trajectories representing each of the 376 135 

individual events resulting in total of 24*376=9024 trajectories. Due to a limitation of the HYSPLIT 136 

model, events that occurred on the last day of the month were not able to generate the trajectory 137 

specified for 24:00 at each of the six altitudes (HYSPLIT is unable to ‘roll-over’ to the next day when 138 

the last day of a month is selected as the day of initiation as it requires accessing two different 139 

meteorological data files during the same calculation). This has resulted in 6 trajectories for each of 140 

the 15 events that occurred on the final day of the month not being generated and therefore a total 141 

of 8934 trajectories being generated. As this represents less than 1% of the total trajectories being 142 

lost and the affected events still have trajectories generated for all altitudes, they have been 143 

included in the clustering process and it is not likely that this will cause any significant impact to the 144 

results. 145 

 146 

 147 
Figure 2: All extracted trajectories plotted on a world map to show the variation in moisture 148 

pathways that contribute to extreme rainfall events in South Africa  149 

 150 

 151 

 152 
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3. Methodology: 153 

 154 

This section outlines the methodology used to obtain the storm trajectories and perform the 155 

clustering analysis which form the basis of the subsequent meteorological interpretation. 156 

  157 

3.1 Event Storm Trajectories 158 

 159 

Samples of trajectories with one-, two-, three-, and four-day lengths were plotted to visually inspect 160 

the pathways of a random sample of trajectories and ensure that they followed pathways that are 161 

considered credible from a meteorological perspective. This was also done to gauge the length of 162 

trajectories that should be considered when defining distinct event types through clustering of the 163 

trajectories. Too short a trajectory considered may lead to clusters that are not spatially different, as 164 

there will necessarily be very little spatial difference between the location of events (as they are 165 

evenly spread throughout South Africa), and too long a trajectory considered would be nonsensical 166 

for this study of moisture origin as it would entail considering trajectories that have been influenced 167 

by multiple atmospheric systems and would likely not be a good representation of the relevant 168 

moisture pathways. Additionally, the larger errors inherent in longer trajectories would potentially 169 

be introduced. It is important to note that HYSPLIT exports air parcel trajectories and it must be 170 

inferred the distance the moisture in this air parcel has travelled prior to being deposited as rainfall 171 

during the rainfall event in question. For example, if a trajectory was generated from an event in 172 

South Africa and showed that five days previously the air parcel had passed over South America, this 173 

does not necessarily mean that the moisture deposited as rainfall during this event was carried over 174 

South America. In this case it is judged to be far more likely that the moisture was taken into the 175 

atmosphere over the South Atlantic. 176 

From the initial test-plots shown in Figure 3 it can be seen that one and two-day trajectories appear 177 

to be predominantly located close to the landmass of South Africa while after three days the same 178 

trajectories are far more spread out. And after four days some trajectories have travelled very large 179 

distances, predominantly over the Atlantic Ocean (1 in 10 trajectories shown for clarity). 180 

  181 
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 182 

 183 

Figure 3: (a, upper left) 1 in 10 one-day trajectories; (b, upper right) 1 in 10 two-day trajectories; (c, 184 

bottom left) 1 in 10 three-day trajectories; (d, bottom right) 1 in 10 four-day trajectories. 185 

 186 

Figures 3a and 3b show that one-day and two- day trajectories are centred around the African 187 

continent and will likely not give the spatial difference required to perform an effective cluster 188 

analysis and will therefore be unlikely to give an indication of the spatial origin of moisture for the 189 

extreme rainfall events considered. Figure 3d also demonstrates that by considering trajectories of 190 

lengths four days and above the clustering process will be considering elements of trajectories that 191 

are being influenced by other atmospheric systems than those generating the extreme rainfall event 192 

under consideration. 193 

 194 

Three-day trajectory lengths (Figure 3c) were therefore chosen for the analysis. The longitude and 195 

latitude coordinates of each trajectory, for each hourly interval within the 72 hours previous to the 196 

rainfall event, were extracted and stored in individual vectors for ease of plotting. These vectors 197 

were then concatenated into a single matrix containing all position data for all trajectories to be 198 

used as input for the for k-means clustering. 199 

 200 

3.2 Trajectory Clustering 201 

 202 

Clustering the trajectories extracted into visually distinct groups necessitated the selection of an 203 

unsupervised machine learning technique, as this was an exploratory analysis, that was efficient and 204 

appropriate for the task. The k-means algorithm (Hartigan and Wong, 1979) was selected due to its 205 

inherent simplicity, being a Euclidean distance minimisation algorithm. The k-means algorithm was 206 

also adopted for use in other storm trajectory classification studies; notably by both Santos et al. 207 

(2018) and Barnes et al. (2019).  The k-means algorithm also benefits from being a simple algorithm 208 

to understand which reduces the ‘black box’ effect and associated uncertainty (Evans, Xue and 209 

(a) (b) 

(c) (d) 
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Zhang, 2019) when using the algorithm, furthering confidence in the results. The basic procedure 210 

that k-means carries out has been summarised below and adapted from Hartigan and Wong (1979): 211 

 212 

1. Obtain a matrix of M points in N dimensions. 213 

2. Select K initial cluster centres. 214 

3. Assign all M points to the clusters centre closest to them in Euclidian space. 215 

4. Redefine cluster centres to be the average of the points contained within the cluster. 216 

5. Re-allocate points to nearest adjacent cluster centre. 217 

6. Repeat steps 4 & 5 until all points remain in the same cluster 218 

 219 

In the context of HYSPLIT trajectories, each of the M points is a single trajectory made up of a series 220 

of n pairs of longitude, latitude coordinates representing the position of the air parcel at each 1-hour 221 

interval. As each trajectory contains n=73 pairs of coordinates which were flattened to form a 222 

vector, N=73*2=146 and the resulting matrix used for clustering is of dimensions (N x M). When 223 

considering 2D data the cluster centre can be easily visualised as the mean average point of all the 224 

points within the cluster, whereas when considering trajectories, the cluster centre becomes the 225 

‘average’ trajectory of a cluster. 226 

The trajectories generated by the HYSPLIT model contain a number of parameters that can be 227 

analysed using the k-means algorithm. From the HYSPLIT output the longitude, latitude and altitude 228 

are listed at hourly intervals for each trajectory. In this study only longitude and latitude have been 229 

considered for clustering, despite the availability of altitude data and capacity of k-means to cluster 230 

data with different units. This is primarily because the altitude of trajectories is to an extent 231 

arbitrary, being chosen during this study. This is necessary as it is not possible to determine the 232 

altitude at which the actual precipitation is formed using HYSPLIT. Further to this, previous work 233 

(Barnes et al., 2020) has indicated that altitude is a poor variable to consider when clustering as it 234 

adds dimensionality to the data and thus reduces the efficiency of the clustering algorithm when 235 

compared to the simpler case of using only longitude and latitude. Furthermore, the clustering of 236 

longitude and latitude is sufficient to produce visually different, spatially coherent trajectory clusters 237 

as demonstrated in this project and previous work (Tan et al., 2018). 238 

 239 

When determining the optimum number of clusters of trajectories, the silhouette score was 240 

calculated, which considers both within cluster and out of cluster error (Rousseeuw, 1987). The 241 

silhouette score measures the proximity of a trajectory to its allocated cluster centre (to be 242 

minimised), proximity to the other cluster centres (to be maximised) and has possible values in the 243 

range [-1,1] with scores closer to 1 indicating more distinct clusters being formed and scores close to 244 

zero indicate overlapping clusters (SciKit Learn, 2020).   245 

 246 

The silhouette score can be calculated thus: 247 

 248 𝑠(𝑖) =  𝑏(𝑖) − 𝑎(𝑖)max {𝑎(𝑖), 𝑏(𝑖)} 
(1) 

 249 

Where i represents a data point (in this case a trajectory), a(i) is the average distance from the data 250 

point to the other points within the cluster, and b(i) represents the average distance between the 251 

data point and the data points in the adjacent cluster. For a more detailed overview of the silhouette 252 

score’s derivation see Roosseeuw (1987).  This is considered a more rigorous method of determining 253 

the optimum number of clusters as the identified weather generating systems are spatially distinct 254 
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(originating from the Atlantic Ocean, Indian Ocean and continentally) and so consideration of the 255 

difference between clusters should be given.  Figure 4 shows the silhouette score plotted against the 256 

number of clusters.  Whilst even low numbers of clusters produce relatively low silhouette scores, 257 

this is to be expected due to the complex and intertwined nature of the trajectories displayed in 258 

Figure 2 which are likely to result in overlapping clusters. 259 

 260 

Figure 4:  Silhouette score plotted against number of clusters, K. 261 

 262 

From Figure 4 an optimal number of clusters of three can be determined. Whilst both 𝐾 = 1 and 𝐾 = 263 

2 yield higher silhouette scores; these are to be disregarded. Clustering into a single cluster will by 264 

definition yield a maximum silhouette score and the fact that the rate of change of the silhouette 265 

changes little between 𝐾 = 1 and 𝐾 = 3 demonstrates that while 𝐾 = 2 would be a mathematically 266 

efficient solution, some insight may be lost. Choosing 𝐾 = 3, after which there is a dramatic change 267 

in the rate of change of the silhouette score, will yield only marginally less mathematically optimal 268 

results but give a greater number of clusters which will allow for more insight into the underlying 269 

weather event generating systems. 270 

In addition, as discussed above, rainfall in South Africa is dominated by systems originating in three 271 

different regions: the Atlantic Ocean, the Indian Ocean and continental recirculation. Therefore, this 272 

study has opted to use three clusters for the primary investigation of extreme rainfall events as this 273 

is supported by both the data analysis and the meteorological considerations. 274 

4. Results: 275 

 276 

The results of the trajectory clustering process are detailed below. First, the three distinct clusters 277 

are detailed and the events from which the trajectories were initially generated are allocated to a 278 

trajectory. The rainfall magnitude distributions of each cluster are then analysed as well as 279 

investigating the spatial distribution of events allocated to each cluster. 280 

 281 

4.1 Clustering process 282 

 283 

Figures 5a,b,c show the trajectories from the three clusters (cluster 0, 1 and 2) plotted individually 284 

with their respective cluster centres (plotted in gold), while Figure 5d shows the three clusters 285 

combined without their cluster medians. Where trajectories have been plotted, a random sample of 286 

one in every 10 trajectories has been shown for visual clarity.  287 

 288 
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 289 

Figure 5: (a, top left) 1 in 10 trajectories of cluster 0 (Indian Ocean originating events; (b, top right) 1 290 

in 10 cluster 1 (Atlantic Ocean originating events); (c, bottom left) 1 in 10 cluster 2 (continentally 291 

originating events); (d, bottom right) All clusters plotted together to show distinct spatial difference 292 

 293 

From Figures 5a-c it can observed that the clustering process has resulted in visually distinct 294 

groupings of trajectories that appear to originate from three distinct geographical regions: 295 

• Cluster 0: Indian Ocean 296 

• Cluster 1: Atlantic Ocean 297 

• Cluster 2: Continental Recirculation 298 

4.2 Event Allocation 299 

For each rainfall event 24 trajectories were generated at various altitudes throughout the 300 

atmosphere and times of day. A simple method of allocating each event to the cluster in which the 301 

most trajectories from that event have been allocated has been adopted and the efficiency of this 302 

method investigated. Figure 6 shows that when clustering the trajectory data using 𝐾=3 the vast 303 

majority of events have all associated trajectories allocated to the same cluster. Furthermore, Figure 304 

6 shows that the majority of events can be allocated to a cluster which contains more than 50% of 305 

the trajectories of that event. Only eight events (2.1%) have been allocated by this method to 306 

clusters that were originally allocated less than 50% of the trajectories of the event. 307 

(a) (b) 

(c) (d) 
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 308 

 309 

 310 

 311 

 312 

 313 

 314 

 315 

Figure 6: Event Allocation. This chart displays the percentage of trajectories of an event that were 316 

allocated to the cluster that the event was attributed to. 317 

The K-means clustering technique has been shown to be efficient at allocating events to clusters. 318 

However, as 24 (the number of trajectories generated per event) is both even and divisible by three 319 

(the number of clusters created) there is a possibility that events were erroneously allocated to 320 

more than one cluster. For example, if an event had an equal number of trajectories in two or more 321 

clusters (this can occur if eight trajectories are allocated to each of the three clusters from the same 322 

event, or if 12 trajectories from a single event are allocated to two of the three clusters for 323 

example). Once again, only few events were not adequately allocated by this method. In total eight 324 

events (2.1%) were found to contain an equal number of maximum trajectories in more than one 325 

cluster. Of the events allocated to more than one cluster, three were found to be events that were 326 

initially allocated to those clusters with less than 50% of their trajectories assigned. Overall, the 327 

clustering process resulted in three visually distinct clusters representing the spatial origin of 328 

moisture into which 368 of 376 events (98.1%) can be allocated based on the allocation of the 329 

greatest number of their trajectories. 330 

The allocation of each of the rainfall events to a cluster  is synonymous with allocating an event to a 331 

particular causal weather system. This allows for a study of the spatial trends of the extreme rainfall 332 

events considered and the dominance of each cluster as an extreme rainfall generating mechanism 333 

has been determined, as detailed in Table 1. 334 

Table 1 - Allocation of Events to Clusters 335 

Cluster  Number of 

trajectories clustered 

(%*) 

Number of events 

represented (%**) 

Number of events 

allocated (%***) 

0 – Indian Ocean 1663 (19%) 123 (33%) 64 (18%) 

1 – Atlantic Ocean 2319 (26%) 170 (45%) 91(25%) 

2 – Continental 4952 (55%) 278 (74%) 213 (58%) 
*All percentages of the total rounded to the nearest whole number. 336 

**Percentages in this column will not add up to 100% as each event can be represented in one, two, or all three clusters. 337 

***Not including the 8 events that could not be allocated. 338 

Table 1 shows that for all clusters approximately the same percentage of trajectories are allocated to 339 

each cluster as events (19% and 18% for cluster 0, 26% and 25% for cluster 1, 55% and 58% for 340 

cluster 2, respectively). This indicates that both the clustering process and the event allocation 341 
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process are efficient and provides further confidence that the clusters are accurate representations 342 

of the true extreme rainfall generating processes. If one or more clusters were allocated a 343 

significantly higher percentage of trajectories than events this would indicate that the cluster 344 

contained a small number of trajectories from each of a larger number of events. This would likely 345 

not be representing a rainfall generating process but an amalgamation of the trajectories from two 346 

or more generating processes and may be an indication that a non-optimal 𝐾 value had been used 347 

when clustering. Further evidence of the efficiency of the clustering process can be attributed to the 348 

fact that the variation between the number of events represented and the number of events 349 

allocated remains consistent across all clusters.  350 

Table 1 demonstrates that the continentally originating moisture dominates extreme rainfall events 351 

with 58% of recorded events being attributed, followed by the Atlantic Ocean contributing 25% and 352 

the Indian Ocean contributing 18%. The differences in the spatial origin of these events are stark and 353 

provide evidence that extreme rainfall events in South Africa can have very different origins.  354 

 355 

4.3 Variation in event magnitude between clusters 356 

The allocation of events to clusters enables analysis of the distribution of rainfall magnitude within 357 

and between clusters. Figure 7 shows box-plots of event magnitude within each of the three clusters 358 

and illustrates that while the median average extreme rainfall magnitudes for clusters 1 (Atlantic 359 

Ocean, 149.3mm) and 2 (Continental, 150mm) are approximately equal, the median average for 360 

cluster 0 (Indian Ocean, 279mm) is significantly larger. 361 

 362 

 363 

 364 

 365 

 366 

 367 

 368 

 369 

 370 

Figure 7: Rainfall magnitude distribution for historical AMAX events by cluster 371 

 372 

Furthermore, the interquartile range of cluster 1 (Atlantic Ocean) rainfall is greater than cluster 2 373 

(continental), indicating marginally greater variation in rainfall magnitude. However, when 374 

considering outliers (defined as values with a magnitude greater than the 75% percentile + 375 

1.5*Interquartile Range), it is cluster 2 (continental) that has produced the largest rainfall event on 376 

record.  377 

 378 

Table 1 and Figure 7 indicate that of the events considered, cluster 0 (Indian Ocean) events generally 379 

contribute greater levels of precipitation during rainfall events, but only represent 18% of all 380 
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recorded events, whereas the remaining events attributed to cluster 1 (Atlantic Ocean) and cluster 2 381 

(continental) average far lower levels of precipitation but represent the majority of events. 382 

 383 

 384 

4.4 Spatial distribution of clusters 385 

 386 

Figures 8a,b,c,d show the spatial distribution of the events of each cluster which visually matches 387 

the trajectory clusters shown in Figures 5a,b,c,d. As expected, the events that are attributed to 388 

Indian Ocean influences are predominantly located along the eastern coastal regions and the events 389 

attributed to Atlantic Ocean influences are primarily located along the west and southern coastal 390 

areas. The events attributed to continental recirculation are found almost exclusively in the interior 391 

region. 392 

 393 

 394 

 395 

 396 

 397 

 398 

 399 

 400 

 401 

 402 

 403 

 404 

 405 

 406 

 407 

 408 

 409 

 410 

 411 

 412 

Figure 8: (a, top left) Cluster 0 (Indian Ocean originating events) event locations; (b, top right) Cluster 413 

1 (Atlantic Ocean originating events) event locations; (c, bottom left) Cluster 2 (continentally 414 

originating events) event locations; (d, bottom right) All event locations shown on a map of South 415 

Africa  416 

 417 

Figure 8d suggests that South Africa can be split roughly in to three regions when considering the 418 

origin of moisture causing extreme rainfall events. The interior is dominated by continental 419 

recirculation and the coasts are dominated by oceanic influences as would be expected. 420 

Furthermore, when considering 𝐾 = 3, the coastline can be split at approximately 25° longitude - the 421 

centre of the country - to delineate between coastal regions influenced by the Atlantic Ocean to the 422 

(a) (b) 

(c) (d) 
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west and the Indian ocean to the east. Whilst this is not an exact boundary, it does provide a rough 423 

guide to the origins of extreme rainfall in different regions. 424 

 425 

When also considering that the oceanic originating events are confined to the coastal regions, at the 426 

base of the plateau that delineates central South Africa, Figure 9d indicates that the dominant cause 427 

of extreme rainfall in a region of South Africa can effectively be determined by two factors: whether 428 

the location is east or west of 25° longitude and whether or not the location sits on the plateau in 429 

the interior or on the sides of, or at the base of, the escarpment that delineates the plateau. Given 430 

the large area of the plateau in which rainfall is dominated by continental systems compared to the 431 

coastal areas in which oceanic influences dominate it is unsurprising that Table 1 demonstrates that 432 

the majority of extreme rainfall events considered are continental in origin. 433 

 434 

5. Conclusions: 435 

 436 

This study sought to investigate extreme rainfall events in South Africa through a process of 437 

extracting storm trajectories using the HYSPLIT method and clustering these trajectories using 438 

unsupervised machine learning techniques. A spatially representative database of historical 439 

maximum magnitude rainfall events has been considered as well as meteorological data supplied by 440 

NOAA Air Resources Laboratory NCEP/NCAR Reanalysis 1 project. 441 

 442 

The clustering process has shown that there are three distinct regions in which moisture originates 443 

when considering extreme rainfall events in South Africa – South Atlantic Ocean, South Indian Ocean 444 

and continentally – and that there are clear differences in the spatial and temporal distributions of 445 

these events. The coastal regions of South Africa are predominantly influenced by the respective 446 

adjacent oceans with cluster 0 events originating from the South Indian Ocean and dominating the 447 

east coast, whereas the west coast is predominantly influenced by moisture originating in the South 448 

Atlantic Ocean (cluster 1). Furthermore, the central region of South Africa is dominated by 449 

continentally originating moisture. Clear differences in rainfall magnitude have been identified with 450 

cluster 0 (Indian Ocean) accounting for 18% of events with an average magnitude of 451 

279mm, cluster 1 (Atlantic Ocean) accounting for 25% of events with an average magnitude of 452 

149.3mm and cluster 2 (continental) accounting for the majority of events (58%) with an average 453 

magnitude of 150mm. When considering South Africa as a whole it appears as though the least 454 

frequent events are also the ones that carry the largest magnitude, however, the clustering process 455 

has identified that these events are predominantly found in the eastern region, indicating that it is 456 

more appropriate to consider extreme rainfall on a regional and local level when designing 457 

infrastructure. 458 

 459 

The regions of influence of the three regions of moisture origin have been found to be demarcated 460 

approximately by the line of 25° longitude and the escarpment that delineates the central plateau. 461 

The approximate demarcation at 25° longitude is most likely due to this being approximately the 462 

boundary between the eastern arid zones (influenced by cluster 1, Atlantic Ocean) and the western 463 

temperate zones (influenced by cluster 0, Indian Ocean). Cluster 2 (continental) events are spread 464 

approximately evenly across the temperate and arid zones due to this cluster likely being dominated 465 

by the altitude of the plateau as a causal rainfall mechanism, rather than oceanic influences, and the 466 

approximately even area of the central plateau in both the temperate and arid regions. 467 

This study has demonstrated that the combination of the HYSPLIT model and unsupervised 468 

clustering techniques is capable of developing insights into the spatial origin, dominance, and 469 

magnitude of extreme rainfall. 470 
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