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Land Management, | Context and objectives:

Abstract

Makerere

University, Climate extremes associated with wet and dry conditions are one of the main causal elements
Kampala, Uganda of the disasters that adversely impact Uganda’s agriculturally based economy. However, the
Email: lack of reliable forecast records for wet and dry conditions remains a challenge at a local scale.
ivanson5@gmai Given the proliferation of geostatistical forecast algorithms, this study assessed the suitability
l.com of three forecast algorithms: forest-based, exponential smoothing and curve fitting in

forecasting wet and dry conditions at a local scale in Uganda.
Methodology:

The CHIRPS satellite gridded datasets for the variable short rains season of September,
October, and November (SON) for the 1981-2020 historical period were used to develop the
forecasts and the 2021-2022 period was used to validate the forecasts. The Standardized
Precipitation Index (SPI) derived from the CHIRPS dataset was used as the proxy for wet and
dry conditions. The three algorithms were assessed by subjecting them to the SPI space-time
cube structure in the ArcGIS environment. Using the resultant Forecast and Validation Root
Mean Square Error (FRMSE and VRSME respectively), forecast models were then generated
for each of the algorithms. A comparison of the least VRSME at every locality from any of the
three algorithms was then used to build a joint forecast model.

Results:

Results from the three algorithms demonstrate that each locality experiences an independent
forecast regardless of the influence of the immediate neighbourhood, and by 2025, the
majority of the localities will experience moderately wet conditions during the SON season.
The forest-based forecast, exponential smoothing, curve fitting and the combined least VRMSE
forecast produced a best value of R2=0.33, 0.48, 0.4 and 0.62 respectively upon validation of
the exact value. However, for values within the 95% confidence interval band, an R2 =0.89,
0.83 was realized for the forest-based and exponential smoothing. Based on the behavioural
performance of the algorithms, results further reveal that most of the localities in the study
area exhibit complex patterns and can best be predicted by forest-based algorithms. The
results from this study support the motive of the Sustainable Development Goal (SDG) 13 by
enabling the communication of empirical studies on locally determined climate contributions.
The knowledge gained regarding localized wet and dry conditions prediction will help to
increase the capacity of local governance and decision-making organizations that adopt and
put into practice local disaster risk reduction initiatives. Further research is needed to assess
the driving factors behind the pattern behaviours at the different localities
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1 Introduction

Of the disasters that affect localities in Uganda, 70% are climate-related. These disasters have been
reported to destroy an average of 800,000 hectares of crops leading to an economic loss above 120
billion Uganda shillings (US $32.4 million) annually (Mugyenyi et al, 2011). To combat this, the
Ugandan government is frantically pursuing policies that will shift the disaster management
paradigm from the conventional emergency response focus to one of preparedness based on
scientific forecasts at a local scale (Bamweyana & Kayondo, 2017). This creates an urgent and critical
requirement, therefore, to develop and incorporate local spatial forecasts into the climate-sensitive
policy development process at a local scale. The primary climate factor currently contributing to
these disasters is precipitation. Understanding, therefore, the spatial variability and forecast of wet
and dry conditions associated with precipitation is critical to improving the degree of choice under
which local climate policy is developed (Bartholy & Pongracz, 2004; Duhan & Pandey, 2013).

A big part of Uganda experiences a bimodal rainfall pattern consisting of two rainy seasons (Nsubuga
& Rautenbach, 2018), with the first annual rains also called the long rains occurring roughly in March,
April, and May (MAM). The second rains occur around September, October, and November (SON) and
are called short rains. Of the two rainy seasons, the SON short rains show substantial inter-annual
variability with greater impacts on wet and dry conditions (Kolstad & MacLeod, 2022). Notably, there
is also a lack of scientific consensus on the seasonal and spatial forecast of rainfall experienced in
Uganda in and around the SON season (Osbahr et al., 2011). Hepworth & Goulden, (2008) indicate
that there is a chance that the mean annual rainfall would rise significantly after 2060, with less
certainty. The biggest percentage increase in rainfall is predicted to occur in December, January, and
February (DJF). This could make the short rains of SON longer (Atube et al., 2022). Similarly, Chris et
al,, (2012) spatially observe that given the current trends, the bimodal areas across the country are
likely to experience an increase in SON rainfall in the period between 2010 and 2039. On the contrary,
Mubiru et al,, (2018); Nandozi et al.,, (2012) urge that with Regional Climate Models (RCM), the SON
is likely to experience a downward trend at 0.7 mm day-!. Other related research has argued that
there is no significant change in the average rainfall both for the past 60-year record and the period
between 2015-2045 (MWLE, GEF, (2002); USAID, (2013)). All these studies, however, have general
concusses about the increase in the intensity and frequency of wet and dry conditions associated
with precipitation. Unfortunately, these studies generalize at a national level and are silent on the
spatial forecast at a local scale. Several geostatistical approaches exist (Kleiber et al., 2011; Res et al,,
2003) and are widely used in applied fields to forecast data (Arbia & Di Marcantonio, 2015) including
precipitation forecast (Anshuka et al.,, 2022). With the proliferation of data cubes as 3D schemas
optimized for spatial time series analysis (Purwanto et al., 2021), dominant geostatistical algorithms
of location-based forecast have emerged. However, in the forecasting of wet and dry conditions at a
local scale in Uganda, the suitability of some of these algorithms has not been assessed. This research,
therefore, seeks to carry out a geostatistical suitability assessment of forest-based, exponential
smoothing and curve fitting forecast algorithms in fore casting wet and dry conditions in the SON
(short rains) season in Uganda. The ability to spatially forecast the variability of the wet and dry
conditions at a local scale has a positive bearing on the country’s overall development given the
predominance of rain-fed agriculture (Bigirimana, 2012) that is majorly influenced by local
occurrence of rainfall.
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2 Study area, Data and Materials
2.1 Study Area

Uganda is alandlocked country in the eastern part of Africa. Being crossed by the equator, the country
lies greatly within the northern hemisphere and partly in the southern hemisphere. The
neighbouring countries are South Sudan to the North, Kenya to the East, the United Republic of
Tanzania and Rwanda to the South and the Democratic Republic of Congo to the West. According to
Bamweyana et al,, (2021) and SNC, (2014), the country has a total surface area of 241,550 km?2 of
which 41,743 km? (17.2 %) is occupied by open water and swamps, and 199,807 km? is open land.
At a mesoscale, the country is mostly surrounded by significant physical features including the Lake
Victoria basin, mountain ranges, and the vast Congo Basin forest to the west that affect the spatial-
temporal distribution of precipitation intensity and variability. The map in Figure 1 shows the
location of Uganda in Africa, its administrative districts and large water bodies.
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Figure 1: Location Map of Uganda
2.2 Data and Materials

Uganda is characterized by a critically sparse and unreliable rain gauge network (Bamweyana et al.,
2021). This study, therefore, adopted the satellite-gridded datasets as the alternative rainfall
estimate. Throughout the literature, several gridded datasets have been evaluated as alternative
rainfall estimates (Bamweyana et al.,, 2021; Dinku et al.,, 2018). Based on these evaluations, the
CHIRPS satellite gridded dataset has emerged as the better estimate for precipitation in Uganda and
East Africa and has been adopted by several researchers (Bamweyana & Kayondo, 2017; Diem et al,,
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2014; Muthoni et al., 2019; Ngoma et al., 2021). Similarly, this study utilised the CHIRPS as the
Satellite-based Precipitation Estimator (SPE). The CHIRPS gridded rainfall data (Funk et al., 2015)
blends station precipitation data with infrared Cold Cloud Duration (CCD) at 0.05" * 0.05° (latitude,
longitude) spatial resolution to produce a satellite-gridded dataset from 1981 to date.

3 Methods

In various studies, the SPI datasets, which are derived from satellite-gridded datasets, have been
utilized as a proxy for wet and dry conditions.(Ford et al., 2021; Khandu et al,, 2016; Long et al., 2012;
Wang et al., 2017). The World Meteorological Organization (WMO) assesses SPI -3 as a more effective
proxy for wet and dry conditions especially in highlighting moisture conditions than other
hydrological indices (Svoboda et al., 2012). In the monthly computation of SPI-3 of a given year say;
2006, a three (3) months precipitation total for the precipitation season SON in 2006 was compared
to the SON precipitation totals of all the years on record (1981-2020). This reflected short and
medium-term moisture conditions while providing a seasonal estimation of precipitation. A time-
structured gridded dataset for the SON season was then re-structured into a spatial abstraction
dataset for storing and retrieving multidimensional data format called Network Common Data Form
(NetCDF) (Fouilloux, 2022). This was represented by a space-time cube which is a three-dimensional
(3D) cube that consists of space-time bins (x, y, t) in which the x and y dimensions are raster cell
squares that represent localities within the cube (spatial extent). The t dimension represents time in
a one-year increment (temporal extent) as represented in the grid cube shown in Figure 2. This
structuring enabled integrated spatial and temporal analysis per location/locality in the study area.
The location accounts for the local scale.

2020(Present)

Time Slice

1 Year Increment

1980(Past)

Time Series at a location

(varying wet and dry conditions at a local scale)

Space-Time Cube

Figure 2: Structure of the space-time cube. Modified from Park et al,, (2021)
3.1 Location Based forecasting

The data cube was then subjected to location-based forecasting. In this approach, we employed three
location forecasting algorithms. That is curve-fitting, exponential smoothing, and forest-based
forecasting. However, for each of these algorithms to make a forecast at a given location of the space-
time data cube, two underlying models were used to forecast the time series.

3.1.1 The forecast model

The forecast model was used to forecast values at each time step of a location. It was constructed by
fitting a given curve type under a given algorithm to the time series at each of the locations in the
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space-time cube. The fitted curve was then extrapolated to values at future time slices. The fitting of
the curve was then measured using the Forecast RMSE (FRMSE) given by Equation 3-1; -

T _
FRMSE= /Zf=l(+”f)z ------------------------------- Eq. 3-1

where T is the number of time steps, c; is the value of the curve, and r; is the raw value of the time
series at time t. The FRMSE, however, does measure how well the forecast algorithm forecasts future
values, in this case, the validation model was used.

3.1.2 The validation model

The validation model was constructed by withholding Nine (9) time steps for validation and fitting
the curve to the data that was not excluded. The nine (9) time steps account for 25% of the total
thirty-nine (39) time steps at a given location. The forecast values were then compared to the raw
values that were withheld using the Validation RMSE (VRMSE) given by Equation 3-2; -

T _
VRMSE= \/Zf=T-m+T1(Ct L Eq. 3-2

where T is the number of time steps, m is the number of time steps withheld for validation, c; is the
value forecasted from the first T-m time steps, and r; is the raw value of the time series withheld for
validation at time t.

3.2 Geostatistical Forecast algorithms
3.2.1 Random Forest-based forecasting.

Based Random Forest-based forecasting is based on the random forest algorithm (Cutler & Cutler,
2012). The random forest forecast model was trained with repeated training data at every location
of the time series cube. Multiple sets of explanatory and dependent variables were created within a
single time series at a location by constructing time windows. In this, the time steps in each window
were used as explanatory variables and the next time step was used as an independent variable as
shown in Erreur ! Source du renvoi introuvable.. Implying, given the total thirty-nine (39)-year
time step of wet and dry conditions, thirty-eight (38) sets of explanatory variables and one (1)
dependent variable were used to train the forest at each location.

(
(T T T 1)
1111
(T 11 1
(T 1] J ]
) Sliding window

@ Observed values of Analysis variable as explanatory variables
@ Observed values of Analysis variable as dependent variable

Figure 3: Forest Forecast trained using time windows

Based on the trained forecast model, the final steps of the location are used as an explanatory variable
to forecast the first future time step. The second future time step was then forecasted using the
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previous time steps in the time window, where one of these time steps is the first forecasted value.
This process continues through all future time steps as shown in Figure 4.

;
(T T IIT.
L
(J T T X1
(
([T 111

Sliding window
@ Observed values of Analysis variable as explanatory variables
@ Forecasted values of Analysis variable as explanatory variable

Forecasted values of Analysis Variable predicted by the model

Figure 4: Forecasts are created using time windows
3.2.2 Exponential Smoothing

Exponential smoothing approaches have been around since the 1950s, however, no well-developed
models were incorporated with spatial stochastic models for likelihood and prediction combinations
(Hyndman et al.,, 2008). In this approach, forecasts are weighted combinations of past observations
with recent observations given more weight than older observations. The algorithm assigns
exponentially decreasing weights as observations get older (Kalekar, 2004). In this research, the time
series was separated into several components. The values of each component were estimated by
exponentially weighting the components from previous time steps such that the influence of each
time step decreased exponentially going forward in time. Each component was defined recursively
through a state-space model approach (Auger-Méthé et al,, 2021), and each component depended on
all of the other components. The estimation of these parameters was dependent on maximum
likelihood estimation (Myung, 2003). All components are additive such that the forecast model is the
sum of the individual components. The seasonal component of one year was explored with the Holt-
Winters Damped Seasonal method (Kalekar, 2004).

3.2.3 Curve fitting forecast

In this case, a parametric curve was fit to every location in the space-time cube. The forecasting was
done by extrapolating the curve to future time steps. The generated curves for this study were either
parabolic, linear or exponential. In the linear, the time series at each location were modelled using a
straight line. In the Parabolic, the time series at each location were modelled using a
parabolic/quadratic curve. In the exponential, the data was modelled using an
exponential/geometric curve. This forecast model works in cases where the time series are easily
predictable in trend and there is no strong seasonality in the trend.

3.3 Combined and Suitability Assessment

Based on the VRMSE from each of the three algorithms in Section 3.2. The lowest VRMSE was chosen
at every location for each year in the projection range. A combined forecast model based on the least
VRMSE was then formed. The model was then interchanged to visualize the algorithm with the least
VMRSE at each location. Since the algorithms work best under various time series change conditions,
this conditional performance of the algorithms was used as the determinant for suitability.
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4 Validation

Areas of a 50 km radius were purposively chosen from the different regions in the country. In this, a
fishnet was developed, and centroids were extracted at a 5km radius. A total of 2294 pins were
generated across the study area as shown in Figure 5. SPI data sets of 2021 and 2022 were acquired
and values were extracted for each of these points. Values for these points were also extracted from
each of the map models from the location-based prediction algorithms. R-squared (Nag & Ahmad
Malik, 2023) comparisons of the actual values and projected values were run for the exact values of
Forest-based, Exponential smoothing, Curve fitting and the best VRMSE map models. The R-squared
was repeated for the Exponential smoothing and the Forest-based algorithms whilst accounting for
the upper and lower values of the 95% confidence interval.

Samzbe Vatdabion poials for Bre Prodict on Forecmt

® i e

Figure 5: Sample Validation Points
4.1 Results

The location-based forecasting algorithms were able to uniquely produce a time series forecast for
every location (cell) within the study area.

4.1.1 Random Forest-based forecasting.

Results from the random forest forecast show that localities within the East and North East parts of
the country are likely to experience extremely wet to very wet conditions as indicated in Figure 6.
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The districts of Namutumba, Bugiri and Iganga have most of their localities exposed to extreme wet
conditions. The northwestern part of Uganda as well as the mid-southwest are characterized by a
few localities that will experience dry conditions. Notably, the likely occurrence of extremely wet and
very wet conditions is observed in an uneven distribution throughout the country by 2025. The
histogram distribution shows that the majority of the localities will be moderately wet to very wet.
In the tail ends of the distribution, more areas will experience extreme wet conditions than extreme
dry conditions. The trend time series forecast analysis graphs at sampled localities show that the
fitted values by the forest forecast algorithm undulate in tandem with the original values. At every
time scale, the original value, fitted value and residue can be assessed. The forecast is comprised of a
trend line through the different forecast values of the years 2021-2025. The interval between the
upper and downward band of the confidence interval takes a convex, increasing with an increase in
the time of forecast.

Time series forecast analysis of wet and dry conditions in SON
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Figure 6: Exponential Smoothing Forecast of Wet and dry conditions in SON 2025

4.1.2 Exponential Smoothing Forecast

Results from the exponential smoothing forecast as shown in Figure7 indicate that a concentration
of localities in eastern Uganda, including, Namuntumba, Bugiri, and Iganga will have extremely wet
conditions. From the spatial and histogram distribution, most of the areas will experience moderately
wet conditions and no dry conditions are projected throughout the study area in the year 2025. The
trend time series forecast analysis graphs at sampled locations show that the fitted values by the
exponential smoothing mimic the trend of the actual values but do not capture the peaks due to the
dumping nature of the algorithm. This accounts for the bigger residue values. The forecast is made of
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atrend line and 95% confidence interval band accounting for the upper and lower limits of projection
time instance. The band is observed to have an averagely equal upper and lower limit for all the
projected values.

Curve Fitting Forecast of the wet and dry conditions in SON 2025 Bl
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Figure 7: Curve fitting forecast of the wet and dry conditions in SON 2025

4.1.3 Curve fitting forecast

Compared to the exponential smoothing, the curve fitting forecast resultant model for 2025 as shown
in Erreur ! Source du renvoi introuvable. indicates a wider spread of extremely wet conditions.
These are observed in the Middle Eastern part of the country within the districts of Namutumba,
Bugiri, Mayuge, Luuka, Iganga, Jinja, Kayunga and Buikwe where several localities are exposed to the
likelihood of these extreme wet conditions. Other localities in the south, southwest, and central
western Uganda are also observed to have extreme to severe wet conditions by the SON season of
2025. Based on the histogram distribution, the majority of the localities within the country will
experience moderately wet conditions. Incidences of dry conditions are observed in some localities
in northern Uganda. The trend time series forecast analysis at sampled locations shows that at each
locality, a fitting trend curve of either; linear, parabolic or exponential was adopted depending on the
trend behaviour of the time series data at that locality.
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Time series forecast analysis of wet and dry conditions in SON
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Figure 8: Curve fitting forecast of the wet and dry conditions in SON 2025
4.1.4 Combined Forecast Model

The results of the forest-based, exponential smoothing and curve fitting were combined based on the
forecast model with the smallest VRMSE relative to the FRMSE at every locality from each of the
algorithms as shown in Figure 9Erreur! Source du renvoi introuvable.. Results showed that
several localities in the Eastern and Southern parts of the country are to experience extreme to very
wet conditions. Random localities within the study area show that they will experience near-normal
to moderate to severe dry conditions in the same season. In the histogram distribution, the majority
of the areas will experience moderately wet conditions with the tail ends of the distribution showing
a greater likelihood of extreme wet conditions. The trend time series forecast analysis at every
location shows a comparative visualization of trends at every location with the most accurate band
highlighted.
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Prediction Analysis of the wet :nd dry conditions in SON 2025
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Figure 9: Prediction analysis of the wet and dry conditions in SON 2025

4.1.5 Spatial Suitability of Forecast Algorithm

The combined forecast model was further modified to indicate the least VRMSE not by value but by

the contributing forecast algorithm. The resultant model as shown in Figure 10. indicates the

algorithms and where they worked best spatially. The algorithm per location count shows that of the
7836 localities at 5km intervals; the forest-based covered 1991 locations, the parabolic 1685, the
mean covered 1575, the linear covered 1300 locations and the exponential smoothing covered 1285.
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Spatial Suitability analysis of geostatistical forecast algorithms for wet and dry
conditions
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ﬁ'igure 5: Spatial suitability of wet and dry condition geostatistical forecast algorithms.
4.2 Validation

The validation results as shown in

Table 1 were divided into two parts, those resulting from the comparison of the exact predicted value
with the observed value and those that compared the observed value and the values within the
confidence interval band. From the exact values, we observe that the forecast algorithms do not
perform well in the first year, but improve in the following year with the exception of exponential
smoothing. The combination of the algorithms by the least VRMSE gave improved results in the first
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year as well as the second year. In the validation of results based on the confidence band, both
exponential smoothing and forest-based algorithms performed well.

Table 1: R-squared (R?) values of the geostatistical forecast algorithms

Exact Value Inexact (95% Confidence interval)
Year Curve Exponential Forest Combined Exponential Forest
Fitting Smoothing Based by least Smoothing Based
VRMSE
2021 0.27 0.48 0.31 0.58 0.83 0.84
2022 0.40 0.42 0.33 0.62 0.83 0.89

5 Discussion

The histogram observations from Figures 6, Figure 7, Figure 8, and 9, are consistent with
observations by Ogwang et al, 2016 that wetter conditions occur in more localities than dry
conditions in the SON seasons. The algorithms compared fairly in the spatial distribution of the
projections. Using 2025 as the projected year, all the algorithms locate the central-eastern areas of
Namutuba, Bugiri, Mayuge, Luuka and Kayunga to have a likelihood of extremely wet conditions, the
algorithms indicate a similar behaviour of very wet in the localities on the far east, these areas around
the Mountain Elgon region have historically been prone to heavy rains and associated landslides,
very wet conditions are also likely in scattered localities in the northeast, lake Victoria region, south
of the country, and the far southwest in the mountain Rwenzori region. In all algorithms, most parts
of the country experience moderate wet conditions. The location-based algorithm further reveals
that the behaviour of wet and dry conditions experienced can be isolated for certain localities.

In the validation of the methods in terms of predicting the exact value, although the proportion of
variance (R?) is below 0.6 for all the algorithms, there is a notice of improvement with longer periods
unlike for the exponential smoothing. This is in line with similar studies that noted exponential
smoothing to work better in short-term predictions (Hyndman et al., 2008). Although findings by Al-
Mistarehi etal,, 2022 and Mohapatra etal,, 2022 indicate that the Forest algorithm outperforms other
machine learning algorithms with the highest accuracy rate measurement, in this case of forecasting,
the exact value forecast could not be established with high accuracy. However, in working within the
upper and lower limits of the 95% confidence interval, both the exponential smoothing and forest-
based algorithms performed well with Forest based algorithm still outperforming the exponential
smoothing with longer time forecasts and values within the confidence interval band.

Based on the VRMSE, the forest-based algorithm provided the best value for most areas followed by
the parabolic, mean, and linear forecasts in the curve fitting algorithm and then the exponential
smoothing. Using the proposition by Zhang et al., 2004, that the characteristics of algorithms
available for assessment have an unveiling impact on the nature of the extreme under assessment,
the conditional performance of the algorithms was used as a proxy for spatial suitability. The Forest
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best algorithm is known to work best in complex trends, exhibiting; up, levelled, and downshift
behaviour in a non-systematic manner. This indicatively aligns with the case of many localities in the
study region as described in a study by Mubiru et al., 2012 that characterized precipitation across
many localities in the country as highly unreliable and erratic in terms of the onset, cessation,
intensity, and spatial pattern. The Parabolic is effective in areas where the changes in trend over time
either increase or decrease. The linear corresponds to areas where the trend increases and decreases
steadily with time. The exponential model is most effective for localities where the trend changes
gradually and follows consistent seasonal patterns over time.

6 Conclusion

This study assessed three forecast algorithms: forest-based, exponential smoothing and curve fitting
in forecasting wet and dry conditions at a local scale in Uganda. The CHIRPS satellite gridded datasets
for the variable short rains season of September, October, and November (SON) for the 1981-2020
historical period were used to develop the forecasts and the 2021-2022 period was used to validate
the forecasts. The Standardized Precipitation Index (SPI) was used as the proxy for wet and dry
conditions. The three algorithms were assessed by subjecting them to the space-time cube structure,
a combination of the CHIRPS-derived SPI values into a NetCDF file based on the 1981-2020 time
series. Using the resultant FRMSE and VRSME, forecast models were then generated for each of the
three algorithms. A comparison of the least VRSME at every locality from any of the three algorithms
was then used to build a joint forecast model.

Results from the three algorithms showed that irrespective of the neighbourhood influence, each
locality experiences an independent forecast and by 2025, the majority of the localities will
experience moderately wet conditions in the SON. In the three algorithms localities in the middle east
have are high likelihood of experiencing extreme wet conditions by 2025. However, the spread of the
wet and dry conditions differs from one algorithm to the other. With the exception of exponential
smoothing, the other algorithms show a likelihood of dry conditions within certain localities.

The forest-based forecast, exponential smoothing, curve fitting and the combined least VRMSE
forecast produced a best value of R2=0.33, 0.48, 0.4 and 0.62 respectively upon validation of the exact
value. However, for values within the 95% confidence interval band an R2=0.89, 0.83 was realized
for the forest-based and exponential smoothing. Based on the behavioural performance of the
algorithms, results further reveal that 25% of the localities in the study area exhibit complex patterns
and can best be predicted by Forest based algorithms, 22% of the localities change pattern direction
over time and are best predicted by parabolic distributions, 20% of the localities change steadily in
one direction and are best predicted by linear forecasts, 17% of the localities have a mean pattern
and are best forecast by mean forecasting, 16% have a pattern that's gradually changing but
consistent and these are best forecast by exponential smoothing. The results from this study support
the motive of the Sustainable Development Goal (SDG) 13 by enabling the communication of
empirical studies on locally determined climate contributions. This information derived about wet
and dry conditions at a local scale will aid in building the capacity of local governance and decision-
making bodies that adopt and implement local disaster risk reduction strategies at a local scale.
Further research is needed to assess the driving factors behind the pattern behaviours at the
different localities.
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11 KEY TERMS AND DEFINITIONS

Precipitation: A type of water that condenses from the sky and falls to the Earth's surface as rain,
snow, or sleet because it is too heavy to stay suspended. In this study rain is the proxy for
precipitation

Wet and dry conditions: Wet conditions occur as areas receive high amounts of precipitation
resulting in high levels of humidity and frequent rain. While dry conditions occur as a result of
less precipitation and lower atmospheric temperature, dry conditions are defined climatically by
strong solar radiation.

Local Scale: The spatial extent of 0-10km? within which geographical phenomena such as
precipitation can be analysed. In this study spatial units (cells) of 5km?2 were analysed.

Geostatistics: Refers to measures based on statistical techniques that are deployed to describe and
quantify how occurrences, like precipitation, are distributed throughout time and space on
Earth, with a focus on the nature of spatial data.

Precipitation Forecasting: Refers to computation and estimation that creates a quantitative and/or
qualitative future outcome of precipitation occurrences by using spatial and time series data
from historical precipitation records along with current trends.
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