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Regresso
Mamãi Velha, venha ouvir comigo
O bater da chuva lá no seu portão.
É um bater de amigo
que vibra dentro do meu coração.
Venha Mamãi Velha venha ouvir comigo
Recobre a força e chegue-se ao portão
A chuva amiga já falou, mantenha
e bate dentro do meu coração
A chuva amiga Mamãi Velha, a chuva
Que há tanto tempo não batia assim...
Ouvi dizer que a Cidade Velha,
- a Ilha toda em poucos dias já virou jardim...
Dizem que o campo se cobriu de verde
Da cor mais bela porque é a côr da esp’rança
E a terra agora é mesmo Cabo Verde
- É tempestade que virou bonança
Venha comigo Mamãi velha, venha
Recobre a força e chegue-se ao portão
A chuva amiga já falou mantenha
e bate dentro do meu coração
A chuva amiga Mamãe Velha, a chuva
Que há tanto tempo não batia assim...
Ouvi dizer que a Cidade Velha,
- a ilha toda Em poucos dias já virou jardim
Dizem que o campo se cobriu de verde,
Da côr mais bela porque é a côr da esp’rança
Que a terra agora, é mesmo Cabo Verde
É a tempestade que virou bonança...
Old Mom come to listen with me
The knocking of the rain on your door
is the knocking of a friend
that vibrates inside my heart
Come Old Mom to listen with me
Recover the strength and reach the door
The friend rain has spoken, holds
and beats inside my heart
The friend rain Old Mom the rain
That for so long did not beat this way
I heard saying the Old City,
- the whole Island In a few days turned into a garden
They say that the field was covered with green
The most beautiful color because is the color of hope
And the land is now Cape Verde
It is the storm that turned it into bonanza
Come along Old Mom, come,
Regain strength and reach up the gate
The friend rain has spoken, holds
and beats inside my heart
The friend rain Old Mom the rain
That for so long did not beat this way
I heard saying the Old City,
- the whole Island In a few days turned into a garden
They say that the field was covered with green
The most beautiful color because is the color of hope
And the land is now Cape Verde
It is the storm that turned it into bonanza

poem by Amílcar Cabral (1924-1973), as sang by Cesárea Évora, (1941-2011)

i

Acknowledgments

This has been one of the most difficult sections to write. So many people
have contribute in a way or another (sometimes without realizing it) that
I am afraid I will be excluding names unintentionally.
First of all, to Victor Jetten, for offering me the PhD position after
returning a book on erosion modeling, and who was the giant in whose
shoulders I standed on to see further (literally). Chris Mannaerts, for all
his guidance and encouragement during these years, both in office and
in the field.
The European 6th Framework Research Programme (sub-priority 1.1.6.3)
Research on Desertification – project DESIRE: Desertification Mitigation
and Remediation of land – a global approach for local solutions– that
supported this research.
David Rossiter, who spent time looking through my R scripts and
gave me valuable advise during this research. Abbas Farshad, who taught
me to see soils in a different way. Rolf de By, who introduced me into
the world of LATEX and developed the template used in this thesis. Martin
Löffler-Mang, who helped me to understand the underlying principles
of rainfall distribution. Murac Ucer for his technical help with the disdrometer. Boudewijn de Smeth, for all his laboratory assistance, and
for helping me to collect sand in a pit somewhere in Holland. Jannekke
Etema, for her valuable comments on topography and rainfall.
Special thanks to people who made my life in Enschede easier, and
some of whom more than friends were family (I’m sorry if I forget some
names, and if I had more time and space I would include every single
PhD and MSc student from the past years): Alain ‘generalísimo’ Frances
(helping me during the whole PhD and until the last minute!), Juan Pablo ‘Chipi’ Ardila, Ansdrida Vreeburg, Leonardo ‘Leo’ Reyes, Mustafáaaa,
María F. Buitrago ‘MaFeCol’, Enrico Bolognesa Balugani, Joris Timmermans, Flavinha, Abel Ramoelo, Mattias ‘Herr’ Hertk, Nick Nicolás Jamón,
Sekhar, Sabrina, Ma, Azucar, Mila, Rafa, Mariela, Jennifer Kinoti, Yijian,
Tolga Gorum, Chandra, Christine Richter, Syarif, Damayantwinny Sarodja,
Diana Chan-Da Contreras, all the IPC members from 2009 and 2010, my
office-mates, the volleyball team members, and MSc friends that came
and left.
In Cape Verde, Ricardo Ramirez, and Miguel Abrantes, both friends
and technicians who spent time figuring out issues with the disdrometer.
iii

Acknowledgments
Oscar and Rodrigo Bejarano, that reminded me that Colombians are
family anywhere. INIDA, the Instituto Nacional de Investigação e Desenvolvimento Agrário of Cape Verde, specially Regla Amorós, Jacques de
Pina, Amarildo Dos Reis and Isaurinda Baptista, for their collaboration
and guidance in Santiago Island. The Instituto Nacional de Meteorologia
e Geophísica of Cape Verde INHG, that provided the meteorological data
used in this research.
My family, who gave me support in so many ways: in Europe, Coni,
Hugo, Carol y Vivi. In Colombia, my mother Lilia (she will be very happy
to read her name once again), my dad Francisco, Consuelo, and my
brothers. Special thanks to my second mom: my aunt Marina Badillo,
for taking care of my mom while I was away. To my cousins Claudia,
Adriana and their families, and my cousin César ‘Guto el 88’ Badillo and
his family. Also my friends in Colombia, some of them I hardly contact
during this time.
Loes and Maarten Rehuis, for being our family in Holland and the
‘opas’ of Sara, as well as Jonathan and Loes de Meijer, Marco van Druten
and Mike McCall.
My colleagues in Veldhoven, for reminding me that you never stop
learning.
And finally, special thanks to my wife, Sally J. Ocaña ‘GaLavito’ who
besides being with me for bad and good, has been as patience as a saint,
and to my daughter Sara, who was on my lap or playing next to me while
I wrote some chapters of this thesis, giving me moral support without
knowing it.

iv

Contents

Acknowledgments

iii

Contents

v

Nomenclature

xiii

1 Desertification, erosion and rainfall variability
areas
1.1 Background . . . . . . . . . . . . . . . . . . . . .
1.2 Erosion Modeling . . . . . . . . . . . . . . . . .
1.3 Santiago Island, in Cape Verde . . . . . . . . .
1.4 Problem statement . . . . . . . . . . . . . . . .
1.5 Aim . . . . . . . . . . . . . . . . . . . . . . . . . .
1.6 Thesis outline . . . . . . . . . . . . . . . . . . .

in semi-arid
.
.
.
.
.
.

.
.
.
.
.
.

.
.
.
.
.
.

.
.
.
.
.
.

.
.
.
.
.
.

.
.
.
.
.
.

.
.
.
.
.
.

.
.
.
.
.
.

3
. 3
.
4
. 8
. 12
. 13
. 13

2 Influence of topography on rainfall variability
2.1 Introduction . . . . . . . . . . . . . . . . . . .
2.2 Methods . . . . . . . . . . . . . . . . . . . . . .
2.3 Results and Discussion . . . . . . . . . . . . .
2.4 Conclusions . . . . . . . . . . . . . . . . . . . .

.
.
.
.

.
.
.
.

.
.
.
.

.
.
.
.

.
.
.
.

.
.
.
.

.
.
.
.

.
.
.
.

.
.
.
.

.
.
.
.

17
17
19
24
36

3 Satellite rainfall estimation for erosion studies
3.1 Introduction . . . . . . . . . . . . . . . . . . .
3.2 Methods . . . . . . . . . . . . . . . . . . . . . .
3.3 Results and Discussion . . . . . . . . . . . . .
3.4 Conclusions . . . . . . . . . . . . . . . . . . . .

.
.
.
.

.
.
.
.

.
.
.
.

.
.
.
.

.
.
.
.

.
.
.
.

.
.
.
.

.
.
.
.

.
.
.
.

.
.
.
.

41
41
44
46
53

4 Rainfall Kinetic Energy, Momentum and Intensity
relationships
4.1 Introduction . . . . . . . . . . . . . . . . . . . . .
4.2 Methods and Materials . . . . . . . . . . . . . . .
4.3 Study Area . . . . . . . . . . . . . . . . . . . . . .
4.4 Methodology . . . . . . . . . . . . . . . . . . . . .
4.5 Results and Discussion . . . . . . . . . . . . . . .
4.6 Conclusions . . . . . . . . . . . . . . . . . . . . . .

.
.
.
.
.
.

.
.
.
.
.
.

.
.
.
.
.
.

.
.
.
.
.
.

.
.
.
.
.
.

.
.
.
.
.
.

.
.
.
.
.
.

.
.
.
.
.
.

57
57
60
60
61
64
73
v

Contents
5 Rainfall erosivity mapping for Santiago Island
5.1 Introduction . . . . . . . . . . . . . . . . . . .
5.2 Methods and Materials . . . . . . . . . . . . .
5.3 Results and Discussion . . . . . . . . . . . . .
5.4 Conclusions . . . . . . . . . . . . . . . . . . . .

.
.
.
.

.
.
.
.

77
77
80
84
91

runoff modeling
. . . . . . . . . . .
. . . . . . . . . . .
. . . . . . . . . . .
. . . . . . . . . . .

.
.
.
.

95
95
98
103
119

7 Synthesis
7.1 Results Summary and Objectives . . . . . . . . . . . . . . . .
7.2 Contributions and Limitations . . . . . . . . . . . . . . . . . .
7.3 What is needed and future research . . . . . . . . . . . . . . .

123
123
129
131

Bibliography

133

Summary

149

Samenvatting

151

Resumen

155

Biography

159

6 Selecting best mapping strategies for storm
6.1 Introduction . . . . . . . . . . . . . . . . .
6.2 Methods and Materials . . . . . . . . . . .
6.3 Results and Discussion . . . . . . . . . . .
6.4 Conclusions . . . . . . . . . . . . . . . . . .

vi

.
.
.
.

.
.
.
.

.
.
.
.

.
.
.
.

.
.
.
.

.
.
.
.

.
.
.
.

.
.
.
.

List of Figures

1.1 ALOS-AVNIR and NDVI images of Santiago Island for year 2009. 10
1.2 Changes in landscape in Santiago Island during the dry and
the rainy season. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 11
2.1 Study area: location of Santiago Island in Cape Verde and
ground rainfall stations distribution. . . . . . . . . . . . . . . . .
2.2 Monthly minimum, maximum, and mean rainfall per year,
from all the stations in Santiago Island along with the seasonal
average precipitation for 1997 - 2010. . . . . . . . . . . . . . . .
2.3 Mean daily rainfall from all the stations in Santiago Island for
a dry, a wet and an average season. . . . . . . . . . . . . . . . . .
2.4 Daily rainfall frequency in Santiago Island for the rainy seasons
1997 - 2010. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .
2.5 Monthly and Seasonal rainfall for the period 1997 - 2010. . . .
2.6 Coefficient of variation for the period 1981 - 2010. . . . . . . .
2.7 Examples of daily rainfall maps obtained using the multiple
regression equations for days where the main predictor was
not elevation. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .
2.8 Coefficients of determination by MLR for monthly and seasonal
rainfall. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .
2.9 Theoretical and experimental variograms for long term mean
seasonal rainfall. . . . . . . . . . . . . . . . . . . . . . . . . . . . . .
2.10 Long term mean seasonal rainfall by ordinary kriging and by
krigin with external drift. . . . . . . . . . . . . . . . . . . . . . . .
3.1 Study area: Santiago Island in Cape Verde with ground rainfall
stations distribution and disdrometer location. . . . . . . . . . .
3.2 Daily precipitation estimated by TRMM 3B42 and Meteosat
MPE over Cape Verde on September 18 2009. . . . . . . . . . . .
3.3 Daily rainfall in Santiago Island as estimated by TRMM 3B42
and measured by ground rainfall stations. . . . . . . . . . . . . .
3.4 TRMM 3B43 compared to ground rainfall estimates for years
1998 to 2010. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .
3.5 Average daily rainfall depth of Saõ Jorge area in Santiago
Island, for August and September 2009 measured by ground
stations and estimated by MSGMPE. . . . . . . . . . . . . . . . . .

20

20
21
25
26
27

30
32
34
35

44
46
48
49

50
vii

List of Figures
3.6 Rainfall intensity as a function of the temperature in channel
10.8 µm with modified exponential equation fitted. . . . . . . . 52
3.7 Daily rainfall in Santiago Island estimated from Equation 3.1
compared to ground data. . . . . . . . . . . . . . . . . . . . . . . . 52
4.1 Ribeira Seca catchment with the disdrometer location in Santiago Island, Cape Verde. . . . . . . . . . . . . . . . . . . . . . . . .
4.2 Daily rainfall measured by the Parsivel and by the rain gauge
for the rainy seasons between September 2008 and September
2010. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .
4.3 KEtime − I data for September 2008 to September 2010 with
linear and power-law equations fitted. . . . . . . . . . . . . . . .
4.4 Hyetographs of rainfall events used for validation. . . . . . . .
4.5 KEtime − I logarithmic and linear equations fitted to the event
of August 4 2008 and to the event of September 18 2009. . . .
4.6 KEmm − I data for September 2008 to September 2010 fitted
to the exponential, logarithmic, and power-law equations. . . .
4.7 KEmm − I relationships fitted to the event of August 4 2008
and to the event of September 18 2009. . . . . . . . . . . . . . .
4.8 Momentum-Intensity observations for September 2008 to September 2010 fitted with power-law equation. . . . . . . . . . . .
4.9 M − I relationship fitted to the event of 4 August 2008 and to
the event of 18 September 2008. . . . . . . . . . . . . . . . . . . .
5.1 Cape Verde and Santiago Island, with the locations of the
rainfall stations. . . . . . . . . . . . . . . . . . . . . . . . . . . . . .
5.2 Daily rainfall and daily storm erosivity EI30 calculated with
the KE − I equations from Wischmeier and Smith, Brown and
Foster, and with the KE − I relationship for Cape Verde. . . . .
5.3 Daily storm erosivity EI30 as a function of daily rainfall P24
and fitted equations. . . . . . . . . . . . . . . . . . . . . . . . . . .
5.4 Monthly erosivity in Santiago Island for the rainy season calculated by the Modified Fournier Index MF I for years 1981 to
2010. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .
5.5 Long term annual erosivity in Santiago Island calculated by the
Modified Fournier Index MF IMA . . . . . . . . . . . . . . . . . . . .
5.6 Annual erosivity R-factor as a function of annual precipitation
P. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .
5.7 Erosivity R-factor as a function of annual precipitation P for a
dry, an average, and a wet year. . . . . . . . . . . . . . . . . . . .
5.8 Correlation between R-factor erosivity and Modified Fournier
Index MF Ij . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

61

65
66
67
68
69
70
73
73

80

84
86

87
88
89
89
91

6.1 Ribera Seca catchment in Santiago Island, with channels, the
location of the disdrometer for rainfall measurement and the
observation points for runoff and sediments. . . . . . . . . . . . 99
viii

List of Figures
6.2 Land use obtained from classification of an ALOS-AVNIR image,
geology map, soil texture map based on land capability units
for agriculture, and soils map with observation points for Ks
and additional properties. . . . . . . . . . . . . . . . . . . . . . . .
6.3 Boxplots for Ks within land use units, within soil map, and
within soil texture map based on land capability units. . . . . .
6.4 Variograms for porosity, cohesion, roughness, soil depth, and
hydraulic conductivity. . . . . . . . . . . . . . . . . . . . . . . . . .
6.5 Input maps obtained by allocating average values to broad
units of soil classes map of Faria (ASG1), by allocating averages
to detailed units of soil texture map (ASG2), by ordinary kriging
(OK), and by kriging with external drift (KED). . . . . . . . . . .
6.6 Frequency distribution of hydraulic conductivity cell values Ks
for ASG1, ASG2, OK and KED. . . . . . . . . . . . . . . . . . . . . .
6.7 Hydrographs for ASG1, ASG2, OK and KED inputs under event
08212010 and event 09122010. . . . . . . . . . . . . . . . . . . .
6.8 Spatial distribution of runoff in Ribeira Seca just before maximum runoff for ASG1, ASG2, OK and KED under event 08212010
and event 09122010. . . . . . . . . . . . . . . . . . . . . . . . . . .
6.9 Soil storage capacity in Ribeira Seca for the initial condition
and the calibrated condition. . . . . . . . . . . . . . . . . . . . . .
6.10 Frequency distribution of storage capacity cells for ASG1,
ASG2, OK and KED under the initial conditions and the calibrated conditions. . . . . . . . . . . . . . . . . . . . . . . . . . . .
6.11 Spatial distribution of erosion in Ribeira Seca for ASG1, ASG2,
OK and KED under event 08212010 and event 09122010. . . .

100
105
107

109
110
111

114
115

116
118

ix

List of Tables

2.1 Number of days with rain per month and season and percentage of the maximum daily rainfall P24 in monthly and seasonal
rainfall. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .
2.2 Statistics and accuracy of predicted values obtained with MLR
for selected daily rainfall (mm). . . . . . . . . . . . . . . . . . . .
2.3 Coefficients of determination for multiple regressions for
monthly and seasonal rainfall. . . . . . . . . . . . . . . . . . . . .
2.4 Statistics of observed and predicted values, and accuracy and
residuals obtained with OK and KED for the long term mean
seasonal rainfall (mm). . . . . . . . . . . . . . . . . . . . . . . . . .

28
29
33

34

4.1 Statistical information for rainfall depth recorded by the Parsivel disdrometer and San Jorge rain gauge station. . . . . . . . . 65
4.2 Characteristics of the two rainfall events used to test the KE −I
and M − I relationships. . . . . . . . . . . . . . . . . . . . . . . . . 67
4.3 Standard error, root mean squared error, normalized root
mean squared error and coefficients of determination for KE −
I and M − I applied to two events. . . . . . . . . . . . . . . . . . . 71
5.1 Modified Fournier Index and number of years with data available for the rainfall stations in Santiago Island. . . . . . . . . . 83
5.2 Equation coefficients for EI30 as a function of daily rainfall P24 . 86
5.3 Summary statistics of annual erosivity R-factor as a function
of annual rainfall P for a dry year, an average year, and a wet
year. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 90
6.1
6.2
6.3
6.4

Statistical information for soil parameters mapped. . . . . . . .
OK Prediction and Accuracy for the soil parameters mapped. .
KED Prediction and Accuracy for the soil parameters mapped.
Calibration values for the two events, and resulting discharge
peak and volume compared to observed values. . . . . . . . . .
6.5 Total detachment, deposition, suspended sediments and total
soil losses obtained from the four input maps and for the two
rainfall events. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

104
108
108
112

119

xi

Nomenclature

α, β

Experimental coefficients to correlate rainfall intensity I and cloud temperature
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1

Desertification, erosion and
rainfall variability in semi-arid
areas

1.1 Background
1.1.1 Erosion and Desertification
Erosion is the removal of soil or rock particles by natural agents such as
water or wind, and is aggravated by human activities. The main factor
for soil erosion produced by water is rainfall, that removes soil particles
by two main processes: detachment caused by raindrops falling on the
ground, and runoff. Erosion is aggravated by pressure over land, particularly agriculture. In African semiarid countries, soil resources are losing
fertility due to anthropogenic activities with the resulting socio-economic
consequences for the region, and water harvesting techniques have been
applied for crop production and cattle grazing with effects over the
land not completely understood (Sadiki et al., 2007; Schiettecatte et al.,
2005). Pressure on natural resources combined with the effects of climate
change on rainfall are intensifying soil degradation processes: scarce but
heavy rainfalls along with human activities such as deforestation and soil
deployment, increase runoff and erosion. As a consequence of erosion
the land for agriculture per capita around the world is being reduced
(Boardman, 2006), contributing to desertification in semi-arid and dry
sub-humid areas (UNCCD, 1994).
According to the United Nations Convention to Combat Desertification UNCCD, desertification is land degradation with reduction or loss of
biological productivity occurring in arid, semi-arid and dry sub-humid
areas, which are areas with a ratio of annual precipitation to potential
evapotranspiration from 0.05 to 0.65 (UNCCD, 1999). The Millennium
Ecosystem Assessment modified this definition including the term ‘persistent land degradation’, to differentiate from periods with natural
restoration of productivity, and including hyperarid areas (Adeel et al.,
2005; Safriel, 2009).
Arid and semi-arid areas cover about 30% of the planet surface, 90%
of which are in developing countries (UNEP, 2007), where pressure over
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land as source of subsistence is very high. Low annual rainfall but with
occurrence of high rainfall intensities are characteristics of arid and
semi-arid areas, which cause extreme events that increase desertification.
Climate change is modifying rain intensity, duration and seasonality,
changing the weather patterns over arid and semi-arid areas. Heavy
precipitations are likely to increase as a result of changes in temperature
patterns that are causing extreme events, particularly in tropical regions
(IPCC, 2012). From 1900 to 2005 it has been reported that precipitation
has declined in the Sahel, the Mediterranean, Southern Africa and parts
of Southern Asia while it has increased in North and South America, northern Europe and northern and central Asia, with an increase in droughts
since the 1970s. Correspondingly, heat waves appear to be more frequent
and heavy precipitation events have increased over most areas of the
world (IPCC, 2007). The alteration of spatial and temporal patterns in
temperature, solar isolation, winds and rainfall caused by climate change
is aggravating desertification around the globe (Sivakumar, 2007).
Shortage of financial resources for data acquisition and dissemination
hampers the attempts to monitor and control the advance of desertification. Two of the main challenges for developing countries subject to
land degradation are how to obtain additional data, and how to use the
available information in the most efficient way.

1.2 Erosion Modeling
The essence of erosion modeling is to combine sediment production
processes, which are soil detachment by rainfall and flowing water, with
sediment transport processes (Foster, 1982). How this is done depends
on the scale and resolution of the model in time and space. Jetten and
Favis-Mortlock (2006) reviewed more than 25 European erosion models
and showed that tested and published models exist for all scales ranging
from small plots to continental. Model principles range from more
empirical approaches derived from runoff plot experiments (USLE type
models), sometimes combined with sediment delivery ratios (see e.g.
Tyagi et al. (2008)), to physically distributed models based on energy
equations for detachment and transport.
The choice of a model depends on what one wants to know and on
which scale and resolution this information is needed. Generally the
objective is to predict soil loss from an area of a specific size. If this
size is very small like a farmer’s field, a lumped model can be sufficient
and even sediment transport might be ignored: a sloping field has little
deposition and soil loss equals almost the sediment production, modified
by empirical parameters. If a larger area is studied that has sources and
sinks of runoff and sediment, a physically distributed model can be
used, which employs sediment transport principles. The predictive
quality of physically based models are not necessarily better than that
of empirical models (Jetten et al., 1999, 2003) and all models need
calibration. However, physically distributed models have as an advantage
4
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the detailed spatial information of many processes can be made visible
and calibration is with known physical parameters. In the context of
Cape Verde, the study area of this research (see section 1.3), where
detailed information is needed to be able to analyze effectiveness of
existing conservation measures, make catchment based conservation
strategies and advise farmers, the spatial data is more important than
the overall soil loss from a catchment. Hence a physically distributed
model openLISEM (Baartman et al. (2012), see also Jetten and De Roo
(2001) is used.

1.2.1 A matter of scale
The diverse scales of different types of models produce as well diverse
results, ranging from total annual estimates of soil loss in the coarse
scale, up to sediments concentration and areas susceptible to erosion
after a rainfall event at finer resolutions. The type of model to use for
erosion estimation depends on the information required for management,
but also on the data available. It is safe to say that if lumped soil loss data
is needed from a larger area, this can be achieved by any combination
of scale and various models. However if the effect of soil conservation
measures has to be studied, which are usually implemented on a field
level, the spatial resolution has to be high. If we want to understand
how these measures effect hydrological and erosion processes, we need
a physical model with a high spatial resolution, and a high temporal
resolution, because some of these processes are relatively fast, happening
only during rainfall. If a physical model is selected, different complexity
levels representing the properties of the catchment can be chosen as
inputs, from broad units or coarse resolutions up to very detailed and
small units or fine resolutions. Studies on the effect of the inputs
resolution on the results of physical models have been carried out (e.g.
Jetten et al. (2003); Farajalla and Vieux (1995)) but very few address the
effect of the selection of a mapping unit size.
While certain parameters affecting erosion can be measured with
standard procedures or are relatively steady in time, soil properties such
as hydraulic conductivity or moisture content present variations within
small areas and in short periods of time, that depend both on rainfall
and local climate conditions. Rainfall, as the main input for runoff and
detachment erosion estimation, requires accurate measurements and
in relatively short time intervals. Detachment erosion is calculated by
means of the kinetic energy of rainfall, or energy of impact, a parameter that depends on location and on intrinsic characteristics of rainfall
(Van Dijk et al., 2002). To model accurately runoff by heavy rainfalls,
besides reliable rainfall measurements, it is necessary to characterize
hydraulic soil properties such as infiltration and storage capacity: Hortonian overland flow occurs when high rainfall intensities exceed the
infiltration rate of the soil, and saturation overland flow when the amount
of rainfall exceeds the storage capacity of the soil. Once these properties
are measured or derived, they have to be assigned to a mapping unit, that
5
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will depend as well on the data available, ranging from coarse maps with
broad units to detailed soil units map. The strategy followed to produce
spatially distributed values of a property may reflect in the output result
of the model: meaningful statistical values can be assigned to a map unit,
or geostatistic interpolation of stochastic approaches can be realized
for such purpose. Erosion modeling is then a trade off between input
requirements, available data and purpose of modeling.

1.2.2 Rainfall Characterization
For accurate soil loss estimation, adequate input rainfall values are needed, and depending on the model employed, different temporal scales
are required. As an example, an statistical model such as RUSLE (Wischmeier and Smith, 1958), requires at least 15 minutes rainfall measured
over 20 years, and ideally in more than a single location; an event-based
physically based model at a cathment or subcathment level such as openLisem (Baartman et al., 2012; De Roo et al., 1996) requires high temporal
resolution rainfall for the event studied, and a single station may be
sufficient.
Rainfall can be measured or estimated at various scales and uncertainty levels with diverse rain gauges or satellite sensors such as passive
microwaves, thermal infrared, radars among others. To capture accurately rainfall patterns with rain gauges, a relatively dense network is
required, and depending on the type of erosion model used, with a relatively high temporal resolution. Rainfall in semi-arid regions can be highly
variable, both in space and time, with strong variations in intensity, occurrence within small distances, in short time intervals, and between
seasons. When a semi-arid region has a strong relief, the orographic
effect modifies the rainfall patterns and increases its variability. The
influence of elevation on precipitation has been studied for decades
and for various regions with diverse grades of success (i.e., Alter (1919),
Bleasdale and Chan (1972), Lee (1911)). In most of the regions it has
been found that rainfall increases with elevation due to the fact that it
is connected to orographic updraft (Bleasdale and Chan, 1972; Henry,
1919; Hibbert, 1977; Llasat and Puigcerver, 1992; Weisse and Bois, 2001).
When an orographic effect is found, elevation is used to help rainfall
estimation, in most of the cases by use of a simple linear relationship
(Daly et al., 1994). Methods to obtain areal rainfall range from Thiessen
polygons to advance interpolation techniques, with uncertainty degrees
that depend on the amount of rain gauges available and their location.
Nowadays, interpolation techniques that incorporate topography and
additional parameters into the interpolation of rainfall are available, and
are also useful to reduce uncertainties in areas with a limited number of
raingauges.
Satellite imagery can cope with lack of rain gauges and their long time
intervals of measurement, and various missions are available. Some of
the most known meteorological satellite missions are: NOAA, GOES, GOA,
TRMM, MSG among others (Kidd and Huffman, 2011). Satellite imagery
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over small island areas has some constraints: for most of the available
products the resolution tends to be coarse (e.g., 25 km for TRMM, 1 to 3
km for MSG), and the products are usually calibrated in continental areas
(Wolff et al., 2005; Dinku and Anagnostou, 2006). To take advantage
of the capabilities of satellite rainfall estimates, calibration and new
estimates over offshore areas are required, which can be obtained by
correlating cloud temperature with ground estimates, or by combination
of different rainfall products.

1.2.3 Kinetic Energy and Erosivity
The parameter that links rain and soils losses is erosivity, which is the
ability of rainfall to detach soil particles. Erosivity is usually calculated in
terms of the energy of raindrops, or kinetic energy of rainfall, that is half
the particle mass times the square of the particle speed. The most used
expression for erosivity is the EI30 developed by Wischmeier and Smith
(1958) for the USLE and RUSLE equations, that is the combination of
the storm energy E times the maximum 30-minutes intensity I30 . Storm
energy is calculated in terms of the kinetic energy of rainfall that is
usually expressed in terms of rainfall intensity. The first relationship
between kinetic energy and rainfall intensity was developed by Wischmeier and Smith (1958) for RUSLE, using a logarithmic equation. As
the characteristics of rainfall depend on regional and local conditions,
several kinetic energy - rainfall intensity equations have been developed
for diverse places around the world (Van Dijk et al., 2002). Erosivity for
Cape Verde has been calculated using kinetic energy - rainfall intensity
relationships developed for temperate regions (Mannaerts and Gabriels,
2000b), however reliable erosion modeling requires the use of kinetic
energy - rainfall intensity relationships developed for the area being
studied. When such a relationship does not exist, available for similar
areas can be employed, but may result in unrealistic erosivity values.
As erosivity is a parameter used in different types of erosion models,
developing kinetic energy - rainfall intensity relationships for arid and
semi-arid areas susceptible to erosion where such equations do not exist
contribute to reduce the uncertainty in erosion prediction.
For areas where rainfall information is scarce and limited to coarse
temporal resolutions, other erosivity indices have been developed, some
of them relying on monthly rainfall, such as the Fournier index (Fournier,
1960) and the modified Fournier index (Arnoldus, 1977). These indices
provide an acceptable indication of areas susceptible to erosion processes
for areas with limited rainfall information, and can be correlated to other
erosivity indices such as the EI30 to be used for erosion estimation.
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1.3 Santiago Island, in Cape Verde
This research takes place in Cape Verde, a semi-arid country located
in the west coast of Africa, subject to strong but scarce rainfall events
during a single rainy season (see Chapter 2).
Precipitation in Cape Verde is very irregular, and along with the lack
of natural resources is the main cause of poverty and slow development.
Between the 16th and 17th century at least 27 famines and epidemics
were registered in the islands, and just in the first half of the 20th century
6 famines occurred (Lesourd, 1995). The biggest island of the country is
Santiago (991 km2 ), where most of the population of Cape Verde lives.
Santiago Island is characterized by fertile soils of volcanic origin (see
Chapter 6), and rainfall causes the landscape to change from semi-arid
to humid during the rainy season.
The main source of income for most Cape Verdians is agriculture,
constrained by few land available for cultivation, poor agricultural practices, rainfall scarcity, and high intensity precipitation that cause soil
losses. Only 10% to 16% of the land is classified as suitable for agriculture
but with more than 60% of the arable land dedicated to crops (Beintema
et al., 1994; FAO, 2003). In a good rainy season agriculture can cover
between 30 to 35% of the food requirements of the country, however that
value drops to 10% or less in case of a drought (Beintema et al., 1994).
Development in Cape Verde is constrained by its geographical situation, its limited natural resources and its Sahelian climate. Lack of
arable land results in soils being extensively used, accelerating erosion
processes (FAO, 2003). Pressure over land, droughts and flash floods
are causing desertification in Cape Verde. Since the independence of
Portugal in 1975, in Cape Verde, and particularly in Santiago Island, measures to control erosion have been deployed over the mountain slopes
(Haagsma and Reij, 1993), both to control erosion and to provide more
arable land. The main type of structures used are terraces, combined
with reforestation and vegetation barriers (Figure 1.2). Between 1975
and 2004 Cape Verde reforested 90.000 hectares, while in 1975 there
were only 5000 hectares of woodlands in the whole country (IFAD, 2003;
UNCCD, 2006). In 2004 Cape Verde implemented the National Environment Action Plan NEAP II for the period 2004 - 2014 (NEAPII, 2004), that
incorporates the objectives of the National Action Plan (NAP) proposed
by the United Nations Convention to Combat Desertification (UNCCD,
1999). NEAP II promotes natural resources management, the use of
efficient technologies for natural resources extraction, local participation
for sustainable use of natural resources, sustainable management of
biodiversity, and defines policies for food security. Despite continuous
efforts to prevent desertification, most of the soil conservation activities
in Cape Verde are hampered for lack of financial resources.
Landscape in Cape Verde has a strong seasonal change from the dry
to the rainy season. Figure 1.1 a to c presents true color composites,
and Figure 1.1 d to f Normalized Difference Vegetation Indexes NDVI
8
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obtained from ALOS-AVNIR satellite images of Santiago Island captured
at different periods of the year 2009, which was a year with high rainfalls:
March, in the beginning of the dry season; June, in the middle of the dry
season and November, at the end of the rainy season. It can be noticed
the change on vegetation, with greener areas on top of the mountains
that remain with vegetation cover almost the whole year, and broad areas
without vegetation during the dry season (Figure 1.1 a and d).
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Figure 1.1 ALOS-AVNIR (right) and NDVI images (left) of Santiago Island for
year 2009: (a) and (d) March, at the beginning of the dry season; (b) and (e)
June, in the middle of the dry season; and (c) and (f) November, at the end of
the rainy season.
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Figure 1.2 Changes in vegetation in Santiago Island during the dry (left) and
the rainy season (right).
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1.4 Problem statement
Cape Verde is a tropical and semiarid country with lack of natural resources and with extreme rainfall events that make it susceptible to soil
losses and desertification. Rainfall variability in Cape Verde is a limiting
factor on the country development, and continuous drought is referred
as the causes of an inescapably hopeless situation (Carling, 2004).
Extreme rainfall events, particularly at the beginning of the season,
when the soil has little or no vegetation cover, are causing runoff and
detachment that in the steep slopes of Cape Verde result in erosion.
The erosive effect of rainfall decreases with the increase of vegetation
cover produced by the initial showers falling on fertile soils, however
the pressure over the land mainly due to rain-fed steep slope agriculture
tends to aggravate land degradation processes.
For reliable erosion modeling rainfall is required as main input. Rainfall in Cape Verde is measured with rain gauges, that in Santiago Island
are not operational all the time and record only daily totals. This situation limits the type of erosion models to be used and the evaluation of
parameters that rely on accurate rainfall measurements, such as erosivity.
As detailed rainfall is almost unavailable for Cape Verde, alternatives to
cope with lack of monitoring are required, such as the use of available
satellite rainfall estimates. The influence of relief on rainfall variability has to be studied and if required, topographic parameters should
be incorporated in the spatial estimation of rainfall, both for a better
characterization and to reduce uncertainties in areas without monitoring.
Three scales for erosion estimation in Cape Verde can be identified:
At a large scale, the island groups scattered in an area of about 60.000
km2 , but with a land area of only 4000 km2 and with rainfall strongly
influenced by climate such as the Inter Tropical Convergence Zone ITCZ;
at a medium scale each island level, with distinct topographies, that can
cause a strong relief effect that may control the occurrence of rainfall as
in the case of Santiago Island; and at a finer scale, the spatial variability
of the different parameters influencing erosion, such as local topography
and soil properties, that can have abrupt variations within short distances
and may not be well captured by the available mapping units.
Few studies about rainfall variability and erosion in Cape Verde have
been published. A risk map of soil erosion has been done by De Pina Tavares and Amiotte-Suchet (2007). Mannaerts and Gabriels derived rainfall
erosivity values from 7-year rainfall recording in Cape Verde and developed a least squares regression model on daily rainfall amount (Mannaerts
and Gabriels, 2000a). In another study, Mannaerts and Gabriels proposed
a probabilistic approach to predict rain-fall erosion losses based on the
distribution of rain in Cape Verde (Mannaerts and Gabriels, 2000b). As
data in Cape Verde is limited, strategies to cope with data scarcity and
that provide reliable results of runoff and erosion have to be implemented.
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1.5 Aim
The main purpose of this research is to characterize rainfall and rainfall
related parameters for runoff and erosion modeling at different scales,
in a small semi-arid and mountainous area with limited data.

1.5.1 Objectives
1. To characterize rainfall variability of Cape Verde in terms of topographic and location parameters.
2. To assess and improve the usability of satellite rainfall estimates
as inputs for erosion modeling in small islands.
3. To develop a kinetic energy - rainfall intensity relationship for Cape
Verde for erosivity and erosion estimation.
4. To improve the erosivity estimates for Cape Verde using the physical EI30 concept and alternative indexes obtained from readily
available data.
5. To determine the best mapping strategies to map inputs for a
physically deterministic hydrological and erosion model.

1.6 Thesis outline
This dissertation consists of 7 chapters. The core chapters (2-5) aim to
give an answer to the objectives:
Chapter 1 presents the background, the problem statement, objectives
and outline of the thesis.
Chapter 2 gives an introduction to the rainfall variability in Cape Verde,
the importance of few days with intense rainfall in the monthly and
seasonal trend of rainfall, and the influence of topography on rainfall
occurrence in Santiago Island.
Chapter 3 introduces available satellite rainfall estimates as potential
inputs for erosion modeling, given special attention to TRMM and Meteosat. A relationship between rainfall intensity and cloud temperature
from the infrared channel to obtain a new satellite rainfall estimate for
Cape Verde is presented.
Chapter 4 describes the existing rainfall kinetic energy - intensity and
rainfall momentum - intensity relationships available, and proposes new
equations for Cape Verde, obtained with short time interval measurements done in the island with an optical disdrometer.
Chapter 5 employs the rainfall kinetic energy - intensity equation obtained in Chapter 4 to update the erosivity EI30 relationship as a function of
13
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daily rainfall available for Cape Verde. Erosivity as a function of monthly
data is calculated, and equations to derive erosivity R factor as a function
of annual precipitation and from monthly data are proposed.
Chapter 6 presents the runoff and erosion model in a catchment of
Santiago Island, incorporating the rainfall kinetic energy - intensity for
erosivity estimation obtained in Chapter 4, and using four mapping strategies for the inputs, to analyze their effect on the outputs and to select
the most appropriate for the Cape Verdian context.
Chapter 7 provides a summary of the results obtained within the context
of the objectives, describes the main contributions of the research, its
limitations, and proposes topics for future research.
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Influence of topography on
rainfall variability in Santiago
Island

2.1 Introduction
Watershed management, agriculture, erosion studies, engineering applications among others require spatial and temporal characterization of
rainfall to represent properly hydrological processes. In mountainous
areas, topography and elevation affect rainfall and have to be considered
for prediction and mapping. The influence of elevation on precipitation,
and particularly on rainfall, has been studied for decades and for various
regions with diverse grades of success (i.e., Alter (1919), Bleasdale and
Chan (1972), Lee (1911)). In most of the regions it has been found that
rainfall increases with elevation in a usually linear relationship due to
the fact that it is connected to orographic updraft (Bleasdale and Chan,
1972; Henry, 1919; Hibbert, 1977; Llasat and Puigcerver, 1992; Weisse
and Bois, 2001).
The linear relation is easy and an acceptable approximation between
rainfall and elevation (Daly et al., 1994), but for tropical islands such as
Oahu in Hawaii (Cheng and Lau, 1970), or Sri Lanka (Puvaneswaran and
Smithson, 1991) the relation is better described by nonlinear functions
or is not clear. However, additional factors influence the rainfall patterns,
such as distance to moisture sources, or large circulation patterns over
a region which weakens the relation of rainfall with elevation (Konrad,
1996). For certain areas, such as the Swiss Alps, it has been found that
precipitation can decrease with elevation (Blumer, 1994), or elevation is
of lesser importance when compared to other variables such a exposure
or relative distance between stations, as in Oahu island (Cheng and Lau,
1970).
This chapter is based on: Influence of topography on rainfall variability in Santiago
Island, Cape Verde. J. F. Sanchez-Moreno, C. M. Mannaerts, V. G. Jetten. Under Review.
International Journal of Climatology.
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In mountainous regions, where the nature of rainfall is mainly orographic, rainfall patterns are complex and not well understood (Prudhomme
and Reed, 1998). The influence of topography may express itself by
changes in precipitation intensity, in the number of precipitation days
or a combination of both factors (Duckstein et al., 1973). For a better
understanding and characterization additional parameters should be
considered in the predictions. Spreen (1947) found for western Colorado
that elevation alone explains 30% of the seasonal variance of rainfall
while the combination of altitude, slope, exposure and orientation explained 88%. Basist et al. (1994) found slope gradient, orientation, elevation
and exposure as the best mean annual precipitation predictors for 10
mountains through the world.
An important variable that influences the spatial distribution of rain in
mountainous regions is the prevailing wind direction. Strong winds may
redistribute the precipitation facilitating largest amounts in the valleys
and smallest on exposed windward slopes. The erratic and turbulent
nature of wind makes its characterization difficult. The influence of
wind can be indirectly described by the orientation and width of the
valleys, parameters that can be considered in the analysis in the form of
additional topographic variables such as aspect (Sevruk et al., 1998).
Mountainous landscapes facilitate the uplift of moisture that results
in high rainfall intensities on the windward side of the mountains (Singh
et al., 1995), where the rainfall stations tend to be placed. For practical
reasons, in mountainous areas rain gauges are usually located in valleys
which biases the information towards low areas (Prudhomme and Reed,
1998). The position of the rain gauges can be used to describe wind
direction and allows a better understanding of the motion path of clouds.
Schermerhorn (1967) found that for western Oregon and Washington, an
index for the latitude of the station combined with terrain elevation and
barrier elevation explained most of the variations of annual precipitation
during the winter season. Buytaert et al. (2006) explained the monthly
variability of rainfall in the Ecuadorian Andes in terms of slope, aspect,
elevation and position of the stations.
For small islands under a semi-arid climate regime the relationship
between rainfall and topography may not be explained by the same parameters as in continental areas or as for islands with a tropical climate.
This research takes place in Santiago Island, Cape Verde, as part of the
DESIRE desertification project. Santiago is a semi-arid island under Sahelian climate regime, subject to strong erosion processes caused by poor
agricultural practices and scarce but heavy rainfalls that produce flash
floods. Agriculture in Santiago is rain-fed, but rainfall variability leads to
crop failures and in extreme cases to droughts. The relief and variations
of elevation in Santiago Island suggest a strong influence of topography
on rainfall variability (Babau et al., 1981), however this effect has been
barely studied (Bertrand, 1996) and without taking into account additional topographic parameters or the position of the rain gauges. Long
term records of rainfall are available for Santiago Island, but the records
are not continuous and not all the stations are operational from year to
18
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year, which along strong rainfall variability makes its characterization
difficult. Monthly and seasonal rainfall characterization are relevant for
agricultural planning, and as input for statistical and conceptual models
of erosion. The main objectives of this research are: a) to determine the
influence of daily events on the monthly and seasonal rainfall variability,
b) to investigate if for Santiago Island spatial patterns of rainfall can be
parameterized, supported by terrain and location data, at three temporal
levels: daily, monthly and seasonal, and c) to determine the best strategy
to map long term mean seasonal rainfall in Cape Verde using the limited
data available.

2.2 Methods
2.2.1 Study Area
Cape Verde is an archipelago conformed by 8 main island and 13 islets,
located around 500 km from the west coast of Africa on the North
Atlantic Ocean (Figure 2.1). The total area of the archipelago is about
4033 km2 . The climate of the country is semi-arid. Being located in the
tropical zone, mean daily air temperatures range from 24◦ C in winter to
29◦ C during the summer months (Praia station).
The largest island is Santiago (991 km2 ), which is the subject of this
study. Due to its volcanic origin, Santiago has a rugged relief with a
highest elevation of 1394 meters (Figure 2.1). Rainfall on Santiago Island
and Cape Verde in general originates from the tropical monsoon, which is
controlled by the seasonal migrations of the Inter Tropical Convergence
Zone ITCZ around the equator (Babau, 1983; Mannaerts and Gabriels,
2000b). Rainfall is highly variable; the annual average of rainfall is
about 300 mm, with September as the wettest month (Figure 2.2). It can
be noticed that rainfall in Santiago has a large inter-annual variability,
without a clear temporal trend. A harsh dry season governs the climate
of Santiago Island and extends from mid-November to mid-July, with
little or no rainfall. The rainfall season on Santiago starts in August
and ends in October, sometimes with isolated and very small sporadic
events occurring in late July and early November. Water in the river
courses is not permanent and stream flow is ephemeral and occurs only
during the rainy season after a heavy rainfall event. As an example of
seasonal rainfall, Figure 2.3 presents the daily rainfall for an average,
a wet and a dry year (1998, 2003, 2006). In 1998 few events and with
low depth were reported, while for 2003 and 2006 the rainfall depths
were similar, however for 2006 more days with rain were reported. The
irregular precipitation and lack of natural resources are the main causes
of rural poverty, and slow and difficult agricultural development in Cape
Verde. At least 27 famines and epidemics were registered in the islands
between the 16th and 19th centuries, and just in the first half of the 20th
century, 6 famines occurred (Lesourd, 1995).
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Figure 2.1 Study area: location of Santiago Island in Cape Verde and ground
rainfall stations distribution.

Figure 2.2 Monthly minimum, maximum, and mean rainfall per year, from all
the stations in Santiago Island along with the seasonal total precipitation for the
rainy seasons 1997 - 2010.
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Figure 2.3 Mean daily rainfall from all the stations in Santiago Island for
seasons 1998 (dry), 2003 (wet), and 2006 (average).

2.2.2 Data
Ground rainfall data was provided by the National Meteorological and
Geophysical Institute of Cape Verde (INMG), for 1981 to 2011, with daily
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data only for years 1997 to 2010. In Santiago Island, 40 stations (classic
or automatic) with daily totals of rain were available for the period
studied (Figure 2.1), but some were not operational for all the years or
the data was not registered, therefore the maximum number of stations
available for a single season was 27 and the minimum was 11. The
stations available are relatively well distributed regarding windward and
leeward position and altitude: 13 stations are in low elevation (up to 200
meters), 15 are in medium elevation (200 to 400 meters), and 12 are in
high elevation (above 400 meters), but not reaching elevations above 900
m.a.s.l. due to accessibility (Bertrand, 1996), and with a lack of stations
in certain coastal areas, such as in the south-west of the island. Despite
long term historical records, information on high temporal resolution
rainfalls or information on short duration events is almost not existing,
except in Mannaerts and Gabriels (2000b). The topographic parameters
for the comparisons were derived from the Shuttle Radar Topography
Mission digital elevation model SRTM (Figure 2.1) with a 90 m resolution,
retrieved from the U. S. Geological Survey website (USGS, 2010). The
slope where a station is located is influenced by the pixel size of the
digital terrain model DTM. If a rain gauge is located in a place where the
local slope is low, the effect of a high regional slope can be minimized
and unaccounted for by the DTM; on the other hand, a high local slope
recorded in the DTM will misrepresent a low regional slope present in the
field. To detect the influence of regional slope on rainfall, the analysis
was done for the slope calculated with the original image resolution, and
for a resampled resolution of 400 m and of 1000 m. The decrease in
resolution did not improve significantly the correlations, therefore the
results obtained with a 400 m slope resolution are shown in this study.

2.2.3 Rainfall variability and rainfall parametrisation
Rainfall variability was determined by the coefficient of variation CV
defined as the standard deviation of the rainfall dataset over its average,
and calculated for all the stations for the period 1981 to 2010. To
understand the influence of daily rainfall, the weight of daily events on
monthly and seasonal rainfall was studied by counting the total number
of days with rainfall and calculating their percentage on the seasonal
and monthly totals.
Multivariate analysis was done for daily, monthly and seasonal rainfall
(Pt ) using a multiple regression technique. As independent variables
elevation (z), regional slope (m), aspect (A) and the north (N) and east
(E) geographic coordinates of the station were considered (Equation 2.1).

Pt = a1 + b1 z + b2 As + b3 m + b4 E + b5 N

(2.1)

In order to determine which parameters are more significant in the
regression and to avoid colinearity, the correlation covariance matrices
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of rainfall and the five variables were verified and used as reference
for stepwise backward regressions using the software system XLStat
(Addinsof, 2009). During the stepwise regression a Fisher significance
test (Fisher, 1922) at a 95% confidence level was performed to eliminate non-significant and non-contributing variables. With a stepwise
regression, the selection process starts by including the variable with
the largest contribution to the model. A second variable is added to the
model if its entry probability is greater than the threshold value given by
the confidence level. When an additional variable is added, the impact
of removing each variable already added in the model is evaluated. If
the probability of the calculated statistic is greater than the removal
threshold value, the variable is removed from the model. To account for
the number of explanatory variables, the comparisons are done using
the adjusted R 2 .

2.2.4 Rainfall interpolation
Interpolation methods that include elevation as co-variable such as cokriging, and kriging with external drift, have proved useful for rainfall
mapping (i.e., Oliver and Webster (1990); Bacchi and Kottegoda (1995);
Goovaerts (2000); Weisse and Bois (2001)). These techniques are applicable to areas with a clear relationship between elevation and precipitation (Daly et al., 1994). In this study, ordinary kriging OK and kriging
using elevation as an external drift KED were employed to interpolate
seasonal and long term mean seasonal precipitation. While OK relies
only on the spatial correlation of the expected variable, with KED the
expected variable, in this case rainfall, is considered a linear function
of a second variable, such as elevation (Goovaerts (1997); Hengl (2003);
Isaaks and Srivastava (1990)).
With OK the estimated values ẑ are calculated taking into account the
distance of the observed values to the point to be estimated x0 :

ẑOK (x0 ) =

n
X

λOK
i zi (xi )

(2.2)

i=1

Where λOK are the weights constrained to sum to 1 and calculated
solving an ordinary kriging equation system:
λOK
= COK−1 · cOK
0
i

(2.3)

C OK is the covariance matrix of residuals and c0OK the matrix of
covariances at the new locations.
For KED the predictions at new locations are calculated by:

ẑKED (x) − m̂KED (x) =

n
X

λKED
(x) [z(xi ) − m̂KED (xi )]
i

(2.4)

i=1
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With the record means of the derived information being calculated as
(Goovaerts, 2000):
m̂KED (s0 ) = â0 (ux) + â1 (ux)y(u)

(2.5)

Where â0 (ux) and â1 (ux) are drift coefficients and y(u) is the
auxiliary variable. The weights λKED
are calculated similarly as for
i
ordinary kriging.
The quality assessment of the interpolations was done by cross validation using the leave-one-out method (LOOCV), where the prediction
is done for every point using the remaining observations as training
data (Goovaerts (1997); Isaaks and Srivastava (1990)). To evaluate the
goodness of fit for the interpolations and the multiple linear regressions,
the root mean square error RMSE, the normalized root mean square error
NRMSE, and the mean error ME were used. The mean error (bias) ME is
the average of the difference between observed and predicted values:

ME =

n
1 X
[z(xi ) − ẑ(xi )]
n i=1

(2.6)

Where n is the number of observations, z(xi ) is the observed value
and (xi ) is the predicted value at location i. A ME equals to 0 means an
unbiased estimated of the values.
To assess the quality of the interpolation models, the mean squared
deviation ratio MSDR was employed, which is the ratio between the
squared errors and the kriging variance:

MSDR =

n
1 X [z(xi ) − ẑ(xi )]2
n i=1
σ̂ 2 (xi )

(2.7)

When the MSDE is equal to 1 the variogram model was accurate.
For interpolating daily and monthly rainfall, all the available stations
for the month were included. For seasonal interpolation, only the stations
with rainfall recorded in every month of the season were considered. The
geostatistical computations were done using Renvironment ((Ihaka and
Gentleman, 1996) and gstat package (Pebesma, 2004).

2.3 Results and Discussion
2.3.1 Influence of daily rainfall and variability
Figure 2.4 shows the daily rainfall frequency in Santiago Island for the
period 1997-2010. Average daily values between 10 mm and 20 mm per
24
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day are the most common, while single strong events with more than
130 mm per day occur infrequently. Table 2.1 presents the number of
days with rain per month and per season for the period 1997 - 2010, the
maximum average daily rainfall, the maximum daily rainfall reported
and the percentage of the maximum average daily rainfall within the
month and the season. The results are summarized in Figure 2.5.

Figure 2.4 Daily rainfall frequency in Santiago Island (mm) for the rainy seasons
1997 - 2010.

For the 14 years period the minimum number of days with rainfall
for a season (including all the rainfall occurrences) was 27 (2010) and
the maximum 78 (1999). In Santiago Island, a high number of rainy days
does not necessarily translate into high rainfall depths. Even though
2010 was the year with fewest rainy days it has the highest total average
for the 14 years period. Few days with high rainfall amounts account for
high seasonal totals: a single day can contribute to more than 30% of the
monthly rainfall and up to 24% of the season (i.e., the maximum daily
rainfall of August 2007, Table 2.1). This fact is important for parametrisation: a single strong event independent of topography can control the
monthly and seasonal rainfall, therefore producing low correlations with
elevation. From Figure 2.5 and Table 2.1 it can also be noticed that even
though the monthly average of rainfall is usually higher in September,
for the season the highest values of daily rainfall can occur in August or
October.
Figure 2.6 shows the coefficient of variation CV calculated for all
the rainfall stations with data from 1981 to 2010, and for visualization
purposes, interpolated over the island with OK. The CV was higher than
0.30 for all the stations, with a median of 0.48, a mean of 0.50, and with
25
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a maximum of 1.30 in the south-west where extreme differences between
the maximum and minimum rainfall recorded were reported. The CV
results indicate a high rainfall variability and lack of spatial stationarity
over the whole island.

Figure 2.5 Monthly and Seasonal rainfall for the period 1997 - 2010 (mm),
calculated from the total average of rainfall over the island. The bottom bars
indicate the maximum daily event per month (mm). The top bars indicate the
total number of rainy days per season including the number of days with rainfall
P > 5 mm.
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Figure 2.6 Coefficient of variation CV for the calculated for the period 1981
- 2010, and interpolated over Santiago Island with OK (a), and variance of the
predictions (b).

2.3.2 Regression results
2.3.2.1 Daily rainfall
In Santiago Island reports of stations recording daily rainfall is not
consistent from one day to the next one. The distribution of the available
stations per day may favor or disfavor the correlations with topographic
parameters introducing a bias in the results. Furthermore, daily rainfall in Santiago Island is highly variable both in intensities, frequency
(Figure 2.4) and in spatial distribution among stations.
Daily rainfall can be conformed by a single strong event or by several
small events. Days with a single small rainfall event with P24 < 5 mm
are usually not recorded by the rain gauges. From the 655 days with
rainfall reported for the 14 years period, 147 days with rainfall depths
above 5 mm were considered for the correlations.
The analysis between rainfall and elevation for daily data resulted in
low correlations for most of the days (R 2 <0.40). The inclusion of additional parameters did not increase significantly the correlation results.
Elevation was the most relevant parameter even though it explained
mostly a small percentage of the daily rainfall variance. The correlations
were below 0.60 for most of the days, however a single daily rainfall with
a coefficient of determination above 0.40 can contribute to more than
30% to 90% of the total monthly rainfall and up to 20% of the seasonal
rainfall. In other words, daily rainfall is affected in a low degree by eleva27
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Table 2.1 Number of days with rain per month and season and percentage
of the maximum daily rainfall P24 in monthly and seasonal rainfall. (a) total
number of days with rainfall; (b) days with rainfall above 5 mm; (c) maximum
rainfall depth reported; (d) maximum average daily rainfall for the month and
the season; (e) average rainfall for the month and for the season;. (f) percentage
of the maximum daily rainfall within the month; (g) percentage of the maximum
daily rainfall within the season. In bold, the highest values of monthly rainfall
and the highest percentages of daily rainfall within the season
Year

Period

Days
with
raina

1997

Aug
Sep
Oct
Season
Aug
Sep
Oct
Season
Aug
Sep
Oct
Season
Aug
Sep
Oct
Season
Aug
Sep
Oct
Season
Aug
Sep
Oct
Season
Aug
Sep
Oct
Season
Aug
Sep
Oct
Season
Aug
Sep
Oct
Season
Aug
Sep
Oct
Season
Aug
Sep
Oct
Season
Aug
Sep
Oct
Season
Aug
Sep
Oct
Season
Aug
Sep
Oct
Season

14
17
6
37
16
20
19
55
25
29
24
78
23
19
23
65
22
24
15
61
12
21
11
44
13
23
20
56
17
18
16
51
15
26
7
48
15
13
2
30
10
15
3
28
17
7
9
33
18
18
6
42
9
5
13
27

1998

1999

2000

2001

2002

2003

2004

2005

2006

2007

2008

2009

2010
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Days
P24 >
5mmb
8
5
0
13
3
8
0
11
7
11
7
25
6
6
5
17
4
6
1
11
4
6
2
12
5
6
4
15
3
7
1
11
3
6
1
10
6
7
1
14
3
3
2
8
7
5
2
14
6
9
4
19
6
4
7
17

Max.
P24
(mm)c
125
87.5
19.1
125
92
67.5
9
92
57
163.7
178
178
126.5
207
166.4
207
149
80.4
135
149
47
115
71
115
176.4
196
208
208
92.5
75.5
160.5
161
74.2
153.2
70
153
155
176
42.5
176
144
113
109
144
256
75
68.3
256
96
122
183.5
184
235
154
200
235

Max.
mean P24
(mm)d
35.2
26.9
1.4
35.2
28.0
20.3
0.4
28.0
16.7
32.1
32.7
32.7
27.1
44.3
64.8
64.8
62.2
26.2
48.7
62.2
13.0
38.8
38.9
38.9
42.0
79.4
64.0
79.4
26.7
38.6
40.4
40.4
41.6
31.6
12.0
41.6
67.6
81.4
9.4
81.4
59.7
25.5
48.9
59.7
48.7
41.7
28.5
48.7
40.6
48.6
57.3
57.3
75.7
103.8
14.7
103.8

Total
mean
(mm)e
184.3
80.8
1.4
266.6
57.2
103.2
1.6
162.0
98.1
193.5
150.7
442.3
100.4
187.8
161.2
449.4
136.6
99.4
53.3
289.3
47.1
104.5
53.4
205.0
129.1
229.0
104.7
462.8
78.1
128.5
40.5
247.1
74.1
139.5
50.7
264.2
144.8
225.4
13.0
383.2
103.4
73.5
75.1
252.1
211.0
95.9
65.5
372.4
126.8
269.6
133.7
530.1
170.8
215.0
151.3
537.1

% of max.
P24 in
Monthf
19.1
33.3
96.8

% of max.
P24 in
Seasong

49.0
19.7
26.0

17.3
12.5
0.3

17.0
16.6
21.7

3.8
7.2
7.4

27.0
23.6
40.2

6.0
9.9
14.4

45.6
26.3
91.5

21.5
9.0
16.8

27.6
37.1
72.7

6.3
18.9
19.0

32.6
34.7
61.1

9.1
17.2
13.8

34.1
30.0
99.7

10.8
15.6
16.3

56.1
22.6
23.6

15.7
11.9
4.5

46.7
36.1
72.9

17.6
21.2
2.5

57.8
34.7
65.2

23.7
10.1
19.4

23.1
43.5
43.5

13.1
11.2
7.7

32.0
18.0
42.8

7.7
9.2
10.8

44.3
48.3
9.7

14.1
19.3
2.7

13.2
10.1
0.5
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tion and this influence is rather reflected in the monthly and seasonal
totals. For very few days, variables other than elevation can explain 65
to 80% of the variance of rainfall, such as slope and wind direction, the
latter represented by the location of the stations or by aspect.
The sudden changes in elevation and topography in the small area of
Santiago Island contribute to create erratic patterns in the air masses of
tropical origin arriving to the island, highly sensitive to elevation changes,
which is evident in the rainfall. Gentle slopes allow the circulation of
air masses, while steep and mountainous regional slopes act as barriers
that enable vapor condensation and rainfall. The results indicate that
elevation and other topographic parameters have an effect on the daily
rainfall but that is not very significant for most of the days, however,
few days influenced by topography can control the monthly pattern of
rainfall.
The strong variability both in amounts and origin of rainfall makes a
general parametrization difficult, and equations describing the variance
of daily rainfall are valid for single days. Figure 2.7 shows, as an example,
maps using the MLR equation obtained for selected daily rainfall with
correlation coefficients above 0.60 and where the main predictor was not
elevation alone. The maps include the equations and the coefficient of
determination R 2 of the correlation.
Table 2.2 presents the summary statistics and accuracy of the selected
daily maps. Rainfall in October 14 of 2007 (Figure 2.7a) is controlled by
the east coordinate and by elevation, with the highest rainfall depths
in the northeast of the island and with no values at the southwest.
However, this result may be biased by the data reported in the south of
the island, where there is uncertainty about if there was no rainfall or
if it was just not recorded. For September 28 of 2008 (Figure 2.7b) and
September 23 of 2009 (Figure 2.7c), slope and east coordinate were the
main parameters; in the former the east coordinate had more relevance
while in the latter slope was predominant. In September 23 2009 the
total rainfall depth was 40 mm while in September 28 2008 it was 14 mm.
Figure 2.7b and Figure 2.7c suggest that for these particular cases high
amounts of rainfall have more influence of wind while small amounts are
more influenced by slope; on the other hand, for these particular days
lack of stations in the direction NE-SW introduces a bias in the results.
Figure 2.7 also allows to note the variability of rainfall reported for a
single day, where for stations located close to each other the rainfall
recorded is completely different.
Table 2.2 Statistics and accuracy of predicted values obtained with MLR for
selected daily rainfall (mm).

Day
Oct 14 2007
Sep 28 2008
Sep 23 2009

Statistics of predictions
Min
Max
Mean
SD
0.00
0.00
14.06

135.10
50.80
113.20

32.52
14.44
43.76

35.23
13.58
11.79

R2
0.85
0.89
0.80

Accuracy assessment
ME
RMSE
NRMSE
-0.26
0.22
1.89

12.43
4.82
7.15

0.11
0.09
0.13
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Figure 2.7 Examples of daily rainfall maps obtained using the multiple regression equations for days where the main predictor was not elevation: (a) October
14, 2007; (b) September 28, 2008; (c) September 23, 2009. The dots represent
stations with measured daily rainfall.

2.3.2.2 Monthly rainfall
Table 2.3 presents the results of the multiple regressions for monthly
rainfall depth in the period 1997 - 2010 along with the total number of
stations available per season.
From the stepwise method parameters other than elevation were not
significant to improve the correlations for most of the months. The
inclusion of additional variables contributed to explain an additional
20% to 40% of the variance for certain months, but overall additional
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parameters such as slope or aspect combined with coordinates increased
the coefficients of determination only by 5 to 10%, and are not significant
for the correlation model and therefore were excluded. For rainfalls with
a medium to high correlation with elevation (R 2 0.40 to 0.70), additional
parameters do not contribute significantly to improve the correlation,
while for low correlations with elevation (R 2 < 0.40) the improvement is
more significant. A good example is September 1999, where elevation
alone explains only 8% of the variance, while its combination with slope
explains 40%.
The best monthly coefficients of determination were found for years
2002 and 2009. Months with very low rainfall did not have any correlation (i.e. October 1998, mean rainfall: 1.6 mm, R 2 = 0.04). With the
exception of August of 1997, monthly rainfall depths above 150 mm also
produce low coefficients of determination. For the 42 months compared,
20 presented coefficients of determination above 0.30 while 9 months
resulted in R 2 values above 0.50, with September as the month with
highest depths of rain.
Figure 2.8 shows the comparisons between rainfall depth and the
coefficients of determination R 2 for the multiple regressions for each
month and per season. It can be noticed that the coefficients of determination have an inverse relationship with the rainfall depth: the higher
the rainfall amount the lower the correlation; the trend is more evident
for September (b) and is reflected in the seasonal rainfall (d). October
(c) is the driest month of the season and the highest R 2 still correspond
to rainfall depths below 150 mm; very low rainfall depths also resulted
in low coefficients of determination. The results suggest that several
days with small amounts of rainfall affected by elevation will increase
the correlation of monthly rainfall with elevation, while a single day with
a very strong rainfall will decrease the correlation. Strong showers occur
suddenly and regardless of topography, and when their amount is high
enough they can control the monthly pattern, while small events are
more influenced by the interaction between air masses and topography.
2.3.2.3 Seasonal rainfall and long-term average seasonal rainfall
The best seasonal correlation (205 mm, R 2 = 0.73), was obtained for
2002 and the worse for year 2006 (383 mm, R 2 = 0.05). In years 2006
and 2007 the seasonal rainfall depth was high and evenly distributed
among the stations resulting in low correlations with elevation.
In the seasonal results the influence of the position of the stations
and wind direction is more evident, and is manifested by the improvement of the correlations by the inclusion of the coordinates of the
stations. Elevation was still the most relevant parameter, while additional
parameters were significant only when the correlation with elevation was
low. For year 2007, with only 11 stations were available, the correlation
was not significant.
Overall the influence of regional slope was more important than
the hills orientation and wind direction, represented by aspect. The
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Figure 2.8 Coefficients of determination (R 2 × 10−2 ) by MLR for monthly and
seasonal rainfall: (a) August; (b) September; (c) October; (d) Season.
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Table 2.3 Coefficients of determination (R 2 × 10−2 ) for multiple regressions
for monthly and seasonal rainfall P (mm). No. Stat: Number of stations; Prm:
Parameter; z: Elevation (m.a.s.l); m: Slope (%); A: Aspect; E: East coordinate (m);
N: North coordinate. Regression coefficients not significant at a 0.05 confidence
interval appear underlined.
Year
1997
1998
1999
2000
2001
2002
2003
2004
2005
2006
2007
2008
2009
2010

No.
Stat.
26
25
27
25
24
24
21
24
18
22
11
17
16
16

R2
66
4
39
33
48
64
47
35
32
51
4
20
61
14

Aug
(mm)
184
57
98
100
137
47
129
78
74
145
103
211
127
171

Prm
z,E
z
z
z
z,m
z
z
z
z
z,E,N
N
z
z
z

R2
25
50
40
27
50
54
28
44
76
25
10
48
61
80

Sep
(mm)
81
103
193
188
99
104
229
128
139
225
74
96
270
215

Prm
z
z,m
z,m
z
z,E
z
m
z
z
N
z
z
z
z,m

R2
41
8
28
3
70
62
56
59
27
27
13
56
29
19

Oct
(mm)
1
2
151
161
53
53
105
41
51
13
75
65
134
151

Prm
z,m
z
z
z
N
z
As ,N
z
z
N
N
z
E
z

R2
73
51
44
36
70
73
54
63
71
46
21
52
61
56

Season
(mm)
Prm
266
z,E
162
z,m
442
z,N
449
z
289
z,m,N
204
z
463
z,N
247
z
264
z
383
z,E,N
252
z
372
z
531
z
537
z

correlation between long term mean seasonal rainfall and the topography
and position parameters produced a coefficient of determination R 2 of
0.35, with the main parameter explaining the variance being elevation.
Most of the rainfall in Cape Verde has its origins in tropical depressions developing over West Africa and the gulf of Guinea and therefore
is strongly influenced by continental moist tropical air masses coming
from Africa. Years with high amounts of rainfall, where the rainfall is
of convective origin, are not influenced by elevation, which affects the
long term correlation. Figure 2.8d shows that for the seasonal rainfall
between 1999 and 2006 the coefficients decreased with the increment
in the amount of rain; it can also be noticed that the seasonal trend is
controlled by September (b), which is usually the month with the highest
rainfall amounts. Medium to low rainfall depths produced the best correlations with elevation, both for monthly (120-150 mm) and seasonal
rainfall (250-300 mm), while very low (<50 mm for monthly and <100
for seasonal) and very high amounts (>250 mm for monthly, >350 for
seasonal) resulted in poor correlations with elevation.
Figure 2.9 presents the theoretical and experimental variograms fitted
with the gstat method (Pebesma, 2004) of the package R (Ihaka and
Gentleman, 1996) for the long term mean seasonal rainfall by OK, and
by KED where elevation was employed as external drift. The variograms
indicate a weak spatial correlation even at short distances, indicating how
despite rain gauges proximity, rainfall presents high variations. Such
variability can be a consequence of the abrupt changes of topography
within few kilometers occuring in Santiago Island, with valleys alternating
steep elevations that influence the movement of air masses and the
generation of rainfall. Elevation as external drift reduced considerably
the semi variances (Figure 2.9b).
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Figure 2.9 Theoretical and experimental variograms for long term mean seasonal rainfall by (a) OK, (b) KED.

Figure 2.10 shows the long term mean seasonal rainfall for Santiago
Island calculated with OK and KED for the period 1981 to 2010 employing the variograms from Figure 2.9. The spatial trend of rainfall was
equally captured by the two mapping methods, however the OK and KED
variogram models used for the prediction underestimated the measured rainfall, with the highest undersetimation being produced by OK.
Conversely, OK produced slightly lower ME, RMSE and NRMSE but higher
variances. In the case of KED, elevation helps reducing the uncertainty in
areas with lack of rain gauges. For mapping purposes KED is preferred
as it produced the lower variances and rainfall estimates closer to the
measured: the maximum long term average seasonal rainfall measured
in Cape Verde was 531 mm, and the lower 147 mm. Table 2.4 presents
the statistics and accuracy of the prediction by OK and KED along with
the statistics for the long term measured rainfall.
Table 2.4 Statistics of observed and predicted values, and accuracy and residuals obtained with OK and KED for the long term mean seasonal rainfall
(mm).
Day
OK
KED
Measured
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Min
199.8
198.5
147.0

Statistics
Max
Mean
400.2
274.8
451.7
277.9
531.2
285.6

SD
40.3
40.3
95.7

R2
0.80
0.74

Accuracy assessment
ME
RMSE
NRMSE
-0.25
85.70
-0.22
-0.43
87.30
-0.23

MSDR
0.87
0.90
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Figure 2.10 Long term mean seasonal rainfall by (a) OK and (c) KED (a), with
their respective variances (b) and (d).
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2.4 Conclusions
Rainfall variability in Cape Verde was studied using 30 years monthly
data for the period 1981 to 2010. Out of this dataset, the last 14 years,
from 1997 to 2010 included daily rainfall. The variability of rainfall was
assessed using the coefficient of variation CV and the influence of daily
rainfall in the seasonal totals. To understand the influence of topography
and location on the variability of rainfall multivariate linear correlations
were carried out between daily, monthly and seasonal rainfall. The main
conclusions are:
• The interaction between topographic parameters, position and
rainfall is complex and variable: it creates rainfall patterns that
are not repeated from one season to the next, reflecting the erratic
behavior of rainfall in Cape Verde. Strong daily rainfalls can control
the behavior of the season. A single rainy day can account for 30%
of the total amount of monthly rainfall, and for more than 20% of
the seasonal rainfall. September, usually the month with highest
rainfalls, controls the pattern for the season. The highest daily
rainfall can appear in August or October.
• Daily rainfall can consist of a single strong event or a series of
small events, not captured by the type of rainfall gauges in Santiago
Island. A single strong daily event is less influenced by elevation
than several small events. The variations in the daily rainfall and
its correlation with elevation are also determined by how the rain
is formed.
• In Santiago Island, monthly and seasonal rainfall can be explained
by elevation through a linear relationship. The correlation between
rainfall and elevation is weak for daily data. In general, medium to
low amounts of rain (120-150 mm monthly, 250-300 mm seasonal)
produce better correlations with elevation, however this pattern
is not constant. Very low (<50 mm for monthly, <100 mm for
seasonal) and very high rainfall depths (>250 mm for monthly,
>350 for seasonal) resulted in poor correlations with elevation.
Moderate to low rainfall amounts in Santiago Island seem to have
an orographic origin, while high amounts of rainfall seem to be
convective or caused by frontal activity. Strong rainfalls are evenly
distributed on the island, regardless of elevation and with little
influence of other topographic or climatic effects. Medium and low
intensity rains seem to be originated and affected by orography.
• Parameters such as slope, aspect or coordinates can explain more
than 50% of the rainfall variance for days, months or seasons where
rainfall has a low correlation with elevation. However, for most of
the monthly and seasonal rainfalls the inclusion of these parameters does not improve significantly the correlations, being elevation
alone the main parameter explaining the variance of rainfall.
• Given the strong variability of rainfall and the data available, parametrization of rainfall in Cape Verde is rather difficult. Equations
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describing the variance of daily, monthly or seasonal rainfall can
be used for particular time periods and not as general equations to
describe precipitation.
• Ordinary kriging OK and kriging with external drift KED were applied to obtain long term mean seasonal rainfall. Both methods
provided fair results given the location and number of observed
data. The accuracy of kriging (both OK and KED) depends on representative data; in complex terrains and with rain gauges not evenly
distributed (such as in Santiago), there is large uncertainty about
the interpolated results in areas without sample points. Between OK
and KED the former produced the highest variances. Given the lack
of reliable data in Santiago Island, KED is a more suitable mapping
method to reduce the uncertainties in areas without monitoring.
• The map of long term mean seasonal rainfall will contribute to the
understanding of the behavior of precipitation in Santiago Island.
For an improved characterization of rainfall, a better monitoring
system of the current rain gauges and additional ones should be
installed, particularly in the coastal areas of the island, where high
uncertainties were found.
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Satellite rainfall estimation for
erosion studies in small offshore
areas

3.1 Introduction
Erosion is the removal of soil particles by water or wind and can be
aggravated by human activities and can also lead to desertification.
In order to prevent and control man-made or accelerated erosion, its
processes have to be better understood. For this purpose, diverse erosion
models have been developed that can be grouped into three main classes
(Merritt et al., 2003; Aksoy and Kavvas, 2005):
• Empirical or statistical models, which are simple models based
on the analysis of observations, and require a relatively limited
number of input data that can be of coarse resolution. An example
of an empirical model is the USLE (Wischmeier and Smith, 1978)
and its revised version RUSLE (Renard et al., 1997), that require
long term rainfall measurements measured in short intervals.
• Conceptual models, which represent the catchment as a sequence
of internal storage systems, requiring a general description of
each storage without large amounts of data, and with parameters
obtained by calibration. LASCAM (Viney and Sivapalan, 1999) is an
example of a conceptual model employing daily rainfall as input.
• Physically-based models, that use equations of conservation of
mass and momentum for both sediments and flow, and usually
require a large amount of measurement data. OpenLISEM (Baartman
et al., 2012; De Roo et al., 1996) is an example of a physically-based
This chapter is based on: Rainfall characterization by satellites and ground data for
soil erosion estimation in Cape Verde. In: ACRS 2008: proceedings of the 29th Asian
Conference on Remote Sensing, 10-14 November 2008, Colombo, Sri Lanka; and on:
Satellite rainfall estimation for erosion studies in small offshore areas: A case study in
Cape Verde Islands. J. F. Sanchez-Moreno, C. M. Mannaerts, V. G. Jetten. Under Review.
CATENA.
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model, requiring rainfall data with high temporal resolution for
single events.
To obtain realistic estimates of runoff, sediments and soil erosion by
modeling, it is necessary to know the amount of water entering into a
basin system, therefore, rainfall needs to be properly characterized. In
semiarid regions, where rainfall usually presents low annual amounts but
with occurrence of high intensities, variations in precipitation patterns
may increase local runoff and soil erosion. Spatial and temporal rainfall
characterization is therefore important to determine its effects on land
surfaces by for example rainfall erosivity. The limitations of rain gauges,
especially in developing countries, where they are sparse or data is not
always properly collected, make remote sensing techniques relevant
for rainfall data acquisition. Several satellites for global or regional
precipitation measurement are available, and use diverse sensors. Some
of the most known satellite missions are: NOAA, GOES, GMS, TRMM, MSG
among others (Levizzani and Amorati, 2002; Kidd and Huffman, 2011),
and new missions are currently under development (Thies and Bendix,
2011). Diverse precipitation products from these satellite sensors are
available, obtained from various algorithms that transform radiances
emitted or scattered from clouds or raindrops into precipitation, and that
sometimes are combined with ground data. Other products combining
estimates from different satellites with ground data are also available
(e.g. Persiann, Hsu et al. (1997); Hong et al. (2004)). The precision of these
estimates depends on the algorithms employed and the ground data
used for calibration. As the rainfall estimates obtained are indirect, there
is uncertainty related to the spatial-temporal variation of rainfall, when
compared to satellite-sensed cloud radiances (Greene and Morrissey,
2000), and on how they correspond to ground data in areas where the
algorithms have not been tested.
One of the most recognized satellite missions for precipitation is the
Tropical Rainfall Measuring Mission TRMM, which started collecting data
at a global level from December 1997 onwards, and using three rainfall
sensors: the Visible Infrared Scanner VIR, the Precipitation Radar PR, and
the Thermal Microwave Imager TMI (Simpson et al., 1996; Kummerow
et al., 1998; TRMM et al., 2005). Various products from TRMM are
available, such as the 3B42 and 3B43, a 3-hours and a monthly gridded
global estimate respectively, with spatial resolution of 0.25◦ × 0.25◦ ,
result of combining different products, or the 2A12 and 2A25 (Wang
et al., 2009), which are orbital products with spatial resolution of 0.50 ×
0.50 and 91.5 minutes per orbit, with a total of 16 orbits per day. TRMM
estimates have shown reliable results with a difference of less than 10%
between ground gauges and the PR and the TMI from TRMM as calibrated
on ground (Ji, 2006), however calibration is done mainly inland, with
only one calibration point corresponding to a Pacific island, and with
no calibration in offshore areas of Africa (Wolff et al., 2005; Dinku and
Anagnostou, 2006).
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In 2002 EUMETSAT launched the first Meteosat Second Generation
satellite Meteosat or MSG-1, having on-board the Spinning Enhanced
Visible and Infrared Imager sensor (SEVIRI) (Heinemann et al., 2002;
Schmetz et al., 2002). This launch was followed in 2006 by the MSG2 or Meteosat-9. Due to their geostationary position at Longitude 0◦ ,
and above the equator (Latitude 0◦ , 6.5 West for Meteosat-8 at present)
the MSG satellites retrieve data principally for Europe and Africa at 15
minutes temporal resolution. From Meteosat, the Multi-Sensor Precipitation Estimate or MSGMPE data is available since 2006, with a spatial
resolution between 3 and 5 km and a temporal resolution of 15 minutes.
The MSGMPE is a blended near real time product based on cloud top
temperature observed from MSG and microwave rain rate observations
from the SSM/I (Special Sensor Microwave Imager), on board of the DMSP
(US Defense Meteorological Satellite Program) constellation of polar orbiting satellites, and from mid 2009 onwards from the AMSU-A sensor
(Advanced Microwave Sounding Unit) on-board the NOAA and Metop
satellites.
Due to the different input requirements of the type of runoff and erosion model employed, the usability of satellite rainfall estimates varies,
as these products come at different spatial and temporal resolutions,
but also due to the divergences between ground and satellite estimated
rainfall. For instance, empirical models such as USLE and RUSLE require
the estimation of the annual erosivity factor R, that is a function of the
maximum daily erosivity EI30 calculated at a rainfall intensity interval
of 30 minutes, which makes the 3-hours TRMM data unsuitable to be
used directly as input, therefore the estimates have to be correlated to
measured ground rainfall (Zhu et al., 2011). Meteosat, with a measuring
interval of 15 minutes and 3 km spatial resolution makes its MSGMPE a
good candidate for empirical and physically-based models.
On the other hand, MSGMPE does not have a world coverage as TRMM,
making it unsuitable for areas not covered by this geostationary sensor.
Moreover, TRMM has been calibrated for continental areas and its use
in off-shore areas or where calibration has not been carried out is yet to
be proven, and validation of MSGMPE is based on the comparison with
other satellite data (Heinemann, 2003). A good laboratory for validation
of satellite rainfall products for offshore areas island states is Cape
Verde, a semi-arid African country composed of several small islands
that has a short rainfall season, usually with high intensities, and that
has a relatively dense network of rain gauges.
The objectives of this research are: i) to compare the rainfall estimates
from TRMM and MSGMPE with ground rainfall data measured in Santiago
Island, Cape Verde, in order to assess the usability of satellite rainfall
estimates for soil erosion studies, and ii) to verify an own estimate of
rainfall from cloud top temperatures of precipitating clouds as measured
by Meteosat.
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3.2 Methods
3.2.1 Study Area
The data collected for this research cover Cape Verde islands, with
particular attention to Santiago Island where ground rainfall data was
measured (Figure 3.1). As mentioned in Chapter 2 rainfall is highly
variable: the annual average of rainfall varies between 200 mm to 500
mm (Praia station), with September as the wettest month. A harsh dry
season governs the climate of Santiago Island and Cape Verde in general,
that extends from mid-November to mid-July, with little or no rainfall.

Figure 3.1 Study area: Santiago Island in Cape Verde with ground rainfall
stations distribution and disdrometer location.

3.2.2 Data
3.2.2.1 Ground rainfall data
Rainfall data from rain gauge stations was provided by the Meteorological
Institute of Cape Verde (INMG). In Santiago Island 40 stations (classic or
semi-automatic) reporting daily rainfall are available, however for the
period 1998 to 2010, a maximum of 27 stations and a minimum of 11
stations per season were operational or with data recorded (Chapter 2).
An OTT Parsivel optical disdrometer (Löffler-Mang and Jürg, 2000) was
installed in Santiago Island on September 1 2008 and collected data until
September 16 2010 using a 3-minute interval (Sanchez-Moreno et al.,
2012b). Figure 3.1 shows the location of the rain gauge stations and the
optical disdrometer.
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3.2.2.2 Satellite rainfall data
Rainfall satellite estimates were retrieved from August 1 to October 31,
for the period 1997 to 2010 in the case of TRMM, and for 2007 to 2010
in the case of MPE. Two different products from TRMM were studied: the
3B42 3-hours rain rate and daily precipitation, and the 3B43 monthly
precipitation. The TRMM products over Cape Verde were detected using
the TRMM Online Visualization and Analysis System TOVAS (GES-DAAC,
2004) and the TRMM Orbit viewer software (PPS, 2008), freely available
from the TRMM website. Meteosat Multi-Sensor Precipitation Estimate
MPE data, 10.8 µm thermal infrared and 6.2 µm vapor channel brightness temperatures were downloaded through the DVB-based Ku-band
broadcast service of EUMETCAST, using a data receiver located at ITC,
The Netherlands (Maathuis and Retsios, 2006), and the MSG Data Retriever tool (Retsios et al., 2005). For every day, 96 temperature images of
channels 10.8 µm and 6.2 µm, along with MSGMPE rainfall intensities,
were downloaded.

3.2.3 Ground rainfall versus satellite estimates
Average daily, monthly and seasonal rainfall depths (mm) from TRMM
3B42 and 3B43 were compared to average ground rainfall data from the
stations available at Santiago Island for the period 1997 - 2010 (SanchezMoreno et al., 2012a). Rainfall intensity measured in a single location by
the disdrometer at a 3-minute interval (mm h−1 ), and aggregated every
15 minutes, and also as daily precipitation (mm) was compared to the
15 minutes intensities and daily depths from the Meteosat MPE for the
period 2008 to 2010. The comparison was done for the 9 cells corresponding to the disdrometer location and surrounding pixels. Figure 3.2
presents as an example of the datasets employed, daily precipitation
from TRMM 3B42 and Meteosat MPE for September 18 2009. Rainfall
time series were plotted and correlations between ground and satellite
rainfall were performed.

3.2.4 Rainfall from cloud temperature
To validate the rainfall estimates from Meteosat by deriving an equation
relating rainfall intensity to cloud top temperature, rainfall intensity
measured by the Parsivel disdrometer was correlated to cloud top temperatures from the 10.8 µm thermal infrared channel of Meteosat. Precipitating clouds were determined based on the difference of brightness
temperature between the 10.8 µm infrared and the 6.2 µm water vapor
channels using the algorithm proposed by Kidder et al. (2005). It has
been empirically established that a difference of temperature between
both channels of less than 11 K is an indicator of precipitable water as
only deep clouds penetrate the water vapor to be sensed at both 6.2 µm
and 10.8 µm, causing a small difference in brightness temperature at
these wavelengths, while at 6.2 µm the atmosphere is opaque due to
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Figure 3.2 Daily precipitation estimated by TRMM 3B42 (25 km cell size) and
Meteosat MPE (1 km cell size) over Cape Verde Islands on September 18 2009.

water vapor absorption and low clouds are not sensed (Casanova et al.,
2005; Kidder et al., 2005; Jeniffer et al., 2010). A non-linear regression
between rainfall intensity measured from the disdrometer and aggregated at 15 minutes, and cloud top temperature at the infrared channel
was carried out. The initial comparisons were done for the single pixel
corresponding to the location of the disdrometer, and afterward and to
account for spatial and timing offsets, average temperature values of the
nine 3 × 3 windows pixel surrounding the location of the disdrometer
were employed (Maathuis et al., 2006; Jeniffer et al., 2010).

3.3 Results and Discussion
3.3.1 Gauge rainfall versus satellite estimates
Figure 3.3 shows as an example, daily series of rainfall recorded by
rainfall stations and estimated by TRMM 3B42 for years 2002 and 2007.
Rain gauge data and the precipitation values of the 3B42 TRMM show a
good coincidence between rainy days, but with a general underestimation
of the total amount of precipitation of the latter. Figure 3.4a shows
series of monthly precipitation from the 3B43 product for years 1997 to
2010 compared to the average ground rainfall measured over Santiago
Island, and Figure 3.4b the annual totals. Despite the 15-minute data
aggregation, TRMM continues underestimating the rainfall measured on
the ground. One of the main reason for the discrepancies from TRMM
is the poor calibration in non-continental areas, particularly for small
islands in the African Atlantic Ocean. Along with its coarse 0.25 km
resolution, the differences between TRMM 3B42 and 3B43 products and
ground data make these products poorly suitable as rainfall input for
soil erosion modeling in Cape Verde. Improvement of these estimates by
combining them with short interval rainfall measured on ground and with
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other rainfall products is required. As the data series of TRMM products
show the general path movement of clouds, they can be employed to
detect the direction of rainfall and the occurrence of storms, or as a first
broad approach for erosivity estimation.
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Figure 3.3 Daily rainfall in Santiago Island as estimated by TRMM 3B42 and
measured by ground rainfall stations for a) 2002 and b) 2007.
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Figure 3.4 TRMM 3B43 compared to ground rainfall estimates for years 1998
to 2010: a) monthly rainfall, and b) seasonal rainfall.

Poor to moderate correlations were found between the MSGMPE and
daily rainfall data measured by the Parsivel disdrometer and by the
ground rainfall stations in Santiago Island. MSGMPE underestimates the
amount of rainfall in comparison with the gauges, and for several days
does not capture entirely the rainfall reported on the ground. It must be
admitted that the exact times of ground data collection, usually 07:00
am for raingauges, could not be verified. As such, sampling time differences between MSGMPE and ground data may exist and explain certain
anomalies. Figure 3.5 shows as an example, the comparison between
daily rainfall measured by raingauges over the distrometer location (Saõ
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Jorge dos Órgãos station) and compared to the estimates of MPE for the
months of August to September of 2009. As can be noticed, MSGMPE
estimates show lower depths compared to ground measurements, but
also some exception occurs as on September 7 and 24 2009. In general,
sole use of the satellite rainfall estimate is a rather unreliable rainfall
input for erosion models, when used on smaller catchments (< 100 km2 )
as is always the case in Cape Verde. Although the cumulative seasonal
totals obtained with MSGMPE for larger areas such as Santiago Island
(approx. 1000 km2 ) is corresponding rather well with ground observations, use of MSGMPE for site specific rainfall cannot be recommended.
Too many uncertainties and meteorological processes such as local wind
fields, turbulence factors, and very short duration intensity variations
introduce a rather strong bias between the pixel and ground observed
rainrate.

Figure 3.5 Average daily rainfall depth of Saõ Jorge area in Santiago Island, for
August and September 2009 measured by ground stations and estimated by
MSGMPE.

3.3.2 Rainfall intensity as a function of cloud top temperature
The best correlation between rainfall intensity I (mm h−1 ) and cloud
temperature T , with the constraint T10.8µm − T6.2µm < 11 K, was obtained
with a modified exponential equation:
I = α · eβ/T10.8
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Where α = 1.97 × 10−11 and β = 5626.9.
Modified exponential fit between the infrared channel and rainfall
intensity has been employed to describe precipitation for continental
Africa (Maathuis et al., 2006). The correlation produced a standard error
of 8.28, with a correlation coefficient r of 0.75, which is an acceptable
value for tropical regions (Heinemann, 2003). Figure 3.6 presents the
rainfall intensity data and infrared cloud temperatures obtained with
the modified exponential function fitted. The fit is not perfect as the
assumption of rainfall inversely proportional to cloud temperatures
depends on particular conditions such as cloud formation processes,
and a specific cloud temperature can produce quite diverse rain rates.
Moreover, cold cloud temperatures are not the only ones generating
rainfall, and in various cases warm clouds are associated to heavy rainfall,
specially in tropical and semi-arid regions (Cotton, 1982).
Equation 3.1 was applied to infrared temperature to obtain 15 minutes precipitation. The rainfall intensity obtained was converted into
depth and compared to measurements from ground stations in Santiago.
Figure 3.7 presents the comparison between rainfall depth measured by
the disdrometer, by station Saõ Jorge (located 140 m north-west from the
disdrometer), by the average of the stations on the island, and derived
from cloud temperature. The differences between measurements are not
surprising taking into account the high variability of rainfall even within
a short range. The new rainfall estimate from Equation 3.1 is within the
range of the measured depths on ground, with a reasonable agreement
for some days, but with a large overestimation or underestimation of
the amounts of rain for certain days. As explained above, warm clouds
also produce rain, and certain temperatures can generate quite different
ranges of rainfall intensities. Moreover, other factors influence rainfall in
Cape Verde and Santiago Island, specially abrupt changes in topography
within few meters and tropical storms (Chapter 2).
Despite not capturing for some days the amount of rain as recorded
on the ground, the rainfall estimates are closer to the measured values
than the rain rates from MPE, as shown in Figure 3.5. As the rainfall
derived from temperature has a spatial resolution of 1 km and 15 minutes
temporal resolution, it can be used for different type of models: the
time interval is well suited for estimation of daily erosivity EI30 and
annual erosivity R, and as an input for physically-based models such as
openLISEM. In areas with lack of stations or where rainfall is measured
at a coarse time interval such as Cape Verde, these estimates can be
employed in hydrology, agriculture and engineering. The cloud-based
estimate has constraints, such as the availability of data, since Meteosat is
a recent satellite and long term data sets, required for a proper estimation
of the annual erosivity index R, are not available. Rainfall estimates
derived from cloud temperature for Cape Verde can be improved by
incorporating additional ground rainfall stations distributed over the
islands, and with a short recording time interval of at least 15 minutes.
Given the indirect approach to obtain rainfall, the accuracy of these
estimates is questionable, and efforts to improve ground measurements,
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producing new algorithms, and calibrating in offshore areas are required.

Figure 3.6 Rainfall intensity as a function of the temperature (K) in channel
10.8 µm with modified exponential equation fitted.

Figure 3.7 Daily rainfall in Santiago Island (mm) estimated from Equation 3.1
compared to ground data (station Saõ Jorge, disdrometer, and average of
stations over the island)
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3.4 Conclusions
Satellite rainfall estimates from the Tropical Rainfall Measuring Mission
TRMM and Meteosat Second generation were compared to ground data
in Santiago Island, Cape Verde, with the objective of assessing their
usability as inputs for soil erosion models. The main conclusions of this
study are
• Satellite rainfall estimates from TRMM and Meteosat systematically
underestimate the amount of rainfall in Cape Verde.
• As stand alone products, the 3B42, 3B42 and MPE, cannot be recommended as inputs for soil erosion studies in small offshore areas
as Cape Verde. Modified algorithms and calibration for offshore
areas of these products is required.
• An equation to derive rainfall intensity as a function of cloud top
temperature could be obtained from MSG data. Rainfall intensity
measured by an optical disdrometer was correlated with the brightness temperature of the thermal channel 10.8 µm of Meteosat
(Equation 3.1). The equation presents an acceptable correlation
coefficient for tropical regions, and produced rainfall depths within
range of those measured on the ground.
• The rainfall intensity - cloud top temperature estimates have a
spatial and temporal resolution that make them acceptable not
only for erosion studies, but for applications where short duration
rainfall is required, and especially in areas with lack of ground
observation networks or with coarse temporal resolution. Being an
indirect estimation, the overall accuracy remains still rather low
and further measurements and calibration are required.
• More research is needed to find and explain the physical reasons for
the rather poor behavior of satellite rainfall estimation algorithms
in the case of small oceanic islands or archipelagos. Of course, it is
known that an ideal combination of a land-based and ocean algorithm is technically rather unfeasible, and other techniques must
be used, such as combinations of satellite and ground observation
data.
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Rainfall kinetic energy - intensity
and rainfall momentum - intensity
relationships for Cape Verde.

4.1 Introduction
Soil erosion is a long term and almost imperceptible land surface degradation process that can be caused by water or wind, and is aggravated
by human activities. The changes in rainfall patterns reported between
1900 and 2005, with less but stronger events appearing in certain areas
of the world, particularly subsaharan Africa (Bernstein, 2007), increase
the susceptibility of land to rainfall-induced erosion. Erosivity, the ability
of rainfall to detach soil particles, is the factor that relates rainfall, runoff
and soil losses, and is an important parameter for quantifying erosion
processes (Ferro et al., 1991; Mannaerts and Gabriels, 2000b; Salles and
Poesen, 2000). Erosivity can be expressed in terms of momentum M
(particle mass times its velocity) or in terms of kinetic energy KE (half
the particle mass times the square of its velocity). However, Ghadir
and Payne (1988) stated that kinetic energy is not a reliable indicator of
raindrop erosivity. Rose (1960) recognized momentum as a better index
for erosivity because particle wash off during rainfall is slightly more
dependent on it than on kinetic energy, and Salles and Poesen (2000)
found momentum a better variable for describing splash erosion. On the
other hand, Hudson (1971) demonstrated that momentum and kinetic
energy have a similar relationship with rainfall intensity. Brodie and
Rosewell (2007) found that kinetic energy and momentum are practically interchangeable in wash off estimation, and Morgan (2005) stated
that kinetic energy is the most suitable expression for rainfall erosivity.
Moreover, several erosion models such as RUSLE (Renard et al., 1997),
SLEMSA (Elwell, 1978), EUROSEM (Morgan et al., 1998) or LISEM (De Roo
This chapter is based on: Rainfall kinetic energy - intensity and rainfall momentum
- intensity relationships for Cape Verde. J. F. Sanchez-Moreno, C. M. Mannaerts, V. G.
Jetten, M. Löffler-Mang. Journal of Hydrology 454-455, pp 131-140.
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et al., 1996), use kinetic energy as the parameter to describe erosivity. To
directly measure kinetic energy is costly and cumbersome (Fornis et al.,
2005), therefore it is usually related to rainfall intensity I .

4.1.1 Expressions for Kinetic Energy and Momentum of Rainfall
Kinetic energy of rainfall can be expressed in two ways (Kinnell, 1981):
the expenditure kinetic energy of rain, that is time specific (KEtime ,
J m−2 h−1 ), and the rainfall kinetic energy content per unit of rainfall,
that is volume specific, (KEmm , J m−2 mm−1 ).
After the relationship for kinetic energy content and rainfall intensity
using a logarithmic relationship by Wischmeier and Smith (1958), diverse
KE − I equations have been developed, such as linear (Sempere Torres,
1992), polynomial (Carter et al., 1974), exponential (Kinnell, 1981; Rosewell, 1986), or power law (Uijlenhoet and Stricker, 1999). For an overview
we refer to Van Dijk et al. (2002), Salles et al. (2002) or Fornis et al. (2005).
The various types of equations appear due to differences in the methods
of measurement, number of observations, type of sampling, errors and
uncertainty, but also because rainfall has particular formation characteristics that are location dependent (Van Dijk et al., 2002). From this
group of equations, the most used are the logarithmic and exponential
forms:

KEmm = a + b log10 I

(4.1)

KEmm = z(1 − pe−hI )

(4.2)

In Equation 4.1 (Wischmeier and Smith, 1958) a and b are experimental coefficients. Despite its broad use, there is no full physical basis
provided by Wischmeier and Smith (1958) for this equation (Salles et al.,
2002). In Equation 4.2, z is the maximum kinetic energy content, that
along with p, determines the minimum kinetic energy content at low
rainfall intensities, and h determines the shape of the curve (Kinnell,
1981; Van Dijk et al., 2002).
The most commonly used KEtime relationships are power and linear
such as:

KEtime = x + yI

(4.3)

KEtime = wI q

(4.4)

Where x, y, w and q are empirical coefficients.
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According to Salles et al. (2002), KEtime provides a better correlation
between KE and I, but for historical reasons related to the measurements
of raindrops sizes in short time periods without real time accuracy,
the introduction of the KEmm − I relationship (Wischmeier and Smith,
1958), and its use for the formulation of the Universal Soil Loss Equation
(Wischmeier and Smith, 1978), KEmm became the most popular way of
expressing KE − I relationships.
KEtime and KEmm can be related by:

KEtime = c I KEmm

(4.5)

Where I is the rainfall intensity and c is a constant to adjust for unit
differences.
While kinetic energy of rainfall is expressed in terms of volume or
time, momentum of rainfall for splash erosion prediction is usually
expressed in terms of area MA (kg m s −1 m−2 ), time Mt (kg m s −1 s −1 ),
or as a momentum flux MtA , which is the rate of momentum per unit area
and time (kg m s −1 m−2 s −1 or N m−2 ). Park et al. (1980) used a powerlaw relationship to relate momentum per time with rainfall intensity
(Equation 4.6).
Mt = d I f

(4.6)

Brodie and Rosewell (2007) also related momentum per time unit
and rainfall intensity for a theoretical rainfall distribution by a powerlaw equation. Styczen and Høgh-Schmidt (1988) used the squared of
momentum as a rainfall parameter for splash erosion, and Nanko et al.
(2008) related momentum per area and rainfall intensity with a linear
relationship (Equation 4.7).

MA = g · I

(4.7)

Where d, f and g are empirical coefficients.

4.1.2 Erosivity, KE − I and M − I studies in Africa
Various studies on rainfall erosivity have been done in Africa, most
of them in terms of the erosivity index R developed by Wischmeier
and Smith (1958) for the USLE and RUSLE equations, and obtained by
summing up storm energy E times the maximum 30-minutes intensity I30 over several years. To obtain the storm energy E the majority of these studies apply KE − I relationships developed for other
regions of the world. The use of different equations combined to
the spatial variation of rainfall and its dependence to regional conditions, produce dissimilar estimates of R, with values ranging from
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1 × 103 MJ mm ha−1 h−1 yr −1 (e.g. Nigeria, (Ulsaker and Onstad, 1984))
and above 13 to 15 × 103 MJ mm ha−1 h−1 yr −1 (e.g. Cameroon, (Fournier, 1994); Nigeria, (Vrieling et al., 2010)). A review on R erosivity
estimates in Africa can be found in Vrieling et al. (2010).
Despite the diverse erosivity estimations carried out in Africa, to our
knowledge, few African countries have studies on raindrop size distribution and rainfall kinetic energy or momentum: Zimbabwe (Hudson,
1965; Kinnell, 1981), Nigeria (Lal, 1998), Senegal (Nzeukou et al., 2004),
and Ethiopia (Nyssen et al., 2005). The only research on erosivity for
Cape Verde has been done by Mannaerts and Gabriels (2000a) using a
probabilistic approach, and by Mannaerts and Gabriels (2000b) applying
the equation from Wischmeier and Smith (1978) and the equation from
Brown and Foster (1987), however a KE-I relationship does not exist for
Cape Verde.
The objectives of this research are i) to develop a KE − I and a M − I
relationships for Cape Verde, using data obtained with a disdrometer, ii)
to determine the most suitable expression of kinetic energy, KEtime or
KEmm , and iii) to assess which parameter, momentum or kinetic energy,
is a better predictor for erosivity in Cape Verde.

4.2 Methods and Materials
4.3 Study Area
This study was carried out in Santigo Island, the biggest island of Cape
Verde (Figure 4.1), with an area of 991 km2 . The annual average of
rainfall ranges between 300 mm and 500 mm, with September as the
wettest month with an average between 100 mm and 200 mm (Chapter 2).
Agriculture is the main source of income for Cape Verdians, with only
10% to 16% of the land classified as suitable for agriculture but with
more than 60% of the arable land dedicated to crops (Beintema et al.,
1994; FAO, 2003). In a good rainy season agriculture can cover between
30 to 35% of the food requirements of the country, however that value
drops to 10% or less in case of a drought (Beintema et al., 1994). Rainfall
variability and poor agricultural practices in Cape Verde are producing
soil erosion and leading to desertification.
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Figure 4.1 Ribeira Seca catchment with the disdrometer location in Santiago
Island, Cape Verde.

4.4 Methodology
An OTT Parsivel disdrometer (Löffler-Mang and Jürg, 2000) was installed
in Ribeira Seca catchment, Santiago Island, (15◦ 03’ 9, 1” N, 23◦ 36’ 17, 7”
W), at an elevation of 321 m.a.s.l., the 1 of September 2008 and collected
data until the 16 of September 2010 using a 3-minute interval. The
Parsivel is an optical sensor that emits a laser beam 30 mm wide, 180
mm long and 1 mm high; when a particle falls through the laser beam the
signal is interrupted decreasing the detection area for a fraction of time.
From the reduction in area and the duration of the signal interruption the
diameter and velocity of the particles are detected. The disdrometer does
not recognize different particle sizes within a size interval, therefore all
particles detected within an interval are assigned the mean size for that
interval (Yuter et al., 2006). The OTT Parsivel disdrometer was selected
due to its portability, data accessibility, accuracy, and low operation
costs as compared to similar devices. In the context of hydrological
studies, a disdrometer allows measuring directly data related to the
raindrop distribution that with traditional rain gauge has to be inferred
or measured at longer time intervals. Rainfall was also measured with an
automatic rain gauge at station San Jorge, located 140 m north west of
the disdrometer and recording daily data. The station is administrated
by the National Institute for Meteorology and Geophysics of Cape Verde.
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The factory settings and software protocol of the Parsivel installed in
Cape Verde allowed the recording of radar reflectivity (Z in dB), visibility
(Vis in m), rainfall intensity and number of particles per time interval,
and not the direct measurement of velocity and kinetic energy. The
kinetic energy flux and momentum flux, were obtained by integrating
the moments of the drop size distribution.

4.4.1 Kinetic Energy Flux and Momentum by integrals of the
moments of the drop size distribution
Rainfall parameters can be expressed as integrals of the drop size distribution by applying the method of moments (e.g. Waldvogel (1974);
Testud et al. (2000); Tokay et al. (2001); Fox (2004); Chapon et al. (2008);
Uijlenhoet and Stricker (1999)). Rainfall intensity (mm h−1 ) can be
calculated by:
Z∞

I = 3.6 × 10−3

N(D) D 3 v(D) dD,

(4.8)

0

radar reflectivity (mm−6 m−3 ) by:
Z∞
Z=

N(D) D 6 dD,

(4.9)

0

the kinetic energy flux (J m−2 h−1 ) by:

KEtime

3ρπ
=
10

Z∞

N(D) D 3 v(D)3 dD,

(4.10)

0

and the momentum flux (kg m s −1 m−2 s −1 ) by:

MtA

ρπ
=
6

Z∞

N(D) D 3 v(D)2 dD

(4.11)

0

Where N(D) is the number density of rainfall drop size distribution
DSD, D the particle diameter (mm), v(D) the raindrop velocity, and ρ
is the water density (1000 kg m−3 ). Assuming an exponential form for
the drop size distribution, N(D) can be written as (Marshall and Palmer,
1948):
N(D) = N0 e−λ
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(4.12)

4.4. Methodology
Where N0 is the total drop concentration, (mm−1 m−3 ), λ is the slope
of the distribution (mm−1 ), and D is expressed in mm.
To use directly Equations 4.10 and 4.11 it is necessary to know the
raindrop diameter D, that is unknown and was not measured directly
by the disdrometer. To facilitate the integral solution, the raindrop
velocity (m s −1 ) calculated in terms of the raindrop diameter (mm) by
the equation of Atlas et al. (1973) with experimental data from Gunn and
Kinzer (1949), can be re-written as (Atlas and Ulbrich, 1977):
v(D) = 3.78 D 0.67 .

(4.13)

Replacing Equations 4.12 and 4.13 in Equations 4.8 and 4.9, and
solving the integrals, result in:

I = 3.78 × 3.6 × 10−3

Z = N0

π
Γ (4.67)
N0 4.67 ,
6
λ

6!
,
λ7

(4.15)

KEtime = 53.9 ×

MtA = 14.3 ×

(4.14)

5!
3π
N0 6 ,
4
10
λ

Γ (5.33)
π
N0 5.33
6 × 103
λ

(4.16)

(4.17)

From Equations 4.14 and 4.15 the parameters λ and N0 for the raindrop distribution can be calculated, and then replaced in Equation 4.16
to obtain KEtime and in Equation 4.17 to obtain MtA for every 3 minutes interval. The kinetic energy content KEmm can be calculated from
Equation 4.5, with a c value of 1, as the units are consistent.

4.4.2 KE-I and M-I relationships
In Cape Verde, daily rainfall is usually distributed in several short but
highly intense events that produce soil erosion. For the same day, rainfall
events were considered independent if they had a gap of at least 30 minutes. Only 3-minute observations with an intensity above 0.1 mm h−1
were included. Extremely high intensities and large particle size diameters can be the result of two raindrops passing through the sensor at the
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same time and causing overshoot of peak intensities (Lanzinger et al.,
2006; Petan et al., 2010), therefore short 3-minute sensor signals with
extreme high values and without rainfall reported for the precedent or
subsequent intervals were filtered out as well. After excluding the data
of two events (one for season 2008 and one for season 2009) that are
used to validate the KE − I and M − I relationships, 5129 records were
retrieved and used for the analysis.
To obtain KE − I relationships and M − I, the original data was
fitted with either a linear regression by ordinary least squares or with
a non-linear regression by non-linear squares (Bates, 1988), using the
nls method developed by Douglas M. Bates and Saikat DebRoy within
the statistical language R (Ihaka and Gentleman, 1996). The graphs were
elaborated using the non-linear regression method of the software XLstat
(Addinsof, 2009). In R and XLstat, the curves are fitted to the data by
successive approximations to a known equation. The method provides
equation coefficients that produce the lowest root mean squared error
and the highest R 2 , but that can also be manually fitted.
The KEtime − I relationship was obtained fitting the calculated kinetic
energy flux data to a linear equation (Equation 4.3) and a power-law
equation (Equation 4.4), the momentum flux equation MtA was obtained
fitting the data to a power-law equation, and the KEmm − I was obtained
fitting the calculated data to a logarithmic equation (Equation 4.1), to an
exponential equation (Equation 4.2), and to a power-law equation.

4.5 Results and Discussion
Figure 4.2 presents the daily rainfall (mm) measured by the Parsivel
compared to the automatic rain gauge data from station San Jorge. For
the same time period of the disdrometer, station San Jorge reported 61
days with rainfall, with 45 days with depths equal or above 5 mm. The
disdrometer reported 171 days with rain, however daily amounts of 5
mm or higher were recorded only for 45 days. The rain gauge reported
33 days with higher rainfall depths compared to the disdrometer. After
discarding low intensities and outliers, in total 321 events reported by
the disdrometer and distributed over 105 days were considered for the
analysis. Table 4.1 presents the statistical information for the rainfall
depth recorded by the disdrometer compared to daily data recorded by
the rain gauge for the same days. The disdrometer showed a slightly
higher total amount of rain for the whole period measured, registering
rainfall for days that according to the rain gauge were dry. The rain
gauge recorded higher daily rainfall depths that were up to 98% above
the disdrometer values, and with these differences usually occuring for
small depths reported by the disdrometer. The differences in rainfall
depths reported are caused by two main reasons:
i) The disdrometer has the ability to detect small intensities, but particles other than raindrops being detected by the instrument may
cause false small intensities. Krajewski et al. (2006) and Petan et al.
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(2010) reported a good agreement between Parsivel, rain gauges
and other disdrometers, with Parsivel slightly overestimating the
rainfall depth but detecting more particles.
ii) Rain gauges in Santiago Island are mostly semi-automatic, with the
rainfall depths recorded manually and by visual inspection the day
after the event occurs, which implies that very low intensities may
not be recorded, and that errors are introduced in the lecture of
rainfall values.

Figure 4.2 Daily rainfall (mm) measured by the Parsivel and by the rain gauge
for the rainy seasons between September 2008 and September 2010.

Table 4.1 Statistical information for rainfall depth (mm) recorded by the Parsivel disdrometer and San Jorge rain gauge station.

Minimum (>0)
Maximum
Average
Total
Standard Deviation

Parsivel
0.1
105.4
8.05
1459.7
17.8

San Jorge station
0.6
107.4
6.09
1261.9
16.1

4.5.1 Kinetic Energy Expenditure
The maximum kinetic energy expenditure retrieved was 8161 J m−2 h−1 .
The best fits for the KE − I relationship (in J m−2 h−1 ) were obtained
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with the equations:

KEtime = 30.4 I

R 2 = 0.91

(4.18)

KEtime = 5.94 I 1.37

R 2 = 0.96

(4.19)

Figure 4.3 presents the relationships between kinetic energy expenditure and rainfall intensity obtained from Equations 4.18 fitted to the
data (a) and with the power-law Equation 4.19 fitted (b). The correlation
coefficient R 2 was high in both cases: 0.91 and 0.96 respectively. Equation 4.18 tends to underestimate the kinetic energy expenditure for high
intensities, while Equation 4.19 tends to average the kinetic energy data
for high intensities. The KEtime − I trend is consistent with the results
reported by other researchers (e.g. Fornis et al. (2005); Salles and Poesen
(2000)).

Figure 4.3 KEtime − I data for September 2008 to September 2010 with linear
Equation 4.18 fitted (a) and with power-law Equation 4.19 fitted (b)

Equations 4.18 and 4.19 were validated in two events, one in August
4 of 2008 (Event 04082010) and one in September 18 of 2009 (Event
18092009). The hyetographs of the events are presented in Figure 4.4,
and their characteristics are summarized in Table 4.2. These events were
selected because of their differences in duration and their relatively high
intensities, prone to produce erosion. The event 04082010 presented
lower intensities and a shorter duration with several small peaks compared to the event 18092009, that started suddenly and has two distinct
peaks. These two events serve as examples of the behaviour of rainfall
in Cape Verde, with short duration but high intensities. The summary of
the statistical results for both events are presented in Table 4.3.
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Figure 4.4 Hyetographs of rainfall events used for validation: (a) October 4
2008, (b) September 18 2009.

Table 4.2 Characteristics of the two rainfall events used to test the KE − I and
M − I relationships.

Event
04102008
18092009

Duration
(min)
78
93

Depth
(mm)
46.2
88.8

Max 5 min I
(mm h−1 )
86.0
156.9

Max 15 min I
(mm h−1 )
72.9
132.1

Max 30 min I
(mm h−1 )
45.9
86.0

Figure 4.5 shows the kinetic energy expenditure with the linear and
power-law equations fitted for both events. The linear equation overestimated the kinetic energy expenditure of event 04082010, whereas
the power-law equation fitted the data well until intensities around
80 mm h−1 . The linear equation fitted well high intensities of event
18092009, while the power-law equation fitted well most of the data
(Figure 4.5). The coefficients of determination R 2 , standard error SE,
root mean squared error RMSE, and normalized RMSE (NRMSE) resulting
from fitting the KEtime equations are presented in Table 4.3. The NRMSE
allows the comparison of relative errors between the KEtime and KEmm
equations. Despite high SE and RMSE for KEtime , caused by the order of
magnitude of the data, with extreme high values, the NRMSE was lower
than for KEmm .
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Figure 4.5 KEtime − I Equations 4.18 and Equation 4.19 fitted to the event of
August 4 2008 (a) and to the event of September 18 2009 (b).

4.5.2 Kinetic Energy Content
High kinetic energy content values above 70 J m−2 mm−1 were found
for intensities lower than 10 mm h−1 . These extreme values correspond
to the beginning of the event and to intervals where the rainfall may
be not following an exponential distribution. Rainfall events start with
big raindrops with higher velocity being followed by intermediate size
particles, in a phenomenon called sorting (Blanchard, 1953; Van Dijk
et al., 2002), resulting in high kinetic energy even with relatively low
rainfall intensities. The maximum kinetic energy content found in Cape
Verde for a high intensity (147.9 mm h−1 ) was 49.3 J m−2 mm−1 .
Diverse equation types were fitted to the KEmm − I data, the best
correlation coefficients were obtained with equations of the form of
Equation 4.1 and Equation 4.2, however the best fit was obtained with a
power-law equation (Equation 4.22):
KEmm = 35(1 − 0.79e−0.03I )

R 2 = 0.34

(4.20)

KEmm = 10.09 + 12 Log10 (I)

R 2 = 0.33

(4.21)

KEmm = 8.40 I 0.30

R 2 = 0.36

(4.22)

In order to improve the correlation coefficients, intensities below
9 mm h−1 were removed, as Mannaerts (1992) found that this is the
minimum intensity causing erosion in Cape Verde, however there was
no improvement in the coefficients of determination R 2 and rather they
were reduced. Removal of intensities below 20 mm h−1 , were data show
a high dispersion, also resulted in a lower R 2 . The equation coefficients
were also manually fitted to approach the maximum kinetic energy,
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resulting in lower R 2 than with the automatic approximation and the
total data. Low intensities determine the initial shape of the curves and
an important amount of data in the low range of intensities have lower
residuals to the fitted curve compared to middle and high intensities.

Figure 4.6 KEmm − I data for September 2008 to September 2010 fitted to the
exponential Equation 4.20 (a), to the logarithmic Equation 4.21 (b) and to the
power-law Equation 4.22 (c).

Figure 4.6 presents the kinetic energy content versus rainfall intensity
data with an exponential, logarithmic, and power-law regressions fit. The
kinetic energy content presents a high dispersion of values compared to
KEtime . The three equations perform similarly, with the best fit obtained
with the power law equation, that follows better the trend created by the
kinetic energy content at high intensities. The main difference between
the exponential and logarithmic equations, besides the subtle increment
of slope from the latter, is the behavior at low intensities, where the
exponential causes a higher underestimation of kinetic energy content
compared to the actual data. The exponential equation implies a limit
in the kinetc energy, whereas with the logarithmic equation the limit
is reached at extremely high intensities, and for the power-law there is
not apparent limit. The kinetic energy content equations do not show
a clear structure for intensities below 20 mm h−1 , with the power-law
equation (Equation 4.22) showing the best fit with the data. Overall, the
three equations do not show a clear trend for kinetic energy content
at low intensities. According to Van Dijk et al. (2002) high intensities
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are the ones of interest for erosion studies and therefore the kinetic
energy equations should be valid for intense events. On the other hand,
low intensity rainfalls can have long durations and include relatively
big raindrops at the beginning of the event that cause erosion. At low
intensities the kinetic energy content values are highly scattered and the
shape of the KEmm − I relationship is controlled by few high intensity
values generating uncertainty in the predictions (Salles et al., 2002). In
this sense, KEtime −I relationships are preferable for erosivity estimation
and the current erosion models should be adapted accordingly. For these
reasons, particular care should be taken in the use of a KEmm − I equation for estimating erosion caused by low intensity rainfalls, moreover
when such equation has been developed for a different area. Several
authors prefer for KEmm − I relationships the exponential form over
logarithmic or power-law equations, because of an apparent upper limit
found in kinetic energy (e.g. Kinnell (1981); Carter et al. (1974); Rosewell
(1986); Brown and Foster (1987)); however, for the type of rain in Cape
Verde, usually occurring as a sequence of extreme short events with
high intensities, the power-law equation seems to represent better the
particular rainfall conditions of the region. Moreover, logarithmic and
exponential equations need a minimum intensities threshold to produce
realistic values of kinetic energy, and imply an initial kinetic energy even
without rain, which is not physically realistic.

Figure 4.7 KEmm − I relationships from Equations 4.20, 4.21 and 4.22 fitted
to the event of August 4 2008 (a) and to the event of September 18 2009 (b).

Equations 4.20, 4.21 and 4.22 were validated on the two events shown
in Table 4.2 (Figure 4.7). The coefficients of determination and statistical
results for the different KE − I equations applied to the two events are
presented in Table 4.3. The three equations overestimated the kinetic
energy content for both events, with the power-law equation being closer
to the data of event 04102008. The power-law equation followed well
the trend of kinetic energy for the event 18092010 but overestimated
it at rainfall intensities higher than 100 mm h−1 . The three equations
produced similar coefficients of determination for both events, with the
power-law equation fitting better for the event 04102008 and the expo70
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nential equation for the event 18092010 (Table 4.3), mainly due to the
presence of two outliers. Despite the good correlations, the power-law
equation also produced the higher standard error for both events. In the
decision of what type of equation to choose for KEmm − I, both very low
intensities and very high intensities determined the shape of the best
fit. High intensity events are the ones generating more splash and soil
detachment, and if disregarded by using an equation that underestimates
kinetic energy at high rainfall intensities, the rainfall impact by splash
detachment and hence sediment mobilization by rain will be underestimated as well. On the other hand, several events with low intensity
can have a cumulative effect on detachment. The event of September
18 2009 (Figure 4.7b) presents two 3-minute measurements with high
kinetic energy content and appearing as outliers for the fitted equations.
These two bins correspond to the two initial 3-minute measurements
for the event (2:09 pm and 2:12 pm), where big drop diameters with
higher velocities fell first and where the assumption of an exponential
size distribution (forming the basis of the calculations in this study) is
obviously wrong.
Table 4.3 Standard error (SE), Root mean squared error (RMSE), normalized
root mean squared error (NRMSE) and coefficients of determination (R 2 ) for
KE − I and M − I equations applied to the two events.

Event
04102008

18092009

Statistic
R2
SE
RMSE
NRMSE
R2
SE
RMSE
NRMSE

KEtime − I
Lin
Pow
0.99
0.99
86.5
95.3
368.6 194.9
0.12
0.07
0.97
0.97
304.2 343.2
319.3 417.3
0.06
0.06

Exp
0.91
2.2
6.2
0.24
0.88
3.8
4.5
0.16

KEmm − I
Log
Pow
0.90 0.92
2.3
4.2
7.3
5.3
0.23 0.19
0.85 0.86
4.2
4.0
5.9
5.0
0.16 0.14

M −I
Pow
0.99
3.7
11.9
0.06
0.99
11.5
19.4
0.24

Rainfall in Cape Verde has its origins in the tropical monsoon and is
controlled by the Inter Tropical Convergence Zone ITCZ (Babau, 1983;
Mannaerts and Gabriels, 2000b), which is a belt area in the equator where
south and north winds come together, generating shower clouds that
tend to cause thunderstorms (Barry and Chorley, 1992), resulting in
events with relatively high kinetic energy and therefore high erosivity.
The effects of wind and turbulence are ignored in this study, however the
interaction of air masses with the rough topography in Santiago Island
may result in wind currents affecting the raindrops velocity, resulting
in a high kinetic energy for small particles and even higher for bigger
rainfall particles. This phenomenon could explain the increase in kinetic
energy content without an apparent limit. Furthermore, different drop
sizes can produce the same rainfall intensity but different kinetic energy
71

4. Rainfall Kinetic Energy, Momentum and Intensity relationships
values. These variations are more evident for low intensities where a
higher range of kinetic energies and hence of raindrops can be found.
Rainfall seasonality in Cape Verde is relatively stable, starting at the
end of July and finishing at the beginning of November, yet the number
of events per season, their duration and depths are highly variable. These
variations in rainfall patterns influence as well the kinetic energy content
recorded from one season to the next one. Despite seasonality, or wind,
the main factor influencing the kinetic energy content is the use of rainfall
intensity on the formulation of KEmm expressions. Relating KEmm to
I is the equivalent to relate KEtime /I with I, creating a spurious selfcorrelation, where two parameters with a term in common are employed
in a regression analysis (Kenney, 1982; Salles et al., 2002), whereas
KEtime does not depend on I for its calculation. The implications of a
spurious self-correlation on the formulation of KEmm are well described
by Salles et al. (2002), and basically suggest an incorrect use of statistics,
which does not mean that KEmm − I relationships are wrong but that
a different type of relationship should be used. Simply looking at the
graphs of KEtime and KEmm − I (Figures 4.3 and 4.6), the high dispersion
of KEmm values compared to KEtime evidence that the latter gives a
better description of kinetic energy, and therefore should be the type of
relationship used for erosion studies. The statistical results in Table 4.2
confirm the better performance of KEtime − I relationships, with a lower
NRMSE and a better coefficient of determination than KEmm −I equations.
In this study we have included both formulations of KE − I as several
erosion models still use kinetic energy content as the parameter to
describe erosivity.

4.5.3 Momentum
Equation 4.23 presents the best fit between momentum flux MtA and
rainfall intensity, with an almost perfect correlation coefficient R 2 = 0.98.
The maximum value of momentum flux obtained was 467 N m2 . The
MtA − I relationship for Cape Verde behaves quite well for all the intensities and has less dispersion than the KEtime correlation (Figure 4.8). The
best equation to correlate momentum and intensity is:

MtA = 0.93 I 1.18

R 2 = 0.98

(4.23)

Equation 4.23 was tested in the two events from Table 4.2. Equation 4.23 fits well the data up to 70 mm h−1 in the case of the event
04102008, and around 130 mm h−1 for the event 18092009; afterwards
momentum is overestimated. The correlation coefficient R 2 between the
M − I data and Equation 4.23 was 0.93 for the event of 2008, and 0.67
for the event of 2009 (Table 4.3). Momentum flux presented a slightly
better correlation to intensity than kinetic energy expenditure, however
MtA and KEtime resulted in similar fits for the two events.
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Figure 4.8 Momentum-Intensity observations for September 2008 to September 2010 fitted with power-law Equation 4.23.

Momentum flux MtA and kinetic energy content KEmm were correlated, resulting in a low R 2 of 0.29. Kinetic energy expenditure KEtime
and momentum flux were also correlated to verify if both indices are
interchangeable. The correlation between KEtime and MtA resulted in an
R 2 of 0.99 as both parameters have an almost perfect correlation with
rainfall intensity. The results suggest that momentum flux and kinetic energy expenditure can be considered interchangeable for erosivity
estimation.

Figure 4.9 M −I relationship from Equation 4.23 fitted to the event of 4 August
2008 (a) and to the event of 18 September 2008 (b).

4.6 Conclusions
A Parsivel (OTT) disdrometer installed in Santiago Island, Cape Verde,
was used to measure raindrop distribution and rainfall intensity during
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3 rainy seasons between September 2008 and September 2010. The
disdrometer recorded a higher number of days with rainfall compared
to a standard manually operated rain gauge located nearby. From the
disdrometer data, kinetic energy and momentum of rainfall were calculated using the method of integration of the moments of the drop
size distribution with the assumption of an exponential size distribution.
Diverse equations found in the literature were fitted to kinetic energy expenditure, kinetic energy content, and momentum flux related to rainfall
intensity data. The main conclusions from this research are:
• The best fits between rainfall kinetic energy content KEmm and
expenditure KEtime , and rainfall intensity were obtained with power
law equations. KEtime with a power-law equation produced a higher
coefficient of determination (R 2 = 0.96) and less dispersion than
KEmm . The equations were validated in two events performing
relatively well for high intensity rainfalls, which are the intensities
prone to produce erosion.
• Rainfall momentum and intensity were also best correlated with a
power-law equation, with a slightly higher coefficient of determination (R 2 = 0.98) than that obtained for kinetic energy expenditure.
For the type of rain in Cape Verde rainfall kinetic energy and momentum are interchangeable indices for erosion estimation.
• The KE − I and M − I relationships presented in this research are a
first approach to improve erosivity and erosion studies in tropical
semi-arid areas, and were obtained from rainfall in Cape Verde, in
a single experimental location. Measurements in other locations of
the island are necessary to verify and improve these relationships.
Given the differences in topography and climate in other islands
of Cape Verde, the raindrop and intensities distribution may be
different, therefore additional research is required to verify the
performance of the equations proposed in other locations of the
country or to develop new ones.
• Kinetic energy content equations present a high scatter on kinetic
energy as a result of occurrence of large drops at the beginning of
the storm, wind effects, as well as on the dispersion produced on
the data by self-spurious correlations. For these reasons, kinetic
energy expenditure is preferred and erosion models should be
careful in the use of KEmm equations or should be adapted to use
KEtime relationships.
• We recommend the use of a power law equation relating KEtime
and rainfall intensity (Equation 4.19) for erosion studies in Cape
Verde and for semi-arid areas with rough topography where a KE −I
relationship is not available.
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5

Rainfall erosivity mapping for
Santiago Island

5.1 Introduction
Rainfall erosion causes loss of fertile soil, damage to agriculture, infrastructure, and water pollution. Changes in rainfall patterns are aggravating the risk of erosion around the world (Bernstein, 2007). The effect
of rainfall erosion is more evident in countries such as Cape Verde, off
the West coast of Africa, where rainfall is highly variable and with strong
erosive events (Mannaerts and Gabriels, 2000a,b; Sanchez-Moreno et al.,
2012a). The main parameter to relate soil losses to rainfall erosion is
erosivity, which is the ability of rainfall to detach soil particles. Mapping erosivity is of importance to detect areas susceptible to erosion for
management and conservation purposes.
The most commonly used index for rainfall erosivity is the EI30
developed by Wischmeier and Smith (1958) for the USLE and RUSLE
equations. Data measured by Wischmeier and Smith shows that when
other factors different to rainfall are constant, soil losses in cultivated
fields are proportional to the storm energy E times the maximum 30minutes intensity I30 . EI30 values summed up and divided by the total
number of years of erosivity estimation result in the parameter R used
in USLE and RUSLE. Wischmeier and Smith EI30 index relies on high
temporal resolution rainfall data, observed during a long period of time,
information that is not always available. When rainfall data is limited,
R values can be calculated for the stations with recording rain gauges,
then correlated to readily available precipitation, and extrapolated using
the associated precipitation (Renard and Freimund, 1994).
To cope with lack of data, other indexes, sometimes better correlated
to measured erosivity than R, and using daily, monthly and annual
rainfall have been created, such as the KE > 25 (Hudson, 1971), the AIm
(Lal, 1976), the Fournier index (Fournier, 1960), the modified Fournier
This chapter is based on: Rainfall erosivity mapping for Santiago Island, Cape Verde.
J. F. Sanchez-Moreno, C. M. Mannaerts, V. G. Jetten. Under Review. Geoderma.
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index (Arnoldus, 1977) and the physically-based A index (Sukhanovski
et al., 2002). Different indexes have been developed because erosivity
depends on geographic conditions, scale, type of measurement, among
others, and there is no single parameter better than other for erosivity
estimation (Renard and Freimund, 1994; Stocking, 1987).
The Fournier index (Fournier, 1960), developed for the West coast of
Africa, has been widely used when only monthly data is available, and is
defined as:

FI =

2
pmax
P

(5.1)

where pmax is the maximum monthly rainfall (mm) and P is the total
annual precipitation (mm). Arnoldus (1977) correlated the Fournier index
with R in Morocco, founding poor correlations, but higher when using
the monthly average instead of the maximum monthly rainfall, in what
has been called the Modified Fournier Index:
P12
MF Ij =

i=1

2
pi,j

Pj

(5.2)

In Equation 5.2, p is the average precipitation in month i (mm) in year
j, and P is total annual precipitation (mm) in year j. Equation 5.2 can be
used for long-term annual, annual or monthly erosivity replacing p and
P for the appropriate rainfall values. Erosivity for a period of N years
can be calculated by (Ferro et al., 1999):

MF IMA =

N X
12 p 2
X
i,j
j i=1

Pj

(5.3)

where MF IMA is basically the average of the Modified Fournier Index
MF Ij over a period of N years. According to Gabriels et al. (2003) and
Apaydin et al. (2006), Equation 5.3 captures inter annual variability and
prevents underestimation of erosivity compared to using averages of ith
rainfall amounts averaged again over a number of years.
Renard and Freimund (1994) suggest the use of the modified Fournier
index for areas where long term data is not available. The Fournier index
has been used to map erosivity, either as a single factor or correlated
with R, in several countries (e.g. Portugal (Coutinho and Tomás, 1994),
Germany (Sauerborn et al., 1999), Ghana (Oduro-Afriyie, 1996), Brazil (Da
Silva, 2004), Argentina (Busnelli et al., 2006), Malaysia (Shamshad et al.,
2008), Spain (Angulo-Martínez and Beguería, 2009), Mauritius Islands
(Nigel and Rughooputh, 2010), North Jordan (Eltaif et al., 2010)).
For Cape Verde, erosivity has been estimated by Mannaerts and Gabriels (2000b) using Wischmeier and Smith (1958) and Brown and Foster
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(1987) rainfall kinetic energy - intensity relationships KE − I, with precipitation data from 1980 to 1987 measured at a 15 minutes interval.
From these data, Mannaerts and Gabriels developed a relationship to
determine erosivity (KJm−2 mm h−1 ) from daily rainfall P24 (mm):
1.58
EI30 = 0.0723 P24

(5.4)

Rainfall kinetic energy relationships can be expressed in terms of
time, or kinetic energy expenditure (KEtime ) and in terms of volume, or
kinetic energy content (KEmm ) (Kinnell, 1981), where KEmm , is equivalent
to divide KEtime (also known as the kinetic energy flux) by the rainfall
intensity (see Chapter 4). The first KE − I relationship was introduced
by Wischmeier and Smith (1958) using a logarithmic equation, and in
terms of volume (KEmm ), due to the lack of a proper system at that time,
to measure rainfall at small time intervals. The inclusion of the KE − I
relationship in the Universal Soil Loss Equation USLE (Wischmeier and
Smith, 1978), made the use of KEmm the most popular way of expressing
kinetic energy - intensity relationships (Salles et al., 2002). Despite their
wide use, KEmm − I relationships result from a inappropriate use of
statistics, as their are equivalent to relate KEtime /I with I, in what is
known as a spurious self-correlation, where two parameters with a term
in common are employed in a regression analysis (Kenney, 1982; Salles
et al., 2002). One of the consequences of using KEmm − I relationships
is a high dispersion of values compared to KEtime relationships, that
follow a power-law relationship (e.g. Salles et al. (2002); Fornis et al.
(2005); Sanchez-Moreno et al. (2012b)). Moreover, rainfall kinetic energy
is regionally dependent (Van Dijk et al., 2002), and several authors have
found that the rainfall kinetic energy-intensity relationships KE − I of
Wischmeier and Smith and Brown and Foster, developed for temperate
areas, produce unreliable erosivity estimates when used for tropical
climates (Hudson, 1971; Kinnell, 1973; Lal, 1976).
In this research, the rainfall kinetic energy - intensity relationship
KE − I developed for Cape Verde by Sanchez-Moreno et al. (2012b) in
terms of kinetic energy expenditure KEtime (Chapter 4), is used to modify
the equation from Mannaerts and Gabriels (2000b). The new EI30 − P24
equation is employed to map daily erosivity using areal precipitation by
Sanchez-Moreno et al. (2012a) with data obtained from the National Meteorological Institute of Cape Verde (INMG). Monthly and annual erosivity
are calculated and mapped using known indexes and the rainfall data
available for Santiago Island in Cape Verde.
The objectives of this paper are: i) to update the daily erosivity
equation from Mannaerts and Gabriels (2000b) using a rainfall kinetic
energy expenditure - intensity relationship developed for Cape Verde,
and including a new rainfall dataset, ii) to obtain annual erosivity Rfactor as a function of readily available data in Santiago Island, and iii)
to analyze the spatial distribution of erosivity for Santiago Island at
different time scales.
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Figure 5.1 Cape Verde and Santiago Island, with the locations of the rainfall
stations used in the study, including the location of the disdrometer and of the
station Achada das Vacas.

5.1.1 Study Area
This study is carried out for Santiago Island in Cape Verde. Santiago has
a volcanic origin, which generated a rugged relief with a highest elevation
of 1394 meters. Being located in the dry tropical zone, the climate of the
country is arid to semiarid. Air temperatures in Santiago Island range
from 24◦ C in winter to 29◦ C during summer. Precipitation in Santiago
Island is highly influenced by relief and elevation, and varies from less
than 100 mm annually at sea level to over 500 mm per year in the higher
mountain ranges (Chapter 2).

5.2 Methods and Materials
Two data sets were employed: rainfall data measured at station Achada
das Vacas by Mannaerts and Gabriels (2000b) between August 1981 and
October 1987 with a temporal resolution of 15 minutes (P8187), and rainfall data measured between between September 1 of 2008 and September
16 of 2010 with a temporal resolution of 3 minutes (P0810). The latter
was obtained from an OTT Parsivel disdrometer (Löffler-Mang and Jürg,
2000). The disdrometer reported 45 days with rainfall exceeding 5 mm
for the measuring period (Sanchez-Moreno et al., 2012b).
For Santiago Island, long term monthly rainfall data for a period of 30
years (1981 - 2010) was provided by the National Institute of Meteorology
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and Geophysics of Cape Verde (INMG), however the records were not
continuous for all the stations. Figure 5.1 shows the stations with data
available and used in the study along with the location of the station
Achada das Vacas and the disdrometer; Table 5.1 presents the stations
and the number of years with data.
Erosivity was calculated from precipitation using either a regression
with daily rainfall or by the modified Fournier index MF I. The procedure
to calculate erosivity was:
1. EI30 (KJm−2 mm h−1 ) was calculated for the P8187 data, for the
P0810 data, and for both datasets combined P8110, using the KE −I
relationship (J m−2 h−1 ) obtained for Cape Verde (Equation 4.19,
Section 4.5.1):

KEtime = 5.94 I 1.37

(4.19)

2. EI30 was correlated to daily precipitation P24 (mm) of P8187, P0810,
and for the combined dataset P8110. Data were fitted with a nonlinear regression by non-linear squares (Bates, 1988), using the nls
method developed by Douglas M. Bates and Saikat DebRoy within
the statistical language R (Ihaka and Gentleman, 1996).
3. The erosivity index R-factor (KJm−2 mm h−1 ), defined as the sum
of EI30 for a particular year RA , was calculated for P8187 and for
P0810.
4. Yearly RA index values were correlated to annual precipitation P
using non-linear squares.
5. The modified Fournier Index for annual precipitation MF Ij (mm)
was calculated with monthly precipitation data provided by INMG
using Equation 5.2.
6. Multi-annual erosivity MF IMA was calculated from multi-annual
precipitation over the period N (1981-2010) using Equation 5.3.
Monthly erosivity was calculated with Equation 5.3 applied only on
the months of interest i over the whole period N.
7. RA was correlated by non-linear squares to annual values of MF Ij
for single stations (Achada das Vacas between 1981 and 1987, and
Disdrometer in Saõ Jorge dos Orgaõs between 2008 and 2010),
and to the average MF Ij values of all the stations in the island
(Table 5.1).
Monthly and Multi-annual erosivity MF IMA were mapped using Equation 5.3 extrapolated to stations of Santiago Island with at least 3 years
of data. To compare the inter annual variations of rainfall in Cape Verde,
erosivity R-factor as a function of annual precipitation was mapped for a
relatively dry year (1998), for an average year (2004), and for a year with
a high amount of rainfall compared to the series of data (2009).
Rainfall in Santiago Island is strongly influenced by elevation, therefore the latter was used as external drift for kriging interpolation, both
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for precipitation (as input for calculation of the R-factor), and for the
maps made with the Modified Fourneir Index. With kriging with external
drift the expected variable is considered a linear function of a second variable that is usually continuous in space (Goovaerts, 1997; Hengl, 2003;
Isaaks and Srivastava, 1990). Interpolation of rainfall using elevation
is described in detail by Goovaerts (2000), and the use of elevation to
improve the interpolation of erosivity is explained by Goovaerts (1999).
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Table 5.1 Modified Fournier Index and number of years with data available for
the rainfall stations in Santiago Island. Coordinates UTM, Zone 27N.
Station
Praia Aeroporto Clássica
S. Francisco
S. Jorge dos Orgãos
Santa Cruz
Chão Bom
Achada Carreira
Mato Mendes
Montanha Banana
Levada Bom Pau
Sala (Renque Purga)
Serrado
Ribeirinha
Funco Bandeira
Vale de Mesa
Ponte Ferro
João Goto
Pedra Branca
Escola Agró-Pecuária
S. Domingos
Serra Malagueta
Achada Além
Ribeira da Barca
S. João Baptista
Assomada Portãozinho
Babosa Picos
Alto Casanaia
Cutelo Covada
Mato Limão
Monte Tchota
Curralinho
Varzea Santana
Alto Figueirinha
Curral Grande
S. Martinho Pequeno
Macati
Achada Bilim
Achada Moerão
Ganxemba
Flamengos
Ribeirão Manuel
Lem Pereira
Monte Contador
Capela Garcia
Pico Leão
Achada Falcão
Mancholy
Bom Pau

E

N

MFI

No. of years with data

231715.8
232134.9
219936.5
224923.3
204000.0
208353.6
209423.4
222823.8
224334.9
228353.2
223142.6
222525.8
216132.4
222781.0
220666.4
215337.3
223434.3
219312.7
225885.2
210922.1
211504.1
203773.7
214062.4
213357.1
217495.6
217892.0
217817.0
218895.3
216952.0
219456.5
219045.2
222929.2
227570.4
224344.7
228070.9
207393.1
209361.2
209370.0
217245.3
209396.7
222769.3
208055.9
224359.4
215438.8
212326.0
211829.5
232661.7

1651588.1
1658029.2
1665790.7
1675949.0
1689711.9
1690995.7
1684985.4
1668881.5
1667516.8
1667950.1
1667779.8
1667421.0
1663341.7
1665984.9
1667116.9
1667328.0
1673753.2
1665355.2
1662024.5
1680413.6
1676478.7
1675415.1
1654007.2
1671125.8
1668621.6
1667279.0
1667789.0
1665191.0
1665634.0
1663366.7
1667000.8
1665118.9
1659886.2
1653661.8
1671462.3
1693923.7
1687024.5
1689090.0
1677411.7
1672020.1
1663706.1
1686524.0
1662684.9
1663085.5
1674549.4
1674503.1
1653816.3

11.3
20.6
50.9
26.5
28.8
21.2
28.4
17.8
9.2
25.5
5.1
29.2
12.4
33.9
32.5
24.2
28.6
55.0
33.1
105.2
39.3
18.1
17.7
76.5
66.7
63.0
25.5
33.8
32.4
67.0
47.9
28.2
16.5
21.7
24.2
17.8
39.7
16.1
25.9
69.8
50.6
24.1
18.6
106.8
105.2
85.7
29.4

12
14
30
12
10
3
14
21
12
9
14
27
14
12
27
15
15
26
11
11
8
8
6
13
14
26
16
14
10
27
9
26
11
8
7
1
9
1
2
11
2
8
5
1
1
1
9
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5.3 Results and Discussion
5.3.1 Daily erosivity
Storm erosivity EI30 calculated with the KE − I relationship for Cape
Verde (Equation 4.19) resulted in lower values for most of the rainfall
intensities, compared to the equations from Wischmeier and Smith (1958)
(using the coefficients from Renard et al. (1997) for the RUSLE equation)
and Brown and Foster (1987) (Figure 5.2). Conversely, for extremely high
intensities Equation 4.19 produced higher storm erosivity values (e.g. an
atypical high erosivity for September 19 2009). Besides the constraints
of the equations from Wischmeier and Smith, and Brown and Foster
discussed in Section 5.1, both equations result in a minimum kinetic
energy even without rainfall, which is not physically realistic, and the
latter is limited to a maximum kinetic energy value regardless of the
intensity of the rain, whereas such a maximum limit is not present in the
data for Cape Verde, or is reached at very high intensities.

Figure 5.2 Daily rainfall and daily storm erosivity EI30 calculated with the
KE − I equations from Wischmeier and Smith (1958) using Renard et al. (1997)
coefficients (W&S), Brown and Foster (1987) (B&F) and with the KE −I relationship
for Cape Verde, for the events between September 1 of 2008 and September 10
of 2010 with depths of 9 mm or higher.

The best fit between rainfall erosivity EI30 calculated with Equation 4.19 and daily rainfall was obtained with a power-law equation:
b

EI30 = aE P24E
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Values for the experimental coefficients aE and bE of Equation 5.5
obtained with the different datasets are presented in Table 5.2. The
table presents the EI30 − P24 equation coefficients by Mannaerts and
Gabriels obtained with the dataset between 1981 and 1987 (P8187M),
the new equation coefficients for the same dataset applying the KE − I
relationship for Cape Verde (P8187N), the new equation coefficients
for the dataset between 2008 and 2010 (P0810), and for the complete
dataset (P8110). In Table 5.2 are also shown the assessment of the
quality of fit for the different equations by the Root Mean Squared
Error RMSE and the coefficient of determination R 2 , along with the
minimum, maximum and mean erosivity calculated and predicted by
the different equations. The correlation coefficient R 2 for the complete
dataset P8110 was 0.63, and improved to 0.76 after removal of the
atypically high erosivity of September 19 2009 corresponding to a daily
rainfall of 105 mm (Figure 5.2). Despite the slight improvement in R 2 ,
the equation coefficients did not change significantly, however the RMSE
was reduced. Figure 5.3 presents the datasets with the different fitted
equations. From the prediction point of view, all the equations seem
acceptable as erosivity values are disperse for daily precipitation above
70 mm, with the exception of the equation obtained with the dataset
P0810 that completely overestimates erosivity for daily rainfall above
100 mm. However, as the equation from dataset P8110 was derived from
all the data available and was calculated with the new KE − I obtained for
Cape Verde, we recommend its use for erosivity estimation from daily
rainfall:

1.31
EI30 = 0.26 P24

(5.6)

Along with the temporal difference between datasets, it is important
to note the location difference between the stations were the datasets
were collected: the dataset P8187 was measured at the station Achada
das Vacas, located about 240 m.a.s.l, while the disdrometer used to
measure the dataset P0810 is located 11 km to the north and at 366
m.a.s.l. As rainfall in Santiago Island is influenced by elevation, it is
expected that somewhat higher erosivity values will be estimated for the
disdrometer location. Equation 5.6 is an attempt to capture the erosivity
variability between locations.
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Table 5.2 Equation coefficients for EI30 as a function of daily rainfall P24 .
Quality of fit and predicted values of erosivity (minimum, maximum and mean)
obtained from the different rainfall datasets. P8187M: Equation coefficients
from original EI30 − P relationship by Mannaerts and Gabriels (2000b); P8187N:
New equation coefficients; P0810, P8110: Equation coefficients and calculated
and predicted values for new EI30 − P relationships calculated with Equation 5.6
for corresponding datasets.

Data
P8187M
P8187N
P0810
P8110
P8110
1

Coefficients
aE
bE
0.0723
1.58
0.14
1.39
0.0005
2.84
0.26
1.31
0.24
1.30

Quality of fit
R2
RMSE
0.90
11.4
0.85
21.2
0.84
27.2
0.63
36.8
0.76
23.1

min
0.90
0.90
0.47
0.47
0.47

Erosivity R (KJ m−2 mm · h−1 )
Calculated
Predicted
max
mean
min
max
185.2
34.0
2.32
280.7
185.2
34.0
3.10
212.6
332.2
38.1
0.41
295.8
332.2
36.0
4.72
252.2
185.2
31.1
4.2
218.8

mean
38.8
36.3
35.8
39.7
33.6

Without erosivity outlier

Figure 5.3 Daily storm erosivity EI30 as a function of daily rainfall P24 and fitted
equations. EQ P8187M is the equation obtained by Mannaerts and Gabriels
(2000b) with data measured between 1981 and 1987; EQ P8187N is the EI30 −P24
relationship obtained with the new KE − I relationship for Cape Verde applied in
dataset P8187; EQ P0810 is the relationship obtained with the dataset measured
between 2008 and 2010; EQ P8110 w.o. outlier is the relationship obtained by
removing the maximum erosivity value from dataset P8110; EQ P8110 is the
equation obtained with the complete dataset (Equation 5.6).
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5.3.2 Monthly and multi-annual erosivity by MF I
Table 5.1 presents the average modified Fournier index for the stations
in Santiago Island. Variations in recorded rainfall are caused by stations
temporary out of operation, introduction of new stations, but also for
data not being recorded, as rain gauges in Cape Verde are mainly semiautomatic, requiring an operator to manually register the rainfall values.
The difference in the number of years with data available per station
introduces a bias in the calculation of erosivity; to minimize the bias, only
stations with data for at least three years were considered for mapping.
Figure 5.4 shows erosivity calculated by MF I with all the data available (1981-2010) for the months within the rainy season, that cover
about 95% of the annual precipitation: August, September and October.
July and November are outside the rainy season, and present only sporadic events with high intensity that in the long term cause very low
erosivity. September is statistically the month with the highest amount
of precipitation, while October is usually the driest month of the wet
season, which is reflected in the long term monthly erosivity maps. Rainfall in Santiago Island is strongly affected by topography and elevation
(Chapter 2, Sanchez-Moreno et al. (2012a)), therefore the strongest erosive effect of precipitation occurs at higher elevations, usually coinciding
with steep slopes and shallow soils. The areas on top of the mountains
are therefore more susceptible to erosion. Erosivity in Santiago Island
can be classified as low for MF I below 50 mm, medium for MF I between
50 and 100 mm, and high for MF I higher than 100 mm. For the 20
years period, the lowest erosivity values were found for October with
minimums between 0 and 10 mm, while the highest were in September
with a maximum of 188 mm, compared to a maximum of 147 mm for
August and 123 mm for October.

Figure 5.4 Monthly erosivity in Santiago Island for the rainy season (August to
October) calculated by the Modified Fournier Index MF I (Equation 5.3) for years
1981 to 2010.

Figure 5.5 presents the long term annual erosivity for Santiago Island
calculated using the Modified Fournier Index between 1981 and 2010. For
87

5. Rainfall erosivity mapping for Santiago Island
the 30 years period, representing the last climate normal, the maximum
annual erosivity with MF I was 90 mm, lower than the maximum long
term monthly erosivity, a result caused by several dry years during that
period.

Figure 5.5 Long term annual erosivity in Santiago Island calculated by the
Modified Fournier Index MF IMA (1981 and 2010, 30-years climate normal).

5.3.3 R-factor as a function of annual precipitation
The best fit between the erosivity R-factor (J mm m−2 h−1 ) and annual
precipitation P (mm) for the whole data set was obtained with a power
law equation (R 2 = 0.92):

R = 9.77 P 1.68

(5.7)

The data and fitted equation (in KJ mm m−2 h−1 ) are presented in
Figure 5.6. Figure 5.7 shows R-factor erosivity maps obtained applying
Equation 5.7 to annual rainfall of 1998, 2004, and 2009, years considered dry, average and with high amounts of rainfall respectively, when
compared to other years in the total series of data.
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Figure 5.6 Annual erosivity R-factor (KJ mm m−2 h−1 ) as a function of annual
precipitation P (mm). Labels indicate the year.

Figure 5.7 Erosivity R-factor (J mm m−2 h−1 ) as a function of annual precipitation P (mm) calculated with Equation 5.7 for a dry year (1998), an average year
(2004) and a wet year (2009).
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Table 5.3 Summary statistics of annual erosivity R-factor (J mm m−2 h−1 ) as
a function of annual rainfall P (mm) calculated with Equation 5.7 for a dry year
(1998), an average year (2004) and a wet year (2009). Annual precipitation P
and seasonal precipitation PS calculated with all the stations over the island.
Year
1998
2004
2009

Erosivity R (KJ
min
max
12.62
198.5
13.58
458.4
87.62
1728

m−2 mm · h−1 )
mean
median
45.07
37.26
93.49
76.52
371.2
303.5

Precipitation (mm)
PS
P
164.3
173.9
245.8
285.3
523.9
530.0

5.3.4 R-factor as a function of MF I
Little to no correlation was found between annual R-factor and MF Ij
for individual stations. This is due to the fact that the erosivity R-factor
is calculated from precipitation higher than 9 mm, while for MF Ij the
total amount of precipitation reported in the station is employed. Also,
very high MF I values caused by months with extreme rainfalls result
in outliers for the correlation. The correlation between R-factor for
individual stations and the average MF Ij for the whole island (complete
dataset P8110) resulted in an R 2 of 0.58. The best fit was obtained with
the Equation:

R = 487.8 MF Ij

1.66

(5.8)

Figure 5.3.4 presents the data and fitted curve of the correlation
between R-factor and MF Ij for the complete dataset P8110. The correlation between the dataset P8187 and MF Ij improved the R 2 to 0.85 but
causing a extreme overestimation of R-factor for values of MF Ij above
100 mm. Despite underestimation of erosivity for years 1984, 1986
and 2009, representing years with extreme rainfall events, Equation 5.8
overestimates erosivity for the rest of the years, and seems to represent
better the fluctuations on erosivity caused by the variability of rainfall
patterns in Cape Verde over a long period of time. The lower correlation
coefficient for the complete dataset is caused by months with extreme
rainfalls occurring between 2008 and 2010, (e.g. 545 mm reported for a
single station in August 2008, and 468 mm in September 2009).
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Figure 5.8 Correlation between R-factor erosivity (KJ mm m−2 h−1 ) and Modified Fournier Index (mean island MF Ij .)

5.4 Conclusions
In this paper, daily, monthly, multi-annual, and long term annual erosivity
estimates were calculated using available rainfall data for Santiago Island.
The EI30 equation from Mannaerts and Gabriels (2000b) was modified
using a rainfall kinetic energy - intensity relationship in terms of time
KEtime developed for Cape Verde by Sanchez-Moreno et al. (2012b). The
erosivity R-factor was evaluated from data between 1981 to 1987 and
between 2008 and 2010. The Modified Fournier Index MF I was calculated
using long term monthly data between 1981 and 2010. R-factor was
correlated to annual precipitation and to the MF I. The main findings
are:
• The KE − I relationship for Cape Verde (Equation 4.19) underestimates erosivity for low rainfall intensities and overestimates it for
extreme intensities in comparison to the equations by Wischmeier
and Smith (1958) and Brown and Foster (1987). Daily erosivity
calculated with the KE − I for Cape Verde can reach values between
200 and 300 KJ mm m−2 h−1 for extreme precipitation.
• Storm erosivity EI30 was well correlated to daily precipitation P24
for data between 1981 to 1987 and 2008 to 2010 using a power-law
equation (Equation 5.6).
• Erosivity was calculated with the Modified Fournier Index MF I.
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The highest monthly erosivity, for a 30 years period, occurs in
September, with values up to 188 mm. The lowest erosivity values,
ranging from 0 to 10 mm, are registered in October.
• Long term annual erosivity for a 30 years period (1981-2010 climate
normal) calculated by the Modified Fournier Index resulted in a
maximum value of 90 mm for the highest elevations in Santiago
Island.
• The erosivity R-factor was calculated as a function of annual precipitation and as a function of the Modified Fournier Index. The
correlation between R-factor and annual precipitation produced a
coefficient of determination R 2 of 0.92, while between R and MF I
the coefficient of determination was 0.58.
• Rainfall in Santiago Island is strongly influenced by elevation, therefore the highest erosivity values appear at high elevations, coinciding with steep slopes and shallow soils, making these areas
susceptible to erosion.
• Long term annual data analysis and evaluation of erosivity indexes
such as the MF I are useful to understand the long term variations
in rainfall erosivity, however, for countries such as Cape Verde
with a single rainy season presenting strong inter annual variations,
erosivity should be studied as well in terms of single events.
• The erosivity equations presented in this study are useful approximations for Cape Verde, where high temporal resolution data is
limited. The monthly and long term annual erosivity maps are
useful for soil conservation planning and mitigation of erosion
damages, as well as inputs for erosion risk models.
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Selecting best mapping strategies
for storm runoff modeling in a
mountainous semi-arid area.

6.1 Introduction
In semi-arid environments, heavy rainfall events may generate runoff and
erosion by two mechanisms: Hortonian overland flow where high rainfall
intensities exceed the infiltration rate of the soil, and saturation overland
flow where the amount of rainfall exceeds the storage capacity of the
soil. In sloping areas with shallow soils, sustainable land management
both in terms of on-site soil loss and off-site effects of flash floods needs
to take these mechanisms into account. Changes in infiltration rate and
capacity as a result of tillage or terracing will influence the hydraulic
behavior of a catchment. Hence, for accurate predictions of runoff and
erosion, physically-based models require reliable values of other soil
properties such as saturated hydraulic conductivity, porosity, soil depth
and cohesion.
The two main outputs of physically-based models that have to be correctly predicted are the runoff wave for the off-site effects downstream,
and the spatial patterns of runoff and erosion (Jetten et al., 2003). A
correct spatial representation of runoff and erosion is needed to know
where to act in the landscape by constructing conservation measures
in strategic places or to investigate the effectiveness of existing ones.
However data availability and adequate spatial representation of input
soil parameters are important constraints for realistic model outputs.
Hydraulic soil properties such as Ks have strong variations within the
same soil (Kumar et al., 1994; Russo and Bresler, 1981), in what has been
described as a nested hierarchy, where low levels have small spatial and
temporal changes, and medium and high level variations occur typically
This chapter is based on: Selecting best mapping strategies for storm runoff modeling in a mountainous semi-arid area. J. F. Sanchez-Moreno, V. G. Jetten, C. M. Mannaerts,
J. Tavares. Under Review. Earth Surface Processes and Landforms.
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between mapping units, where the variations increase accordingly (McBratney, 1998; Sobieraj et al., 2004; Zeleke and Si, 2005). Medium and
high levels imply a large number of field measurements per mapping unit
to capture this variability (Jabro, 1992; Moustafa, 2000) or the selection
of an adequate map unit size. For parameters with a low spatial variation
such as porosity, the measurement procedures are relatively standard,
while a property such as Ks can be measured in field and in laboratory
using diverse equipment and methodologies and with relatively different
results (Lee et al., 1985; Paige and Hillel, 1993; Mohanty et al., 1994;
Mallants et al., 1997a). At the same time a parameter such as soil depth
can only be mapped with difficulty and relies on deep enough augering,
exposure of soil profiles along road cuts, or techniques such as ground
penetrating radar or electric resistivity survey (Kuriakose et al., 2009;
Sucre et al., 2011; Shafique et al., 2011).
If a soil property is not measured, but basic soil material properties
such as texture, organic matter, and bulk density are known, it can be
predicted by means of pedotransfer functions (PTFs), which are stochastic models that relate properties of soil constituents and indicators of
structure to soil hydraulic properties (Bouma, 1989; Bouma and van
Lanen, 1987). Diverse methods for PTFs are available, some combined
with interpolation techniques to obtain soil properties such as Ks (e.g.,
Aimrun and Amin (2009); Espino et al. (1996); Tietje and Hennings (1996);
Zeleke and Si (2005); Ferrer Julià et al. (2004)).
If the property is measured, several strategies to produce spatially
distributed values of the property can be realized:
• to assign a meaningful value of the property (such as an average or
median) to mapping units, e.g. from a soil map,
• geostatistical interpolation, using only the spatial autocorrelation of
the property or using additional parameters to explain the variance,
and
• a stochastic approach such as conditional or unconditional simulation (e.g. Wei et al. (2008)). This option is not pursuit in this
study.
A common procedure is to statistically compare measured values
within units and search for significant differences. Meaningful units,
that result in significantly different hydrological units, can be derived
from all type of maps that influence hydrology. Often this is a soil map,
but also other maps that are linked to texture or structure can be a
basis, such as land use (because of land management influencing soil
structure and organic matter), geology (parent material) or combinations.
Once appropriate mapping units have been selected, meaningful values
(e.g. average or median) are usually assigned to each unit. When a
soil property has strong spatial variations within the unit, the use of
an average value will hide these variations, converting the distributed
model into a lumped model (Beven, 1989), and if a unit remains without
a value, it has to be assigned based on its similitude to other units, or
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be estimated based for instance on soil morphology properties such as
stratification or texture (e.g., Wang et al. (1985)).
An alternative to lumped values per unit consists in spatially interpolate the soil property for the area of interest, regardless of mapping
units, using for instance ordinary kriging, approach that has been widely
employed for Ks (Bosch and West, 1998; Mallants et al., 1997b; Moustafa,
2000). Interpolation techniques such as ordinary kriging cope with lack
of sampling, however there may be sharp boundaries in the landscape,
due mostly to changes in geomorphology, soil structure, land use/cover
and soil genesis, that may be hard to capture with this technique. The
former method assumes that the variation of the soil property within a
mapping unit is significantly lower than between units, the later assumes
that the soil property has a spatial correlation that can be described by
modeling its variance, without considering sharp boundaries.
Geostatistical methods such as kriging with external drift (KED) allow
to incorporate the spatial dependence of soil properties to the unit they
belong to. With KED an external parameter with a linear relationship
with the parameter to be predicted is used to help in the interpolation,
assuming that the external parameter represents the spatial trend of
the parameter to be interpolated and that their residuals can be krigged
(Goovaerts, 1997; Hengl, 2003). This approach is increasingly used, for
instance for soil depth (Bourennane et al., 1996; Bourennane and King,
2003; Kuriakose et al., 2009; Francés and Lubczynski, 2011).
These different strategies will result in input datasets for models
that have very different spatial patterns, and therefore likely generate
different model results. However there is often not a good reason to
select one over the other as all are based on solid available data. On top
of that, the principle of equifinality (Beven and Freer, 2001) states that
“...given sufficient interactions among the components of a system that,
unless the detailed characteristics of these components can be specified
independently, many representations may be equally acceptable".
Translated to runoff simulations we see that complex catchments are
calibrated with the discharge hydrograph at the outlet only, which gives
often insufficient information to elect a single calibration strategy (for
instance Takken et al. (1999), Jetten et al. (2003)). This poses a problem
in data poor environments, such as many lesser developed countries
that have older large scale datasets that are generic in nature (e.g. a soil
classification map instead of soil physical properties maps). What is the
best strategy for hydrological modelling in these cases?
The study area for this research is Santiago, a semi-arid island in
the Cape Verde archipelago under Sahelian climate regime, subject to
land degradation and erosion caused by poor agricultural practices and
scarce but heavy rainfalls that produce flash floods. Rainfall in Santiago
is highly variable and influenced by topography (Sanchez-Moreno et al.,
2012a). Rainfall data is limited to daily precipitation, with a network
not evenly distributed and conformed mainly by semi-automatic gauges
with records registered by visual inspection. For Santiago Island, when
available, spatial data is limited, outdated or not very detailed. Most
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of the information regarding soils and geology was prepared by the
Portuguese, from the times when Cape Verde was a colony (pre 1975).
Available data provided by Cape Verde institutions and used in this study
comprises a general soil map (Faria, 1970), a geology map (Bebiano, 1932),
and a soils capability map for agriculture (SCET-AGRI, 1982; referred by
Bertrand (1996)).
In this study, four different interpolation strategies to transfer physical soil properties to spatial input datasets for runoff modeling are
explored. The modeling is done with two contrasting rainfall events
in terms of intensity, using the openLISEM runoff and erosion model
(Baartman et al., 2012; Jetten and De Roo, 2001). The hypothesis is that
the higher the spatial complexity of the input dataset, the better the
spatial processes of runoff and erosion will be simulated.
The objectives of this study are: i) to explore the effect of four different input datasets with increasing spatial complexity on the simulated
spatial patterns of runoff, erosion and resulting discharge, ii) to compare
the calibration procedure for each of these datasets and determine the
best strategy for creating an input dataset in a context of Cape Verde
problems and iii) to identify additional steps needed to improve this
strategy.

6.2 Methods and Materials
6.2.1 Study Area

This study was carried out in Ribeira Seca catchment in Santiago Island
(Figure 6.1), the biggest island of Cape Verde (see Chapter 2). The
catchment covers an extension of 71.5 km2 , is located in an area of
important soil degradation through water erosion and has a significant
role in livestock and rainfed agriculture. Land use in Ribeira Seca is
predominantly agricultural, with beans and corn as principal cultivations,
and with few forested areas in top hills (Bertrand, 1996).
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Figure 6.1 Ribera Seca catchment in Santiago Island, Cape Verde, with channels, the location of the disdrometer for rainfall measurement and the observation points for runoff and sediments. Point 1 is the main outlet, point 2 and
3 are observation points. Reliable discharge measurements were available for
point 3, near to the disdrometer location and shown in the photo.

The Cape Verde islands are of volcanic origin. In Ribeira Seca catchment, geology is characterized by basalts and basanites, heterogenic
conglomerates of volcanic ashes and slags, and alluvions (Figure 6.2).
The soils classification of Santiago Island was prepared by Faria (1970)
based on the French classification of Aubert (1965) (Figure 6.2). The
rugged relief and highly variable, scarce but intense rainfall events have
made lithosols, regosols and vertisols to be predominant (Faria, 1970).
Soils in Cape Verde are young, and with depths varying between 0.20 m
in high slope areas up to 1.00 m in the valleys. The soil map of Santiago
Island prepared by Faria (1970) has general units described in terms of
the soil order and color, and without description of soil families, hence
without information of texture per soil unit type. Given the scarce information from the soils map, geology, land use and land capability units
were considered for mapping units. A land capability classification LCC
is a grouping of soils based on their crops and pasture potential that
does not deteriorate over time (Klingebiel and Montgomery, 1966). The
LCC map for Santiago Island was produced by SCET AGRI in 1981, using
the land capability classification from USDA (Klingebiel and Montgomery,
1966), and including slope and climatic parameters (Bertrand, 1996). The
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land capability map of Santiago presents detailed units that are somehow
related to the soil type and to the land use, therefore this map was used
to prepare a soil texture map of the catchment.

Figure 6.2 Land use obtained from classification of an ALOS-AVNIR image
(2009), geology map from Bebiano (1932) (scale 1:300 000), soil texture map based on land capability units for agriculture from Bertrand (1996) (scale 1:50 000),
and soils map from Faria (1970) (scale 1:50 000) with observation points for
Ks and additional properties (porosity, cohesion, random roughness, and soil
depth).

6.2.2 Runoff and erosion modeling inputs
Runoff modeling was done using the Limburg Soil Erosion Model openLISEM, (Baartman et al., 2012; Jetten and De Roo, 2001) a physically-based
distributed model that uses as rainfall input a single storm event. Besides physical characteristics of the soil and high resolution rainfall,
openLISEM requires four main groups of input maps (Jetten and De Roo,
2001):
• A DEM for relief related and flow direction maps,
• maps related to soil surface characteristics and cover usually based
on land use/land cover, including roads and impermeable areas,
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• maps related to hydraulic soil properties and strength properties,
usually linked to soil and/or land use maps, but generated in 4
different ways in this study,
• channel network maps with channel characteristics.
A 90 meters resolution DEM from the Shuttle Radar Topography
Mission SRTM, was obtained from the National Map Seamless Server
from the U. S. Geological Survey (USGS, 2010). Land use was retrieved
from a supervised classification of an ALOS-AVNIR image of June 2009.
Impermeable areas were retrieved from Bertrand (1996) and the land
use map classification. Soil type and soil characteristics were obtained
from Faria (1970), Amorós-Hernandez (2008), and from exploration and
samples taken during field campaings in this study (see below).
Infiltration rate was calculated in openLISEM with a one-layer Green
and Ampt model (De Roo et al., 1996). Rainfall with a temporal resolution of 3 minutes was measured with a Parsivel OTT Disdrometer
(Löffler-Mang and Jürg, 2000) installed in August 2008 in the National
Institute for Agricultural Research and Rural Development of Cape Verde,
INIDA (point 3 in Figure 6.1). Rainfall measured by the disdrometer was
compared to the rain gauge in Station Saõ Jorge recording daily rainfall
and located 200 m north from the disdrometer (Sanchez-Moreno et al.,
2012b). Two storms were used for the model, one in August 21 with
low intensity and a duration of 121 minutes (event 08212010), and one
in September 12 of 2010 with a high intensity and a duration of 130
minutes (event 09122010).
Given the rough topography of the catchment, soil properties measurement was done using purposive sampling along roads and based
on land capability units, during three campaigns conducted between
September and October of 2008 to 2010, corresponding to the rainy season. In total 79 Ks points were retrieved in the study area, 75 within the
Ribeira Seca catchment, and 52 points for additional soil properties such
as cohesion, random roughness, and porosity (Table 6.1). The samples
were taken during the dry periods between storms. Infiltration was
measured in the field with a mini-disk infiltrometer (Devices, 2011), and
saturated hydraulic conductivity was calculated using the procedure of
Zhang (1997) improved by Dohnal et al. (2010). During the first campaign
49 infiltration points were measured with the mini-disk infiltrometer; in
the second campaign 21 additional infiltration points were measured and
23 core samples for laboratory were taken that were used to measure
porosity as well. In laboratory Ks was measured in the 23 samples by
an Eijkelkamp laboratory permeameter. The results from 3 constant
head measurements and 5 falling head measurements were employed
for Ks ; the other samples were damaged or resulted in values considered
outliers.
Cohesion was measured in the field with a torvane tester. For each
sampling point four measurements spaced between 0.50 and 1 meter
were taken randomly and averaged. Soil depth was measured with tape
along roads, channels, and slopes cuts; in flat areas it was measured
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using the pocking pole method, with an iron bar driven into the soil
(Kuriakose et al., 2009), however this method was not preferred because
it was difficult to detect the bedrock due to the high stoniness in the
catchment and because weathered rock was easily pierced.
Surface roughness was measured in the field using the chain method
(Saleh, 1993, 1997). The dimensionless roughness factor Cr r (Equation 6.1) was converted into random roughness RRF in mm (Allmaras
et al., 1966; Currence and Lovely, 1970; Kamphorst et al., 2000) which is
incorporated in openLISEM using the equation proposed by Gilley and
Kottwitz (1995), for an initial condition without rainfall (Equation 6.2):

Cr r = 1 −

L2
L1

(6.1)

RRF = A · CrBr

(6.2)

Where L1 is the original length of the chain (1 m), L2 is the horizontal
length of the chain in a rough surface, and
A = 1 − e−4.82×10

−3 (r ainf all+19.0)

−3 (r ainf all+321)

B = 1/(1 − e−2.95×10

(6.3)

)

(6.4)

In Equations 6.3 and 6.4 rainfall is expressed in mm.
Erosivity was estimated using the kinetic energy flux - intensity equation KEtime − I (Equation 4.19, Section 4.5.1), developed using data from
the Parsivel OTT Disdrometer.
KEtime = 5.94 I 1.37

(4.19)

It is important to note that erosion, deposition and stream sediment
contents were not measured in the catchment, and therefore these erosion parameters are entirely model estimates.
Calibration for each of the four input maps was done at the observation point 3 which is the only point where reliable measured data was
available (Figure 6.1). Points 1 and 2 are used to describe discharge
differences after calibration. Calibration was done on the measured
discharge at point 3 by changing initial moisture content, suction at the
wetting front, and Manning’s n, using a multiplication factor to match
both the discharge peak and volume. The initial moisture content prior
to calibration was assumed to be 80% of porosity. The maps representing
Ks resulting from the 4 interpolation strategies (see below) were not
modified.
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6.2.3 Mapping strategies
As most of the soil properties such as Ks are not closely related to
geology, and land use in Ribeira Seca is not strongly linked to the soil
type, the land capability map LCC was employed for mapping. Mapping
the different soil properties for Ribera Seca involved the selection of
map units, the measurement of the property in the field, in laboratory
or both, and finally mapping the property. The soil properties mapped
were Ks , cohesion, porosity, initial moisture (considered a fraction of
porosity), random roughness, and soil depth. To relate the soil properties
to soils types, a clay fraction map was prepared using the land capability
map and the soil texture samples taken in the field. Four type of input
datasets for modeling were obtained using three different methodologies:
1. Average property values allocated to the units of the soils map
from Faria (1970) (ASG1),
2. averages allocated to small map units from the texture map derived
from the land capability map from Bertrand (1996) (ASG2),
3. interpolation by ordinary kriging (OK) (Goovaerts, 1997), and
4. interpolation by kriging with external drift (KED) (Goovaerts, 1997;
Hengl, 2003).
For the geostatistical computations and map generation, R environment (Ihaka and Gentleman, 1996) and the gstat package (Pebesma, 2004)
were used. To assess the accuracy of the interpolation models, cross
validation using the leave-one-out method (LOOCV) was employed, where
the prediction is done for every point using the remaining observations
as training data (Goovaerts, 1997; Isaaks and Srivastava, 1990). The
goodness of fit of the interpolation results was evaluated by the root
mean square error RMSE, the normalized root mean square error NRMSE,
and the mean error ME. The quality of the interpolation was assessed by
the mean squared deviation ratio MSDE, which is the ratio between the
squared errors and the kriging variance; a model is considered accurate
when the MSDE is equal to 1.

6.3 Results and Discussion
6.3.1 Soil properties values and variation within mapping units
Table 6.1 presents the summary and statistics of the soil parameters
measured. In Ribeira Seca soil parameters have important variations
between the maximum and minimum measured. As the study area has
strong relief variations within short distances, parameters such as soil
depth, dependent on slope, vary accordingly. The main activity in Ribeira
Seca is agriculture, and tillage combined with a high stoniness, affect the
structure of the soil and influence parameters such as soil cohesion and
hydraulic conductivity. Figure 6.3 presents the boxplots for Ks within
land use units, within the soils map from Faria (1970), and within the
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soil texture map based on land capability units. The soil texture map,
with small units, produces the largest differentiation of Ks values. The
variation of Ks within land use is not so strong because in the study area
land use is not directly influenced by the soil type, therefore similar Ks
values can be found for different land uses (Figure 6.3a). The variation
of Ks (and other soil properties) is not properly captured in the soil map
from Faria, as it has big units where a wide range of values that are
averaged can be found (e.g. units lithosols/regosols), and some medium
size units with few measured points (e.g. brown soils). In strategy 1 the
average of all values within a class is assigned to the map units of that
class (e.g. all map units CL get a Ks value of 25 mm h−1 ). Strategy 2
considers only the map unit boundaries and assigns the measured value
to the unit in which it occurs. If a unit remains without a value, it has to
be merged with other units based on similitude in their characteristics
or proximity to other units.

From Figure 6.3a, it follows that land use does not determine the
Ks strongly, while there are differences in averages between the units,
the ranges overlap in most cases. Average input maps hide the spatial
variability of the soil parameters, however, the size of the unit where the
averaging takes effect is important to retain at least partially the spatial
variability: from the boxplot in Figure 6.3c it can be noticed that small
units (with observation values) such as texture in this case, capture better
the spatial variability of the soil parameter than big units such as the ones
from the soils map from Faria (1970) (Figure 6.3a). On the other hand,
if there are not strong spatial variations of the parameter, small units
will not contribute to improve the map. As the number of observations
per mapping unit and the variation of the parameter observed within the
unit will determine the average value, more observations in a unit with
strong variations may capture better the parameter variability than few
ones.

Table 6.1 Statistical information for soil parameters mapped.
Parameter
Porosity (%)
Cohesion (kPa)
Soil depth (mm)
Roughness Cr r
Random Roughness (RR)
Ks field (mm h−1 )
Ks laboratory (mm h−1 )
Ks total (mm h−1 )
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min
0.03
0.98
100
0.50
0.07
0.20
0.86
0.20

max
0.60
11.0
1000
7.00
1.00
69.3
41.3
69.3

mean
0.30
5.7
30
2.4
0.35
15.6
12.1
15.1

std
0.19
2.74
22
1.40
0.20
14.8
16.2
14.9

No. samples
52
52
52
52
52
70
8
78
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Figure 6.3 Boxplots for Ks within land use units (a), within units of the soil
map (Faria, 1970) (b), and within the soil texture map based on land capability
units (c).
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Figure 6.4 presents the theoretical and experimental variograms for
the different input maps considered for interpolation. The variograms
were selected based on visual inspection of the data, trying to obtain a
low RMSE and a MSDR closer to 1. The experimental variogram for Ks
shows a poor spatial correlation, result of the erratic nature of Ks : for
the same soil unit Ks can have important differences caused by crusting,
soil compaction, initial moisture content, variations in texture, and in
organic matter, that can occur within few meters.
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Figure 6.4 Variograms for porosity (a), cohesion (b), roughness (c), soil depth
(d), and hydraulic conductivity (e) for autocorrelation (left) and with external
drift parameters (right).
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Table 6.2 presents the results from OK, and Table 6.3 the results from
KED, with the co-variable employed for the prediction. The interpolation
models for porosity and cohesion produced the highest NRMSE for both
OK and KED; this can be attributed to variations caused by the stoniness
of the soil and errors during sampling and measurement. For porosity
using KED a model with a MSDR of 1.22 was selected in order to control
the maximum values produced by the interpolation. Variogram models
resulting in a MSDR closer to 1 produced unrealistic porosity values
above 0.60 for small units located in the extreme of the catchment,
where the observed values ranged between 0.55 and 0.57. OK is an exact
predictor in the observation points, meaning that the predicted value
is the same as the observed, however the surface generated presents a
smooth pattern that seems not representative of the real conditions in the
field. Conversely, the R 2 resulting from KED was lower, as the prediction
relies on the correlation with the parameter used as a drift, that in several
cases was not strong. Soil depth with KED, was interpolated using slope
as external drift, resulting in few pixels with a negative value that were
converted into 0 (Table 6.3). The slope was calculated from a 90 m
resolution image, however given the rough topography, within the pixel
area the soil depth and local slope have abrupt changes that are not
captured by the image, and that will cause as well local differences in the
soil depth prediction. The maximum and average values obtained by OK
and KED were similar, with variations on the prediction patterns caused
by the external drift geometry and the variogram model employed for
the predictions.
Table 6.2 OK Prediction and Accuracy for the soil parameters mapped.
Parameter
Porosity (%)
Cohesion (kPa)
Soil depth (mm)
Roughness Cr r
Ks (mm h−1 )

min
0.07
1.80
0.10
0.60
3.40

Prediction OK
max
mean
0.55
0.33
10.09
5.65
0.99
0.34
6.61
2.44
51.55
14.67

std
0.07
0.35
0.04
0.50
3.13

RMSE
0.18
2.82
0.22
1.32
14.4

Accuracy
MSDR
R2
1.03
0.98
0.99
1.00
1.07
0.99
1.06
0.99
1.06
0.97

NRMSE
0.29
0.28
0.25
0.20
0.21

Table 6.3 KED Prediction and Accuracy for the soil parameters mapped.
Parameter
Porosity (%)
Cohesion (kPa)
Soil depth (mm)
Roughness Cr r
Ks (mm h−1 )

Drift
Texture
Texture
Slope
Land use
% Clay

min
0.05
1.57
-0.91
0.27
0.13

Prediction KED
max
mean
0.62
0.35
9.29
4.60
0.96
0.25
5.70
2.34
44.08
13.38

std
0.13
1.09
0.14
0.77
4.44

RMSE
0.17
2.84
0.20
1.33
14.19

Accuracy
MSDR
R2
1.22
0.10
1.06
0.51
1.03
0.92
1.14
0.22
1.01
0.88

NRMSE
0.30
0.28
0.23
0.20
0.21

Figure 6.5 presents the input maps resulting from the four methodologies described in Section 6.2.3. As expected, the four mapping methods
resulted in variations in the maximum and minimum values of the soil
parameters, with the most noticeable differences occurring for soil depth
and Ks due to their strong spatial variability even within short distances.
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The KED maps clearly follow the spatial trend of the map used as external
drift, e.g. soil depth follows the slope pattern while random roughness
follows land use.

Figure 6.5 Input maps obtained by allocating average values to broad units
of soil classes map of (Faria, 1970) (ASG1), by allocating averages to detailed
units of soil texture map (ASG2), by ordinary kriging (OK), and by kriging with
external drift (KED). From top to bottom, cohesion (kPa), porosity (%), soil depth
(mm), random roughness (cm) obtained from roughness Cr r in Equation 6.1,
and hydraulic conductivity Ks (mm h−1 ).

6.3.2 Soil properties maps
Figure 6.6 shows the frequency distributions of Ks values for the four
types of input maps. While Ks values for KED and OK follow a normal
distribution, Ks for ASG1 and ASG2 shows a concentration of values
around 20 mm h−1 and between 2 and 10 mm h−1 respectively, evident
as well in Figure 6.5. This will influence the runoff behavior: large areas
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with low Ks imply poor water transference into the soil, and potentially
more runoff. ASG1 and ASG2 inputs will cause the area to function much
more like a threshold system: large areas will produce runoff or not.
Figure 6.5 shows that porosity and soil depth also present important
variations depending on the mapping strategy: while in OK and KED the
minimum porosity is below 1%, in ASG2 the minimum porosity is 47%,
closer to the maximum value measured. Soil depth also shows extreme
variations between maps: in ASG2 the maximum soil depth is 390 mm,
resulting of averaging lowest and a highest values within the same unit,
while the maximum measured value was 1000 mm, closer to the values
estimated with OK and KED.

Figure 6.6 Frequency distribution of hydraulic conductivity cell values Ks for
ASG1, ASG2, OK and KED.
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6.3.3 Model calibration against discharge
Figure 6.7 presents the runoff results for the four type of input maps
under the events 08212010 and 09122010, at the three observation
points. Table 6.4 presents the multiplication factors applied to the input
parameters to reach the measured volume and peak discharge. In the
case of initial moisture content, the multiplication factor represents the
fraction of the porosity used for calibration, while for Manning’s n and
suction at the wetting front the multiplication factors represent the value
for which the initial input parameter was multiplied.

Figure 6.7 Hydrographs for ASG1, ASG2, OK and KED inputs for a) point 3
where the logger was installed, b) point 2 in the middle of the catchment, and c)
point 1, the outlet, under event 08212010 (left) and event 09122010 (right).
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For both events the calibration values were almost the same (only a
small difference in n-OK and psi-KED). In all cases the initial moisture
content had to be varied to generate the right amount of infiltration,
and Manning’s n was also decreased to generate faster overland flow
(and representing changes in the soil due to seasonality of the crops
and previous rainfalls). Both ASG1 and ASG2 needed a very low initial
moisture content to have sufficient storage, to avoid excessive saturation
excess overland flow. While the soils can be very dry part of the year,
the low multiplication factor is seen as unrealistic because the events
occur in the wet season months of August and September. In the case
of OK and KED, Manning’s n had to be decreased more strongly to
simulate the correct peak flow. At point 2 (Figure 6.7b), the inputs maps
produce similar runoff with the exception of ASG2, that gives a lower
peak discharge. At point 1 (Figure 6.7c) the four input maps generate
different peak discharges, with the only similarity being for the OK and
KED inputs. These results indicate that OK and KED are equivalent
methods to reach peak discharges, however, for the event 08212010, OK
requires a slightly smoother surface (low Manning’s n) compared to KED,
but since both the peak and volume do not coincide perfectly with the
measured ones, these differences are irrelevant.
The general conclusion is that all datasets can be calibrated on the
measured discharge, which shows in fact the equifinality aspect of this
exercise. In general terms the scenarios ASG1 and ASG2 are more difficult
to calibrate, because of the threshold nature of the maps as shown by
the frequency distribution. Moreover, ASG1 and ASG2 do not represent
correctly the real behavior of certain parameters (e.g. soil depth varies
with slope rather than with land capability). Runoff is switched on or
off for large areas with minor changes in the input. This suggests that
at least scenarios OK and KED give a more realistic response. A second
effect of the available dataset is that calibration at the observation point
in the top half of the area, does not say a lot about the runoff wave
leaving the catchment, as the spatial patterns above point 3 have a
strong influence on the discharge before it leaves the catchment.

Table 6.4 Calibration values for the two events: Initial moisture content as
fraction of porosity, multiplication factor for Manning’s n and suction at the
wetting front psi, and resulting discharge peak (×102 m3 s −1 ) and volume (×102
m3 ) compared to observed values.

ASG1
ASG2
OK
KED
Observed
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Moist.
0.05
0.10
0.50
0.40

Event
n
0.5
0.7
0.3
0.4

08212010
psi
Peak
1.2
20.6
6.0
19.2
1.0
19.9
1.0
19.4
21.6

Vol.
41.0
37.2
38.3
39.6
38.8

Moist.
0.05
0.10
0.50
0.40

Event 09122010
n
psi
Peak
0.5
1.2
84.3
0.7
6.0
84.7
0.4
1.0
77.9
0.4
1.1
84.7
78.8

Vol.
106.6
100.6
106.6
108.7
116.4
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6.3.4 Spatial variation of runoff and erosion
Figure 6.8 shows the runoff maps obtained by the four type of inputs
for a) the event 08212010, and b) the event 09122010. For the same
mapping strategy, the runoff patterns are similar for both events, with
differences in the areas where runoff starts depending on the input maps
complexity, and the runoff mechanism generated by the inpus. While for
OK and KED most of the runoff starts at the north-west of the catchment,
in ASG1 runoff initiates at two isolated areas in the north and south of
the catchment, and for ASG2 runoff starts in the east and in the south.
Figure 6.9 shows soil storage capacity maps for the initial uncalibrated
condition (a), where moisture is assumed 0.80% of porosity, and for the
calibrated parameters (b), where Manning’s n, suction at the wetting front,
and the initial moisture were varied as shown in Table 6.4. As soil depth
and porosity have strong variations between mapping strategies, the
storage capacity of the soil varies accordingly. Because ASG2 produced
the lowest soil depths, the storage capacity is compensated by high
porosity estimates (Figure 6.5). The patterns of runoff in Figure 6.8 clearly
coincide with the areas of low soil storage capacity of Figure 6.9, while
the coincidence with low values of Ks , given its high spatial variability, is
less evident, except for extreme low values. Rough topography results
in shallow soils coinciding with steep slopes, therefore a higher storage
capacity is expected in the valleys.
Figure 6.10 presents the frequency distribution of storage capacity
for the four mapping strategies along with the rainfall events as vertical
lines, for the uncalibrated (a) and calibrated conditions (b). The only
parameter calibrated that is relevant for storage capacity is moisture, and
its variation altered to a great extent the former, particularly for ASG1
and ASG2. For the uncalibrated condition, where the moisture content is
assumed 80% of porosity, both rainfall events exceed the storage capacity
of the whole catchment, with the exception of KED where for 10% of
the catchment the storage capacity is not reached. For the calibrated
condition, where the moisture content is reduced and storage capacity is
therefore increased, the behavior varies depending on the type of input
map: while for ASG2 about 10% percentage of the catchment exceeds
the storage capacity for both events, for ASG2 the storage capacity was
increased for the whole area and is not reached, and for OK and KED
rainfall exceeds the storage capacity for about half of the catchment. As
ASG1 has isolated large units, a reduction of the storage capacity in a
single big unit can control the runoff generated for the whole catchment.
In the case of ASG2, where similar units can appear as independent small
areas, a decrease in storage capacity produces runoff areas appearing
as patches with runoff dissimilar to the one in adjacent mapping units
(Figure 6.8). These dissimilar patterns in runoff between adjacent units
causes connectivity problems that are reflected in areas without water
flow in between areas with clear runoff, as shown for ASG2 (Figure 6.8).
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Figure 6.8 Spatial distribution of runoff in Ribeira Seca (l s −1 ) just before
maximum runoff over whole catchment for ASG1, ASG2, OK and KED under
a) event 08212010 (minute 55), and b) event 09122010 (minute 259). In
logarithmic scale.
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Figure 6.9 Soil storage capacity (logarithmic scale, mm) in Ribeira Seca for
a) initial moisture 0.8 of porosity, and b) calibrated conditions with relative
moisture values of Table 6.4.
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Figure 6.10 Frequency distribution of storage capacity cells (mm) for ASG1,
ASG2, OK and KED under a) the initial conditions and b) the calibrated conditions.
Vertical lines indicate rainfall events. E1: Event 08212010, E2: Event 09122010.

The variation in storage capacity according to mapping units suggests
that OK and KED datasets, with less abrupt changes, show a better
behavior regarding runoff distribution. In the frequency distribution
of Ks (Figure 6.6) it can be noticed that while the maximum hydraulic
conductivity is about 18 mm h−1 for ASG1, and between 40 to 50
mm h−1 for the other datasets, the maximum rainfall intensities for both
events are 145 and 168 mm h−1 (Figure 6.7), with intensities above 50
mm h−1 appearing early in event 08212010. In Ribeira Seca catchment,
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the infiltration capacity of the soil is easily reached for most of the area
at an early stage, even for rainfall events of low intensity as the event
08212010. Antecedent moisture from previous events contributes to
produce Hortonian overland flow, as it reduces the infiltration capacity by
saturation, but as the soils storage capacity is quickly reached, saturation
overland flow starts to appear and the storage capacity takes precedence
over Ks in runoff generation. The runoff patterns seem to confirm this
hypothesis, with runoff appearing in areas that coincide with low storage
capacity (Figure 6.8). For the low intensity event, more sources appear,
particularly in high elevations with shallow soils dominated by Hortonian
flow. Water that has reached the infiltration capacity of the soil moves
towards the valleys where soils are deeper and therefore with more
storage capacity, until saturated.
The four mapping strategies show the difficulty of proper characterization of the parameters controlling runoff, moreover if the purpose is to
describe its spatial distribution rather than just obtaining discharge volumes. For shallow soils with antecedent moisture, soil storage capacity
seems a good indicator of areas where runoff is prone to appear.
Figure 6.11 presents the erosion in the catchment under the two
rainfall events. Table 6.5 summarizes the detachment, deposition and
remaining suspended sediments estimated by the eight models. The
erosion patterns show a similar distribution compared to the runoff
patterns, indicating that the catchment is transport limited: the transport
capacity determines the soil loss, not the sediment production. Important
is that in spite of similar calibrated runoff amounts, the soil loss from
the catchment is very different between ASG2 versus ASG1, OK and KED,
while the detachment is similar. More sediment is deposited with the
ASG2 dataset. Apparently a larger number of map units or a high spatial
complexity causes a very different combination of detachment sources
and deposition sinks.
Overall, the results from the four strategies seem to agree with the
observed soil losses in the field: catchment observation indicates that the
zones more affected by runoff and erosion under low intensity rainfalls
are located upstream of the catchment, while in case of extreme events, in
all sub-catchments runoff and erosion are generated. The input datasets
also model correctly Ribeira Seca riverbed as the main sink, specially
upstream, where all the sediments generated in the surrounding slopes
arrive. However there is no quantitative information to determine which
scenario gives a correct soil loss amount: while AGS2 seems low, the
datasets OK and KED seem very high with an average of 39 and 42
ton ha−1 for a single event respectively.
It is clear that, from the predictive point of view, additional spatial
information is required to verify the presence of runoff and erosion in
the field compared to the model estimates, particularly to determine
areas where conservation and protection measures are required.
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Figure 6.11 Spatial distribution of erosion in Ribeira Seca (ton) for ASG1, ASG2,
OK and KED under a) event 08212010, and b) event 09122010. In logarithmic
scale.
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Table 6.5 Total detachment, deposition, suspended sediments and total soil
losses obtained from the four input maps and for the two rainfall events.
Land (×103 ton)
Splash detachment
Flow detachment
Deposition
Suspended Sediments
Channels (×103 ton)
Flow detachment
Deposition
Suspended Sediments (ton)
Soil loss
Total soil loss (×103 ton)
Mean soil loss (ton ha−1 )

ASG1
6.8
314.6
135.3
9.2

Event 08212010
ASG2
OK
6.2
8.6
293.3
597.7
116.3
193.3
95.3
10.8

KED
9.5
726.5
285.0
8.7

ASG1
9.4
1009.9
256.0
14.7

Event 09122010
ASG2
OK
8.6
9.8
679.5
1373.8
228.6
288.2
92.2
11.7

KED
10.0
1379.3
358.1
3.6

166.7
352.2
0.26

121.2
199.5
0.02

174.0
534.3
0.36

221.7
607.3
1.10

180.0
750.5
0.16

173.3
487.2
0.02

182.5
946.8
0.30

212.4
898.9
0.93

9.8
1.29

3.0
0.40

30.5
4.03

43.5
5.76

159.1
21.01

42.4
5.60

297.3
39.26

320.2
42.28

6.4 Conclusions
Four acceptable mapping strategies were followed to obtain input maps
for runoff and erosion modeling within openLISEM: average property
values allocated to large mapping units (ASG1), average values in small
mapping units (ASG2), ordinary kriging (OK), and kriging with external
drift (KED). While moisture and suction at the wetting front were used
for calibration, hydraulic conductivity and other soil properties were
measured and mapped using the four mapping strategies. The main
conclusions of this study are:
• The four input datasets produced valid scenarios of runoff and
erosion supporting the principle of equifinality. The main variations
were found at the beginning of the events, where initial runoff
appeared at different areas, depending on the input maps employed.
Runoff was controlled by the soil storage capacity, that had strong
differences depending on the method used for mapping. For Ribeira
Seca, with relatively shallow soils, storage capacity takes precedence
over hydraulic conductivity.
• Input maps where the properties were assigned based on average
values (ASG1, ASG2) resulted in outputs more difficult to calibrate.
This result is caused by threshold values between units where
runoff is switched on or off because of broad areas after small
changes in the inputs. A more realistic response was obtained for
the maps where the changes in soil parameter values were not so
abrupt (OK, KED).
• In this study and for the data available, the hypothesis of increased complexity for a better simulation of discharge was partially
confirmed: despite that with all the strategies the scenarios were
valid, for maps with high complexity such as those obtained with
geostatistics, calibration was easier and with parameters representing the actual conditions in the field. The spatial representativity
of the distribution of runoff and erosion is yet to be proved.
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• For shallow soils, soil storage capacity may suffice to determine
areas susceptible to runoff. For Ribeira Seca, under a calibrated
condition, 50% of the catchment produces saturated overland flow
(OK and KED scenarios).
• In the Cape Verde context, where topography is rough and contributes to strong variations in soil properties within short distances,
lack of sampling will produce unrealistic soil parameter values if
they are directly allocated to mapping units. The use of inputs obtained by geostatistics compensates lack of sampling and results in
peak discharges that are easily calibrated and with realistic values.
• The overall conclusion is that to decrease equifinality and get a
better grip on soil loss predictions, much better spatial information on the processes is needed. Spatial information of input soil
properties alone is clearly not enough in this complex landscape,
certainly not when different mapping strategies are available. More
input data is nice but essentially will not solve this problem.
• Spatial acquisition of runoff and soil loss is expensive and time
consuming, and has its own complications such as establishing runoff plots or monitoring elementary catchments. Nevertheless the
simulated spatial patterns are very different so it may be sufficient
to simply do a farm survey after a rainfall event and enquire if
there was runoff and erosion on the fields. A simple classification
in no/low/medium/severe runoff may be sufficient to decide which
scenario is best for this catchment.
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7.1 Results Summary and Objectives
The geographic situation, limited resources and climate constrain development in Cape Verde. Erosion processes are accelerated by intensive use of soils caused by scarcity of arable land, that combined with
droughts and flash floods are causing desertification.
Terracing and reforestation as measures to combat erosion in Cape
Verde started more than 30 years ago, with a result of 90.000 hectares
reforested and a landscape altered to provide more arable areas. Moreover, Cape Verde implemented the objectives of the United National
Convention to Combat Desertification (UNCCD, 1999) through the National Environment Action Plan NEAP II.
In Cape Verde, continuous efforts to prevent desertification are hampered by lack of financial resources. Furthermore it is not know to
what extent the conservation practices are successful, as data is lacking.
Small scale experimental setups have existed which gives insight on a
slope/field level, but the data is lacking for catchment based management. Additional data sources have to be found, the available data has to
be taken advantage of, and useful information has to be selected. Data
selection and availability have implications on the scope of erosion studies for Cape Verde and therefore in the usability of the results. In this
research, limitations in rainfall data has been studied and characterized,
as the main input for flash floods and erosion studies at different scales.

7.1.1 Objective 1: Influence of topography on rainfall variability
Rainfall in Santiago Island is highly variable, as a consequence of diverse
factors, such as the Inter Tropical Convergence Zone, tropical storms
originated in the Sahel, a rough relief with alternating valleys and sudden
high elevations. To assess the influence of topography and location on
the variability of rainfall, in Chapter 2 multivariate analysis was carried
out between daily, monthly, and seasonal rainfall, against elevation, slope,
aspect, and coordinates of the stations, using monthly rainfall data of 30
seasons (1981 to 2010), with daily rainfall data for the latest 14 seasons
(1997 to 2010). The results show that elevation is the main parameter
driving rainfall in Santiago, however daily rainfall is influenced by diverse
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factors, as a consequence of the rough topography with abrupt changes
within few meters. The coefficients of determination show an inverse
relationship with the rainfall depth: moderate rainfall totals (120-150
mm monthly, 250-300 mm seasonal) produced the best correlations for
seasonal and monthly rainfall, while very low (<50 mm for monthly,
<100 mm for seasonal) and very high amounts (>250 mm for monthly,
>350 for seasonal) resulted in poor correlations.
The results suggest that in Santiago Island, high and more extreme
rainfall events are less influenced by elevation, while low and medium
rainfall events are significantly influenced by orography. The number
of days with strong rainfall were counted to assess their influence on
monthly and seasonal rainfall. It was found that a single day with extreme rainfall can contribute up to 30% of the monthly rainfall and up to
20% of the seasonal rainfall. The coefficient of variation CV was calculated over the island using rainfall data between 1981 and 2010, obtaining
values above 0.30 with a most common value of 0.40, indicating high
temporal variability of rainfall even within short distances. A long term
average seasonal rainfall map was elaborated using elevation as external
drift, as it is the main parameter influencing seasonal rainfall. Given
the high variability of rainfall in Cape Verde from season to season,
parametrization of rainfall is difficult. Furthermore, ground truth rainfall
measurements in Cape Verde are not reliable: malfunctioning rainfall
gauges produce biased and fluctuating networks, strong rainfall make
difficult to take measurements while is still raining so the measured value
is not always representative for 24 hours, stations are semi-automatic or
manual, in several cases with hand-written records, among others.
Conclusions:
• For long term cumulative rainfall, elevation seems to be a good
indicator of rainfall patterns in Santiago Island, however extreme
events act independently of the orographic effect. If a season
consists of few very strong events, the orographic effect may not
be visible for that year. Seasonal rainfall and long term rainfall will
be influenced by orography only in the case of few extreme events
per year masked by average precipitation.
• For agricultural purposes and drought studies, elevation is helpful
to determine rainfall variability, for flash floods, runoff and erosion
it is not. In Cape Verde, erosion models that use annual precipitation in regular patterns based on elevation are likely making a
mistake.
• Lack of ground stations and unreliable data makes necessary to
look for alternatives for rainfall measurement, such as satellite
rainfall estimates.
124

7.1. Results Summary and Objectives

7.1.2 Objective 2: Satellite rainfall estimates as input for erosion
models
The usability of satellite rainfall estimates for erosion studies in Cape
Verde, where short intervals rainfall is scarce, and stations are not
always operative, was tested. In Chapter 3 the 3B42 and 3B43 products
from the Tropical Rainfall Meteorological Mission TRMM, and the MultiSensor Precipitation Estimate MPE from Meteosat second generation were
compared to ground data measured by the rainfall network of Santiago
Island and to the rainfall measured by a Parsivel optical disdrometer,
collecting data every 3 minutes. The TRMM products provide a temporal
resolution of 3 hours at a 25 km spatial resolution, and the MPE of
Meteosat has a spatial resolution of 1 to 3 km with a temporal resolution
of 15 minutes. Satellite rainfall estimates from TRMM and Meteosat
sensors underestimate the amount of rainfall compared to the ground
data measured by the rain gauges network of the island, making these
estimates unsuitable for erosion modeling in Cape Verde as stand-alone
products.
To improve the satellite rainfall estimates for Cape Verde, the temperature of precipitable clouds in the 10.8 µm infrared channel was
correlated to data for 3 rainy seasons (2008-2010) measured with the
Parsivel disdrometer. The best fit between rainfall intensity and cloud
temperature was obtained with a modified exponential equation, with a
correlation r of 0.75, acceptable for tropical conditions. The equation
describing rainfall intensity as a function of cloud temperature was employed to obtain rainfall intensity from the 10.8 µm channel of Meteosat.
Rainfall intensity aggregated as daily precipitation was compared to the
rainfall depths measured on the ground, obtaining a good agreement
for most of the days but underestimation or overestimation for some
days. Despite the new estimate limited coverage and lack of long term
historical data, given its high temporal and spatial resolution it can be
used for diverse types of models, and for applications where rainfall
is required. The new estimate allows coping with data scarcity in Cape
Verde.
Conclusions:
• Currently available satellite rainfall estimate products underestimate rainfall depths in Cape Verde, due principally to lack of
calibration in small off-shore areas, which make their usability for
erosion studies very limited.
• A new rainfall estimate obtained correlating cloud temperature with
ground data at a high temporal resolution was developed. The new
estimate is a first approach to compensate with lack of ground data
in Cape Verde, requiring further measurements and calibration.
However this new estimate is a useful input for erosion modeling
at medium scales.
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7.1.3 Objective 3: A kinetic energy - rainfall intensity relationship
for Cape Verde
Using an optical Parsivel disdrometer installed in The Ribeira Seca catchment on Santiago Island between September 2008 and September 2010,
and recording data every 3 minutes, parameters of the rainfall distribution such as visibility, reflectance, rainfall intensity, were measured.
Employing the method of moments of the rainfall distribution (see Chapter 4), kinetic energy flux or expenditure KEtime , and momentum flux
MtA were derived. Kinetic energy content KEmm was calculated dividing KEtime by rainfall intensity for every time interval. Kinetic energy
expenditure, content, and momentum flux were correlated to rainfall
intensity. Kinetic energy content and rainfall intensity were correlated
using a logarithmic, an exponential and a power-law equations. The best
fit was obtained with a power-law equation (Equation 4.22), that also
produces a more realistic result, as with a logarithmic or exponential
equation there is a minimum kinetic energy content without rainfall.
The best fit between kinetic energy expenditure and rainfall intensity
was obtained with a power-law equation (Equation 4.19), resulting in a
correlation coefficient R 2 of 0.96.
Kinetic energy content equations present a high scatter in kinetic
energy, as a result of a spurious self-correlation. For this reason, kinetic
energy expenditure is preferred and erosion models should be careful in
the use of KEmm equations or should be adapted to use KEtime relationships. The best fit between momentum flux and rainfall intensity was
obtained as well with a power-law equation, with a correlation coefficient
R 2 of 0.98 (Equation 4.23), indicating that kinetic energy expenditure
and momentum flux are interchangeable indices for erosivity. The new
kinetic energy - rainfall intensity relationship contributes to the characterization of rainfall originating from tropical depressions at lower
latitudes.
Conclusions:
• The power-law equation for kinetic energy expenditure - rainfall
intensity developed in this research is recommended for erosion
studies in Cape Verde and in semi-arid areas with rainfall originating from tropical depressions. This equation avoids self-spurious
correlations and captures the variations of intensity occurring in
mountainous dry and semi-areas.
• The equation developed in this research serves as input for erosion
models from large to small scales.

7.1.4 Objective 4: Improving erosivity estimates for Cape Verde
Erosivity, the potential of rainfall to detach soil particles, is a parameter used in several models to link rainfall and soil losses. Erosivity is
usually calculated from high temporal resolution rainfall during a long
period of time, data not always available. For Cape Verde Mannaerts
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and Gabriels (2000b) calculated erosivity using 7 years precipitation data
at 15 minutes time interval and using rainfall kinetic energy - intensity
relationships from Brown and Foster (1987) and Wischmeier and Smith
(1958) developed for temperate areas. Using the data from Mannaerts
and Gabriels (2000b) and additional data collected with an optical disdrometer between 2008 and 2010 with a temporal resolution of 3 minutes,
storm erosivity (EI30 ) was re-evaluated using the rainfall kinetic energy
expenditure - intensity relationship developed for Cape Verde in Chapter 5. A new equation for storm erosivity as a function of daily rainfall
was developed (Equation 5.6). Annual erosivity R-factor resulting from
adding EI30 values was correlated to annual precipitation (Equation 5.7)
and to the Modified Fournier index, calculated from long term monthly
data available in Cape Verde (Equation 5.8).
Monthly and long term annual erosivity were mapped using the Modified Fournier Index, and the erosivity R-factor as a function of annual precipitation was mapped for a dry, a wet and an average year.
Annual erosivity R-factor in Cape Verde can reach values above 1700
J mm m−2 h−1 . Given the strong relationship between rainfall and elevation, high erosivity in Santiago Island occurs on higher elevations,
coinciding with steep slopes and shallow soils, which makes these areas
susceptible to erosion. Correlation of erosivity R-factor with the Modified Fournier Index is a useful approximation for areas where short time
interval rainfall is not available, such as Cape Verde.
Conclusions:
• The kinetic energy equation developed in Chapter 4 was employed
to improve the erosivity estimates for Cape Verde, using as well
alternative indices for erosivity, such as the Modified Fournier Index.
These indices allow to employ the limited rainfall data available in
Cape Verde.
• Long term evaluation of erosivity is a first useful approach to understand the relevance of rainfall on land degradation in a large
scale, specially for conservation and planning. However, for countries such as Cape Verde with a single rainy season presenting
strong inter annual variations, erosivity should be studied principally in terms of single events.

7.1.5 Objective 5: Best mapping strategies for physically-based
erosion modeling
In Chapter 6, the potential equifinality on the spatial variation of runoff
and erosion patterns resulting from different input maps is studied using
openLISEM in Ribeira Seca, a catchment containing all the ecosystems
existing in the island. Four sets of of input maps with different degrees
of complexity were created: average values allocated to general soil map
units ASG1, average values allocated to detailed map units ASG2, values
interpolated by ordinary kriging OK, and interpolated by kriging with
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external drift KED. For compatibility purposes, additional parameter
inputs of the model followed the same mapping scheme. To evaluate
the influence of rainfall on runoff and erosion, two storm events with
different intensity and duration were considered. With all the type of
inputs the measured discharged was reached, showing the equifinality
of the exercise. However, ASG1 and ASG2 required unrealistic low soil
moisture values to reach the measured discharge. The units of ASG1
and ASG2, where properties values are lumped and sometimes with
strong variations compared to adjacent units, act as thresholds where
runoff appears or not, creating uneven patterns of runoff and therefore
of erosion, caused in some cases for poor connectivity between units.
With OK and KED inputs the spatial variations of properties are relatively
smooth, and results of discharge and erosion were similar
Lumped values of a property per mapping unit can create unrealistic
values if the property has strong variations within short distances. Using
average values of soil depth per unit creates different soil storage capacity patterns depending on the type of mapping strategy employed. If
soil depth, porosity and moisture are properly measured but misrepresented by allocating averages, the soil storage capacity of the soil will
be misrepresented as well. For shallow soils with antecedent moisture,
low intensity rainfalls tend to generate Hortonian runoff, as the infiltration capacity is quickly reached, while strong events tend to produce
saturation overland flow, as the soil storage capacity is fulfilled. As a
result, different complexity representations of soil storage capacity will
create different patterns of runoff, and thereof, of erosion. For areas with
strong variations of soil properties within short distances, geostatistics
is recommended for input generation, or exhaustive sampling with adequate mapping units. However, the main conclusion is that all methods
give a different pattern of runoff and erosion. By looking in the field
and asking farmers actual areas where runoff and erosion take place it is
possible to choose adequate spatial input scenarios for modeling. Runoff
just at the outlet is meaningless as it can be generated in multiple ways
by calibrating input parameters.
Conclusions:
• Different input complexities produce equally valid results. Nevertheless, for a catchment with strong spatial variability of soil
properties and topography, the higher the complexity the easier
the calibration.
• While the equifinality exists towards the discharge of water and
sediment at the outlet of the Ribeira Seca catchment, the different
datasets give very different patterns of runoff and erosion. These
can be experimentally checked, or even detected by farmers response. Thus it is possible in principle to select the dataset closest
to reality. This implies that it is also possible based on model
results to quantify soil loss spatially and thus advise on effective
conservation measures.
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7.2 Contributions and Limitations
The first step to decide where and how to intervene effectively against
land degradation is to know where is it happening and with which intensity. Modeling allows to understand the level of impact of land
degradation and to detect areas where soil and water conservation works
are required. However, modeling is constrained by data availability,
and developing methods to take advantage of existing information and
reduce data acquisition is of high relevance in developing areas with
shortage of financial resources. In this research, parameters relevant for
erosion and runoff modeling have been derived making use of readily
available data, but also of new technologies. The contributions of this
research are expressed in terms of the usability of the outputs presented.

7.2.1 Contributions
In Cape Verde prevention is needed. As rainfall changes from season
to season, it is important to understand areas that can face shortage of
water and areas with excess. Works such as reservoirs can be planned
for locations susceptible to water deficits. As top of the mountains
present shallow soils and are susceptible to high rainfall erosivity, their
exploitation for agriculture and wood extraction should be avoided, and
community reforestation plans promoted.
In Chapter 2 a long term mean seasonal rainfall map was elaborated
(Figure 2.10). This map is useful for agricultural and engineering planning, droughts prevention, and water management. To compensate for
uncertainties and bias caused by lack of active rain gauges, in Chapter 3
an equation to obtain 15-minutes rainfall from cloud temperature was
derived
Given the fact that rainfall detachment is an important cause for
erosion, in Chapter 4 the kinetic energy of rainfall in Cape Verde was
parametrized with an equation that is useful for erosivity estimation
in empirical, conceptual and physical models. This equation developed
exclusively for Cape Verde can be used in similar areas where such a
relationship does not exist. The kinetic energy equation was used both
to update erosivity estimation in Cape Verde and as input for calculating
erosivity in openLISEM. A kinetic energy - rainfall intensity equation
for Cape Verde allows obtaining erosivity values representative of the
actual conditions of the country when compared to using relationships
developed for temperate areas. The erosivity maps presented in Chapter 5 obtained from ready available data and making use of the kinetic
energy - rainfall intensity equation for Cape Verde, serve to detect areas
susceptible to detachment erosion in Santiago Island for planning of
protection and conservation measures, such as reforestation. Chapter 6
presents output results of erosion modeling in Ribeira Seca, a catchment highly susceptible to erosion due to steep slopes and with a high
concentration of agricultural activities. The results of Chapter 6 also
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show the importance of field monitoring of runoff and erosion patterns
for a better prediction.

7.2.2 Limitations
This research was done in Santiago Island, the biggest of the Cape Verde
archipelago, as data for other islands was limited. Despite of the existence of a rain gauges network with more than 30 years of data, not
all the stations are operational all the time. The rain gauges are well
distributed regarding altitude, but concentrated in the center of the island. Moreover, records are restricted to daily rainfall, recorded by visual
inspection, and with only one station recording at a shorter time interval
of 6 hours (Praia Airport). Lack of high temporal resolution rainfall is a
limiting factor for erosivity estimation, for correlations between ground
and satellite estimates, and for event-based modeling.
The correlation between cloud temperature from the infrared channel
of Meteosat and ground rainfall data, was done for a single point, where
high temporal resolution rainfall was measured (Chapter 3). Ideally,
high temporal resolution rainfall should be measured for a long term
period and at several locations in the island, with different altitudes and
leeward and windward. These measurements can be correlated to the
corresponding pixel values from cloud temperature for a better rainfall
estimation.
Measurements with the disdrometer were done for a single location
and for three seasons. To better capture the spatial variability of rainfall kinetic energy additional measurements can be taken at different
places of the island and in different islands. The kinetic energy - rainfall
intensity relationship presented in Chapter 4 can be improved with measurements during a longer period of time, in order to cover dry and wet
seasons with a broader range of intensities.
Erosivity was calculated with rainfall data between 1981 and 1987
and with data between 2008 and 2010, at different locations and with
a gap of 20 years. The rainfall gap could be covered by methods such
as rainfall disaggregation, where rainfall data is discretized into smaller
time intervals using a statistical approach (Connolly et al., 1998; Glasbey
et al., 1995; Gyasi-Agyei and Mahbub, 2007), or partially with available
satellite rainfall estimates. Long term mean seasonal rainfall and long
term erosivity were calculated with 30 years of data that was not continuous for some stations, and the best correlation between the erosivity
R-factor and the Modified Fournier Index was obtained using the average
MF Ij over the island (Chapter 5).
Runoff was measured at a single point located upstreams of the Ribeira Seca catchment, and sediment discharge was not measured (Chapter 6). Runoff and erosion for the catchment were observed for events
other than the ones used for modeling. The strongest influence of rainfall
on runoff and erosion may occur at the beginning of the rainy season,
when the soil is exposed; however model parameters, rainfall events and
discharge measurement were done in the middle of the rainy season.
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The spatial representativity of the model can be improved taking into
account the actual patterns of runoff and erosion, by visual inspection
and referring to the reports from farmers.

7.3 What is needed and future research
Cape Verde is affected by rainfall driven erosion and storm runoff. Despite conservation measures implemented 30 years ago land degradation
problems continue as it is not clear if these really work. Cape Verde
requires an integrated watershed management approach that studies:
• the effect of conservation measures,
• the effect of land use changes,
• scenarios for sustainable land management, climate change, among
others.
The achievement of such integrated approach requires:
1. Models adapted to the local situation that allow the analysis of
the effects mentioned above. In this research rainfall has been
studied and it has been shown what can be used and what cannot.
The knowledge of rainfall was improved and translated to various
algorithms that facilitates the use of the right tools for Cape Verde.
However the data for true spatially variable rainfall events is lacking
and still we do not know if certain areas are more prone to erosion
than others, where are the problem areas, and what can be done.
Ground rainfall data are suitable for bulk estimated related to elevation, but satellite imagery is needed to predict the effect of large
rainstorms. However satellite rainfall estimates are not operational
yet: there are discrepancies between ground measurements and satellited derived data, and in the case of some estimates, the spatial
resolution is relatively coarse and the temporal resolution is not
ideal, given the fact that erosion is strongly related to momentary
kinetic energy bursts.
2. Investment in calibration in Cape Verde is a must. Proper calibration data of runoff and discharge is missing, specially long term
runoff and discharge data. Even with equifinality, calibration is still
imperative for good model predictions. Farmers reports on runoff
and erosion can be incorporated for model validation.
Additional areas of research that can be explored are:
1. Rainfall satellite estimates for modeling: satellite derived rainfall
can be in principle combined with distributed models such as
openLISEM, but this would initially serve the purpose to study the
effect of spatially variable rainfall, and not to predict accurately
runoff and erosion. For that purpose research still has to be done.
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2. Land use changes: Satellite imagery such as ALOS-AVNIR are available for Cape Verde and for different seasons. These images can
be employed for land use change analysis, and to indirectly retrieve
parameters required for erosion modeling.
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Summary

Pressure over land for agriculture and rainfall variations caused by weather and climate variability and by climate change, are increasing soil
erosion processes and resulting in desertification. Tropical semi-arid
countries, with occurrence of extreme rainfall events in short time intervals are more susceptible to flash floods and erosion, that are aggravated
if the relief effect is added to the equation. The majority of the semi-arid
areas of the world are in developing countries, where pressure over
land is even higher and where measures against erosion are still inadequate due to financial limitations. Data availability poses a challenge for
the understanding of rainfall and erosion processes in many semi-arid
developing countries. Cape Verde, off the west coast of Africa, is a semiarid country conformed by a group of islands located in the tropical
zone, subject to a short rainy season with extreme inter annual variation,
and where data is scarce. In Cape Verde, poor agricultural practices
along with few arable land and extreme events are intensifying erosion
processes leading to desertification.
Parameterization of rainfall in Santiago Island, the largest of Cape
Verde, showed that elevation can be used as main predictor for monthly
and seasonal rainfall. A few days only with extreme high and intense
rainfall events can control the rainfall patterns of the month and the
season. On the other hand, extreme weather events act more independently of orography. For drought studies and agricultural purposes,
rainfall variability can be studied in terms of elevation, however erosion
models are better studied in terms of single events. In Cape Verde, rain
gauges are not always operative and observations are not all of the same
reliability, which makes adequate rainfall parameterization difficult.
As ground rainfall measurements are not always available, estimates
from satellite were considered for Cape Verde, particularly from readily available data such as the Tropical Rainfall Meteorological Mission
(TRMM) and the Multi Precipitation Estimate from MeteoSat 2nd generation. Comparison with ground data measurements showed that the
products from these sensors underestimate the amount of rainfall. A
newly derived estimate based on cloud top temperature of precipitable
clouds correlated better with high temporal resolution ground data measured by an optical disdrometer, and provided a more acceptable fit and
rainfall depths within the ranges measured on the ground. The estimate
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could be calculated for 15-minute intervals, which makes it usable as
input for erosion studies based on single events.
Rainfall erosivity is an important parameter in erosion studies, as
it describes the ability of rainfall to detach soil particles. An equation
to estimate kinetic energy of rainfall was not available for Cape Verde.
Erosivity was expressed in terms of kinetic energy and momentum of
rainfall. The best correlation between rainfall kinetic energy and rainfall
intensity was obtained with a power-law equation, and in the form of
kinetic energy expenditure in terms of time, in contrast with the usual
kinetic energy expressed in terms of rainfall volume. Momentum was
also best correlated with rainfall intensity by a power-law equation, and
it was found that momentum and kinetic energy are interchangeable
parameters for erosivity estimation. The new kinetic energy - rainfall
intensity equation has been developed and is recommended for erosivity
estimation and erosion modeling for Cape Verde, but can be employed in
other semi-arid regions with rough topography and at tropical latitudes
with similar rainfall characteristics.
The kinetic energy - rainfall intensity relationship was employed to
estimate erosivity and to develop relationships correlating it with daily
precipitation. Annual erosivity R-factor was correlated to annual precipitation. As high temporal resolution rainfall is not available for Cape
Verde, an alternative index for erosivity based on monthly precipitation
for a long period of time, namely the Modified Fournier Index, was calculated. The Modified Fournier Index was employed to estimate monthly
and long term annual erosivity, and these were mapped and correlated to
the R-factor. Because monthly and seasonal rainfall in Santiago Island are
related to elevation, the highest erosivity values occur evidently at higher
elevations, coinciding with steep slopes and shallow soils. Alternative
indices for erosivity estimation allow coping with lack of data and permit
to take advantage of the available information.
Runoff and erosion was modeled for Ribeira Seca catchment in Santiago Island by openLISEM, a physical event-based hydrological and soil
erosion model. Eight scenarios were created by employing two rainfall
events and four types of input maps with different degrees of complexity:
low complexity maps consisted in small or large mapping units, while
high complexity maps were obtained using geostatistics. The scenarios
provided valid results, however unrealistic calibration parameters were
required for the low complexity maps in order to correlate hydrological
model output to the measured hydrographs. Moreover, different complexity representations of input parameters such as soil water storage
capacity, result in different runoff and erosion patterns. Runoff measured at the outlet is not enough as it can be obtained by calibration,
whereas looking in the field where the actual runoff and soil losses occur
facilitates the selection of the adequate input scenario for the model.
This dissertation as a whole aims to contribute to the knowledge and
characterization of rainfall and erosivity for runoff and erosion modeling
in a data scarce tropical environment.
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Samenvatting

Druk van de landelijke bevolking op land en het bodemareaal voor
landbouwdoeleinden, samen met de sterke jaarlijkse schommelingen
in neerslag, en nog versterkt door een toegenomen weer - en klimaat
variabiliteit en verandering, leidt in vele gevallen tot een toename in
bodemerosie en kan leiden tot verwoestijning, vooral in gebieden met
weinig neerslag. Droge tropische en semiariede gebieden, waar dikwijls
veel neerslag in korte tijdsperioden valt, zijn meer kwetsbaar voor extreme regenval en vergezellende stormafvoeren en bodemerosie. Deze
processen uiten zich nog nadrukkelijker in berggebieden en regio’s met
een grillige topografie en een sterk reliëf.
De meerderheid van de droge en semiariede gebieden in de wereld
bevinden zich in derde wereld landen, waar de bevolkingsdruk op landbouwgrond nog hoger is, en waar maatregelen tegen bodemerosie dikwijls nog niet doeltreffend worden ingezet, bij gebrek aan financiële en/of
andere middelen. De beschikbaarheid aan harde gegevens en feiten
vormt dikwijls ook een obstakel voor het beter begrijpen en bestuderen
van regenval en bodemerosie processen in vele landen. Kaapverdië, een
eilandengroep ten westen van de west Afrikaanse kust in de subtropische
zone, heeft een semiariede klimaat, dat gekenmerkt wordt door een zeer
kort regenseizoen of moesson, die bovendien ook nog onderhevig is aan
zeer grote jaarlijkse schommelingen. Natuurwetenschappelijke gegevens
over deze archipel zijn ook nog eerder schaars.
Bepaling van de fysische parameters van de regenval van het eiland
Santiago, het belangrijkste van Kaapverdië, heeft aangetoond dat de
hoogte boven zeeniveau kan gebruikt worden als eerste voorspellingsvariabele voor maandelijkse neerslag alsook van het hele regenseizoen.
Enkele dagen met extreme regenval kunnen echter de totale jaarlijkse
neerslag alsook de ruimtelijke regenvalverspreiding over het hele eiland
sterk beïnvloeden. Er werd ook vastgesteld dat extreme weergebeurtenissen, zoals passage van tropische depressies en cyclonen over de archipel,
vrij onafhankelijk van de topografie werken. Voor droogtestudies en
landbouwdoeleinden, is de studie van de hoogte op neerslag van belang.
Voor erosiestudies zijn individuele regenvalgebeurtenissen en stormen
echter van meer belang. In Kaapverdië bestaat een vrij uitgebreid regenvalmeetnetwerk, maar niet alle observaties zijn van gelijke kwaliteit, en
dit maakt de fysische karakterisering van regenval vrij moeilijk.
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Omdat lokale metingen van neerslag niet altijd en overal beschikbaar waren en zijn in Kaapverdië, werden neerslagschattingen gemaakt
door middel van weersatellieten onderzocht, zoals de TRMM (“Tropical Rainfall Monitoring Mission”) en de MSGMPE (“Meteosat Multisensor
Precipitation Estimate”) gegevens. Een vergelijking met grondgegevens
toonde aan dat observaties van deze sensoren meestal tot een onderschatting van de neerslaghoeveelheden leidt op de eilanden, wanneer
vergeleken met grondwaarnemingen. Een eigen verbetering aan het algoritme van de schattingen, gebaseerd op de wolkentemperatuur van
regenwolken, leidde tot een beter verband met de grondwaarnemingen.
De validatie werd uitgevoerd door middel van metingen gemaakt met een
eigen optische laser “distrometer”. Door vergelijking met deze optische
laser waarnemingen konden neerslagschattingen in 15-minuut intervallen gemaakt worden, een tijdstap die nuttig en eigenlijk vereist is voor
hydrologische en bodemerosie studies.
De erosiviteit van regenval is een belangrijk gegeven in bodemerosie
studies, want het beschrijft de kracht van neerslag om gronddeeltjes los
te maken van de bodem (i.e. detacheren) en weg te spoelen of te eroderen.
Neerslag erosiviteit wordt in deze studie fysisch uitgedrukt door het
product van kinetische energie (KE) met intensiteit (I) van de regenval,
alsook door het krachtmoment (massa × snelheid) van de neerslag. Het
beste verband tussen kinetische energie en neerslag intensiteit werd
gevonden met een non-lineair verband, en vooral door de kinetische
energie uit te drukken als een functie van de tijd, in plaats van de meer
courante KE per hoeveelheid neerslag. Ook het regenval krachtmoment
was goed gecorreleerd met intensiteit door middel van een non-lineair
verband. Er werd vastgesteld dat beide grootheden, kinetische energie in
de tijd en het krachtmoment kunnen gebruikt worden voor de bepaling
van regenval erosiviteit. Een nieuwe KE − I vergelijking werd opgesteld
en kan aangeraden worden voor de bepaling van neerslag erosiviteit op
Kaapverdië en andere semiariede gebieden, met gelijkaardig klimaat,
regenval en fysiografische eigenschappen.
Het KE − I verband werd verder gebruikt om erosiviteit relaties te
ontwikkelen en correlaties met dagelijkse neerslag te onderzoeken. De
jaarlijkse erosiviteit uitgedrukt als R-factor, werd onderzocht als functie
van de lange termijn jaarlijkse neerslag. Omdat regenvalgegevens, gemeten in korte tijdsintervallen (van korte duur) vrijwel niet beschikbaar
waren voor Kaapverdië, werd ook een alternatieve erosiviteit-index, de
aangepaste Fournier-index berekend. Deze werd gebruikt om de lange
termijn maandelijkse en jaarlijkse erosiviteit te bepalen. Gezien het feit
dat neerslag op Santiago eiland sterk gecorreleerd is aan de hoogte boven
zeeniveau, werden logischerwijze de hoogste R waarden gevonden in de
hogere en steilere gebieden. Deze indexen laten toe om met beperkte
regenval gegevens, de mogelijk eroderende invloed van neerslag op het
milieu te bepalen.
Regenvalafvoer en bodemverliezen werden gemodelleerd voor het
“Ribeira Seca” stroomgebied door middel van openLISEM, een fysisch
rekenmodel om regenval stormafvoeren, bodemverliezen en sediment
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transport te begroten voor stroomgebieden. Verschillende scenario’s
werden ontwikkeld waarbij twee karakteristieke maar gemeten neerslagbuien werden gebruikt en vier varianten van de ruimtelijke model inputgegevens, van verschillende orde van complexiteit, werden aangewend.
De input gegevens (digitale kaarten) van een eenvoudige complexiteit
bestonden uit geaggregeerde kaarteenheden met bodemgegevens. De
meer complexe ruimtelijke model inputgegevens werden verkregen door
middel van geostatistische analyse van bodemgegevens.
Simulering van de regenval-water afvoeren van het stroomgebied
leidde tot betrouwbare resultaten. Bij het gebruik van de invoergegevens
met lage complexiteit moesten echter weinig realistische kalibratiewaarden aangewend worden om tot een goed model resultaat te komen, want
kan duiden op een te eenvoudige representatie van de inputwaarden van
de model parameters. Bij de meer complexe representaties van de modelinvoergegevens leidden de selectie van modelparameters, bijvoorbeeld
van de bodemwater retentiecapaciteit tot verschillende resultaten. Dit
leidde tot andere ruimtelijke waarden en verdeling van de stormafvoer
en ruimtelijke patronen van bodemverliezen. Het blijkt dat modelkalibratie gebaseerd op enkele afvoer meetlocaties, niet voldoende is om de
ruimtelijke gespreide schattingen van regenafvoer en bodemverliezen
nauwkeuring te bepalen. Veldwaarnemingen en kennis van het lokale
hydrologische gedrag van de bodems en invloed van helling en vegetatie, blijven noodzakelijk en essentieel om tot een betrouwbaar model
resultaat te komen.
In zijn geheel wil dit onderzoek bijdragen aan de kennis en karakterisering van regenval en de eroderende invloed van neerslag op het landschap in kwetsbare droge tropische gebieden, waar tevens een schaarste
aan wetenschappelijke gegevens bestaat.
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Resumen

La presión sobre el suelo arable y las variaciones en los patrones de
lluvia causados por el cambio climático, han incrementado los procesos
de erosión, dando como resultado desertificación. Países tropicales semiáridos, con ocurrencia de eventos de lluvia extremos en cortos intervalos
de tiempo, son más susceptibles a inundaciones de creciente y a erosión,
que son agravados si el efecto del relieve se añade a la ecuación. La
mayoría de áreas semi-áridas en el mundo están localizadas en países
en vías de desarrollo, donde la presión sobre la tierra es mayor y donde
las medidas contra la erosión aún son inadecuadas debido a limitaciones
financieras. La disponibilidad de datos presenta un reto para entender
los procesos de lluvia y erosión en muchos países en desarrollo ubicados
en áreas semi-áridas. Cabo Verde, en la costa oriental de Africa, es
un país semi-árido conformado por un grupo de islas localizadas en
la zona tropical, y sujetas a una temporada de lluvias corta con una
variación interanual extrema, y donde los datos disponibles son escasos.
En Cabo Verde, prácticas agrícolas deficientes junto con poca tierra
arable y eventos extremos, están intensificando la erosión, conllevando a
desertificación.
La parametrización de lluvia en la Isla de Santiago, la mayor de Cabo
Verde, mostró que la elevación puede ser usada como el predictor principal para lluvia mensual y de temporada. Unos pocos días con eventos de
lluvia extrema e intensa pueden controlar los patrones de lluvia mensual
y de temporada. De otra parte, eventos climáticos extremos actúan de
forma independiente de la orografía. Para estudios de sequía y para
propósitos agrícolas, la variabilidad de la lluvia puede ser estudiada
en términos de elevación, sin embargo los modelos de erosión más
adecuados para estudiar la zona están en términos de eventos independientes. En Cabo Verde, los pluviómetros no son siempre operativos y
las observaciones no son de la misma confiabilidad, lo que dificulta una
parametrización adecuada de la lluvia.
Dado que mediciones en tierra no son siempre disponibles, para Cabo
Verde fueron consideradas estimaciones obtenidas de satélites, especialmente de datos disponibles de forma inmediata como por ejemplo la
Misión Meteorológica de Lluvia Tropical (TRMM) y el Estimado de Multi
Precipitación de MeteoSat 2da generación. Comparaciones con datos
medidos en terreno mostraron que los productos de estos sensores su155
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bestiman las cantidades de lluvia. Un nueva estimación basada en la
temperatura superior de las nubes con lluvia precipitable obtuvo una
mejor correlación con los datos de alta resolución temporal medidos en
terreno con un disdrómetro óptico, y resultaron en una correspondencia
más aceptable y en profundidades de lluvia dentro de los rangos medidos
en terreno. Este nueva estimación puede ser calculada para intervalos de
15 minutos, lo que le hace utilizable para estudios de erosión basados
en eventos independientes.
La erosividad de la lluvia es un parámetro importante en los estudios
de erosión, ya que describe la habilidad de la lluvia para desprender
partículas de suelo. Ecuaciones para estimar la energía cinética de la
lluvia no existían para Cabo Verde. La Erosividad en Cabo Verde fue
expresada en términos de la energía cinética y momento de la lluvia.
La mejor correlación entre la energía cinética e intensidad de la lluvia
fue obtenida con una ecuación de ley de potencias, y en la forma de
gasto de energía cinética, en términos de tiempo, en contraste con las
expresiones usuales de energía cinética en términos de volumen. El
momento de la lluvia también fue correlacionado con la intensidad por
medio de una ecuación potencial, y se encontró que el momento y la
energía cinética son parámetros intercambiables para la estimación de
erosividad. La nueva ecuación de energía cinética – intensidad de lluvia
ha sido desarrollada y es recomendada para la estimación de erosividad y
el modelamiento de erosión en Cabo Verde, pero puede ser empleada en
otras regiones semi-áridas con fuerte topografía y en latitudes tropicales
con características de lluvia similares.
La relación energía cinética – intensidad de lluvia fue empleada para
estimar erosividad y para desarrollar relaciones que correlacionan a ésta
con precipitación diaria. El factor de erosividad anual R fue correlacionado con precipitación anual. Ya que lluvia con alta resolución temporal
no es disponible para Cabo Verde, un índice alternativo para erosividad
basado en precipitación mensual durante un largo período de tiempo llamado índice de Fournier Modificado fue calculado. El índice de Fournier
Modificado fue empleado para estimar erosividad mensual y anual a largo
tiempo, que fueron mapeados y correlacionados con el factor R. Dado
que la lluvia mensual y temporal en la Isla de Santiago están relacionadas
con elevación, los valores más altos de erosividad ocurren evidentemente,
en partes elevadas, coincidiendo con pendientes pronunciadas y suelos
superficiales. El uso de índices alternativos para estimación de erosividad permite sortear la escasez de datos y aprovechar la información
disponible.
La escorrentía y erosión de la cuenca de Ribeira Seca en la Isla de
Santiago fue modelada con openLISEM, un modelo físico hidrológico y
de erosión del suelo basado en eventos individuales. Ocho escenarios
fueron creados empleando dos eventos de lluvia y cuatro tipos de mapas
de entrada con diferentes grados de complejidad: mapas de baja complejidad consisten en pequeñas o grandes unidades de mapeo, mientras
que mapas de alta complejidad fueron obtenidos con métodos geoestadísticos. Los escenarios produjeron resultados válidos, sin embargo
156

se requirió calibración con parámetros irreales en los mapas de baja
complejidad para que el modelo hidrológico de salida correlacionara
correctamente con los hidrogramas medidos. Adicionalmente, diferentes
representaciones de la complejidad de los parámetros de entrada, como
por ejemplo la capacidad de almacenamiento de agua del suelo, resultaron en diferentes patrones de escorrentía y erosión. La escorrentía
medida en el desfogue no es suficiente ya que puede ser obtenida por
medio de calibración, mientras que observaciones en el terreno, en los
sitios donde escorrentía y pérdidas de suelo realmente ocurren, facilitan
la selección de escenarios de entrada adecuados para el modelo.
Esta disertación busca contribuir al conocimiento y caracterización
de la lluvia y erosividad para el modelamiento de escorrentía y erosión
en un ambiente tropical con escasez de datos.
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