Volume 32 Number 1
February 2021

Estimating wind power generation capacity in Zimbabwe
using vertical wind profile extrapolation techniques:
A case study
L. Gunda*1

, E. Chikuni2

, H. Tazvinga3

, J. Mudare4

1. University of Zimbabwe, Harare, Zimbabwe; National University of Science and Technology,
Bulawayo, Zimbabwe
2. Botho University, Gaborone, Botswana
3. South African Weather Service, Pretoria, South Africa
4. University of Zimbabwe, Harare, Zimbabwe

Abstract
Only 40% of Zimbabwe’s population has access to electricity. The greater proportion of the power is generated
from thermal stations, with some from hydro and solar energy sources. However, there is little investment in
the use of wind for electricity generation except for small installations in the Eastern Highlands, as Zimbabwe
generally has wind speeds which are too low to be utilised for electricity generation. This paper presents the
use of vertical wind profile extrapolation methods to determine the potential of generating electricity from
wind at different hub heights in Zimbabwe, using the Hellman and exponential laws to estimate wind speeds.
The estimated wind speeds are used to determine the potential of generating electricity from wind. Mangwe
district in Matabeleland South province of Zimbabwe was used as a test site. Online weather datasets were
used to estimate the wind speeds. The investigation shows that a 2.5kW wind turbine installation in Mangwe
can generate more than 3MWh of energy per annum at hub heights above 40m, which is enough to supply
power to a typical Zimbabwean rural village. This result will encourage investment in the use of wind to generate electricity in Zimbabwe.
Keywords: renewable energy; wind energy; power estimation, Hellman law
Highlights
• Wind power utilisation is low in Zimbabwe.
• Vertical wind profile is estimated using extrapolation methods.
• Online weather data for soil and water analysis tool was used.
• Electricity can viably be generated from wind in Zimbabwe.
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1. Introduction
The global population is growing annually and this
directly translates into increased demand for energy. This increased demand can only be met by
having a corresponding increase in power generation. Most developing countries depend more on
non-renewable fossil fuels than any other form, and
Zimbabwe has a particular reliance on non-renewable sources (UNICEF, 2015; Poudyal et al., 2019).
However, due to environmental concerns, many
countries have subscribed to the Kyoto Protocol,
and have made pledges to reduce their emissions by
some defined percentages (Nations, 1998). The
need to reduce emissions leaves an imbalance between energy demand and generation, since it implies that thermal power stations have to be downsized (Carbon Brief, 2019). The imbalance can be
addressed through introducing renewable energy
technologies, which have lower emissions. Solar,
hydro and wind energy are the three clean energy
technologies that have proved best to cover this
gap, as can be observed from experience in, for example, Germany, Brazil and India (REN21, 2019).
The solar option has the advantage that it can be implemented at small scale and hence is more widely
used in many rural areas than wind. Countries like
Germany and India, among others, have invested in
wind power and have reaped the benefits of the investments (Ministry of New and Renewable Energy
of India, 2016). Other countries, like those in subSaharan Africa are bedevilled by the lower wind
speeds that dominate, except for those, like South
Africa, Mozambique, Namibia and Angola, which
have coastlines with relatively higher wind speeds
caused by the difference between land and sea thermal properties (Ayodele et al., 2012).
There has been widespread use of vertical wind
profile extrapolation methods in order to estimate
wind speeds at different heights, and these methods
have given hope for those areas initially considered
as having insufficient wind resources for electric
power generation (Firtin, Güler and Akdaĝ, 2011;
Kubik, Coker and Hunt, 2011; Bañuelos-Ruedas,
Ángeles Camacho and Rios-Marcuello, 2012; Bratton and Womeldorf, 2012; Okorie, Inambao and
Chiguvare, 2017; Wood et al., 2017). Estimating
wind power generation capacity in Zimbabwe was
done using data from pre-set meteorological stations that had been strategically placed in the preindependence Zimbabwe era for agricultural purposes (Mungwena, 2002), and it was concluded that
Zimbabwe did not have enough wind resources for
electric power generation. However, research by
the International Renewable Energy Agency
(IRENA) has shown that Zimbabwe has some areas
with great potential for electricity generation using
wind (IRENA, 2015).
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Meteorological stations measure wind speed at
10 m heights (Tazvinga, Zhu and Xia, 2014) and this
is sufficient for agricultural purposes and weather
reports and forecasts. For wind power generation
capacity estimation, it is ideal to take measurements at greater heights and different locations,
since there may be some areas which are far from
the meteorological stations but have good wind
speeds for electricity generation. Work has already
been done to study the wind speed distribution for
some areas in Zimbabwe using the Weibull parameters (Hove, Madiye and Musademba, 2014). This
alluded to the potential for electric power generation in areas around Gweru, and was based on 50 m
hub heights. The conclusion was that that the highest power density at that height was in Gweru at a
value of 115 Wm-2.
Wind speed distribution is a function of not only
geographical location and height, but also of the
landscape in which the measurements are done.
Different places may have the same wind speeds at
a certain hub height, but a change in height may
mean a very different wind speed, due to the surface
roughness length and the wind shear coefficient (Ur
Rehman et al., 2015). It is against this background
that an investigation was conducted to determine
the potential for wind power generation in Zimbabwe for selected places at varying hub heights. The
Green Energy Zimbabwe website carried a story in
which an ‘expert’ said that there are plans to measure wind speeds up to 100 m heights, since the hubs
should be around 80 m for wind power generation
in Zimbabwe (Mawire, 2017). However, there is no
technical evidence to confirm this in published research about Zimbabwe, and also considering that
different wind turbine types can be used at different
hub heights. The present study shows, through meteorological data and vertical wind profile extrapolation methods, that there is potential for Zimbabwe to generate electricity from the wind at hub
heights far less than the 80 m stated in the article.
There are two prominent methods, namely the
exponential law and the power law, used for estimating wind speeds at different heights and these
have been widely used in feasibility studies before
wind power generators were set up (Kubik, Coker
and Hunt, 2011; Okorie, Inambao and Chiguvare,
2017). In this paper, the Hellman power law wind
shear coefficient α and the exponential law roughness length z0 for selected areas in Zimbabwe have
been determined using available meteorological
data. The challenge is that wind speeds at various
heights, higher than 10 m, are not readily available,
which makes it difficult to estimate power densities,
hence the need to extrapolate. The power generation capacity of an area in the absence of wind data
for different hub heights makes it necessary to use
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estimates and predictions (Khosravi et al., 2018).
The estimates, however, need two data sets for two
hub heights, which means there should be a reliable
source of the data.
The values are used to estimate wind speeds
and power densities at different heights in the selected areas. The results are used to determine the
lowest hub height at which electricity can be generated and power harvested at different heights, and
they thus provide help in making decisions about
setting up wind farms in Zimbabwe

2015), so it is necessary to determine values for different places and at different times of the day or
season.

1.1 The Hellman power law
The vertical wind profile is affected by many factors, which are difficult to determine exhaustively
for each site. However, some inferences have been
made using fluid dynamics and it was observed that
the parameters are dependent on pressure and
temperature. Therefore, with good stratification
and reduced turbulence, the parameters can be condensed and represented by the power coefficient α
(Jung, Jung and Christopher, 2016). The power law
relates the speed at two different heights to the
heights at which the measurements are taken.
Equation 1 shows the mathematical expression representing the power law.
𝑉0
𝑉

𝐻

= ( 0)

𝛼

(1)

𝐻

where V0 is the reference velocity at the known
height H0 , and V is the unknown wind velocity at the
known height H, while α is the wind shear coefficient for the given area. It is evident that the determination of α is done when the wind speeds at two
heights are known. Studies done in different areas
have shown that the value of α cannot be generalised for a place (Werapun, Tirawanichakul and
Waewsak, 2017). The generalisation would lead to
significant errors in power estimation, values of
which could go up to about 40% error. In order to
get better estimates, some researchers considered
seasonal variation, but again it was shown that
there is diurnal variation in the values (Delgado et
al., 2016).
Reliable estimates can be obtained by considering the diurnal or seasonal variations to determine
average values which can then be used in the wind
speed estimations (Tazvinga, Zhu and Xia, 2014).
Data for at least a full year is required to make accurate estimations. This would then help in estimating the annual power generation capacity for a site.
Table 1 shows the wind shear coefficients and land
descriptions for some values of α cited in the literature. When the value of α is taken to be 1⁄7, then the
Hellman exponential law becomes the 1⁄7 law;
however, studies have shown that this value cannot
be generalised for all places (Ur Rehman et al.,
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Table 1: Wind shear coefficients for different
landscapes (Bañuelos-Ruedas, Ángeles
Camacho and Rios-Marcuello, 2012).

Land description

Wind shear coefficient, α

Lakes, oceans and smooth ground

0.10

Grasslands (ground level)

0.15

Tall crops, hedges and shrubs

0.20

Heavily forested land

0.25

Small town with some trees and
buildings

0.30

City area with high rise buildings

0.40

1.2 The logarithmic law
The power law is used to estimate the vertical wind
profile using the surface characteristics of the site.
The logarithmic law is used to estimate the vertical
wind profile using the surface characteristics of the
site as well as the area covered by a certain surface
characteristic. The parameter of use in this law is
the surface roughness length, z0 , which can be determined from Equation 2.
𝑉
𝑉0

=

𝑙𝑛 (

𝐻

)

𝑧0
𝐻
𝑙𝑛( 0 )
𝑧0

(2)

where 𝑉 and V0 are the wind speeds at heights H
and H0 respectively.
The value of z0 can be determined once the wind
speeds at two different heights are known. Studies
have shown that all the parameters responsible for
vertical wind profile changes can be condensed into
the surface roughness length z0 (Emeis, 2014). The
variations follow almost the same trend as the wind
shear coefficient. The values of the surface roughness length quoted in literature for different surface
descriptions are given in Table 2. The values determined using actual measurements may not be exactly the same as the ones in the table, but there
should be a close similarity that may be used to
even estimate the landscape roughness and extent
of the characteristics.
1.3 Wind power estimation calculations
Standard wind power theory shows that there is a
cubic power relationship between mechanical wind
power and wind speed. The mechanical power
available at the turbine blades is given by Equation
3.
𝑃𝑚 = 1⁄2 𝜌𝐴𝑣 3

Journal of Energy in Southern Africa • Vol 32 No 1 • February 2021

(3)

Table 2: Surface roughness length values for
different surface descriptions (BañuelosRuedas, Ángeles Camacho and Rios-Marcuello,
2012).

Surface description
Water surface

Surface roughness length, z0
0.0002

Open area dotted with a handful
of wind brakes

0.03

Farmland with some wind
brakes more than 1 km apart

0.1

Urban districts and farmland
with many wind brakes

0.4

Densely populated urban or forest area

1.6

(4)

where Г() is the Gamma function, k and c are the
Weibull shape and scale parameters respectively,
and PD is the power density. The power density can,
however, be directly computed if the wind turbine
is selected and the dimensions and power factors
are known. The direct computations can be done if
the wind speeds are known for different heights.
The most probable wind speed can be calculated
from the Weibull parameters using Equation 5.
𝑉𝑚𝑝 = 𝑐(

𝑘−1 1⁄
) 𝑘
𝑘

(5)

Direct determination of the most probable wind
speed can be done by producing the frequency distribution curve for the wind speeds, and the modal
speed is the most probable wind speed.
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𝑘+2 1⁄
) 𝑘
𝑘

𝑉𝑝𝑚𝑎𝑥 = 𝑐(

(6)

When the wind distribution data of the area is
available, the wind with the maximum power corresponds to the maximum value of the wind speed attained for that area. It is therefore important to estimate the wind speeds with high accuracy and also
determine the Weibull parameters with high accuracy. A combination of these two can enable accurate estimation of potential power generation

where Pm is the mechanical power available in the
wind, ρ is the density of air, and v is the wind speed.
This relationship is the key reason why wind
speed estimation should be accurate. Assuming all
other values constant, a change in speed from 5 ms1 to 5.5 ms-1 causes a change in power generation of
33%. If this is an error in speed estimation or measurement, then there will be a 33% error in the estimation of power available in the wind. Different relationships are used to calculate the most probable
wind speed, the wind speed carrying the maximum
power, and the power density. If these are combined with the duration of wind speeds, the annual
power generation capacity for a site can be determined. The Weibull distribution is used in the estimation of power density, and the accuracy of the estimate is as good as the Weibull parameters. The
power density calculated using the Weibull function
is given by Equation 4.
𝑃𝐷 = 1⁄2 𝜌𝑐 3 Г(1 + 3⁄𝑘)

The wind speed with the maximum power can
be determined from the Weibull parameters using
Equation 6.

2. Vertical wind profile extrapolation and
power estimation strategy
The data used in this research is from the meteorological stations in Zimbabwe, available online from
SWAT (2019). However, the data is from 10 m
heights, so satellite data available from an online
data source (Meteoblue, 2019) was included in the
work, because it has data sets at 10 m and 80 m
heights. Both the power law and the exponential
law are used in the extrapolation of wind speeds
and the results are compared.
2.1 Wind speed data analysis
Wind speeds must be analysed at a site so that good
estimates can be made about its wind power generation potential. The analysis involves determining
the wind speed patterns at a site, the wind speed
distribution, and other statistics like mean, modal
and maximum wind speeds.
Testing online datasets against meteorological
stations data
Data for a weather station in Plumtree, acquired
from the metrological station and the online source
was used in statistical analysis. The statistical methods used to analyse the data in Sigma (2013) and
Wood (2018) show that the paired T-test is relevant
in determining if the data acquired from online
sources varies from that acquired from the meteorological station. The paired T-test is given as an example in Sigma (2013) where student marks were
compared before and after a teaching convention.
Since the difference is not known, it can either be
positive or negative, so a 2-tailed T-test is more relevant.
The method is used to determine the difference
between the scores. This can also be inferred from
the two data sets, one from the meteorological station and the other from the online data source. The
analysis then shows if there is a significant difference between the two data sets. An acceptance level
can also be established. The null hypothesis devel-
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oped can be that there is no difference between the
two data sets, or that there is a 95% confidence
level that the data from the online source is the
same as the meteorological data from the ground
weather station. If the null hypothesis can be accepted, then the online data source can be used in
all the calculations on any selected site.
Alternatively, the two data sets can be compared
by enumerating the difference between readings at
the same time of the day, in the same month and
year. The difference can then be treated as a new
data set and analysed as if it is a single sample. The
mean can be calculated and, for the data to be acceptable, the mean difference should be close to
zero and the standard deviation should be small.
This can be done by assuming that the difference
follows a normal distribution.
For this analysis, ‘W’ is used for identifying data
from online sources and ‘U’ is used for identifying
data from the ground meteorological stations. For
each set of data, the average wind speed is given by
Equation 7.
𝑥̅ =

∑𝑁
𝑖=0 𝑥𝑖

(7)

𝑁

where xi is wind speed at a time i, and N is the number of readings in a data set.
The standard deviation of the data set is given
by the expression in Equation 8.
𝜎=√

̅̅̅2
∑𝑁
𝑖=0(𝑥𝑖 −𝑥)

(8)

𝑁−1

By using the paired-T-test and proposing that
there is no difference between the data from online
sources and the data from the meteorological stations, the results shown in Tables 3 and 4 have been
observed.

online data sets can be used as a true representation of
the meteorological data for a chosen area.
Five areas in Zimbabwe identified from the interactive maps from IRENA (IRENA, 2015) are used in this
study: Gweru, Insiza, Magunje, Makoni and Mangwe.
According to the interactive maps, these areas have
wind power densities greater than 245Wm-2 at the 80
m hub height.
2.2 Wind shear coefficient and surface
roughness length determination
The Hellman exponent α is the wind shear exponent
which relates the wind speeds at two heights to the
heights above the ground. The relationship was
given in Equation 1. Using the meteorological data,
the value of α is determined by making α the subject
of the formula in Equation 1, resulting in Equation
9, and then substituting for the measured values of
the wind speeds at the given heights.
𝛼=

𝑉
𝑙𝑜𝑔 0
𝑉

𝐻
𝑙𝑜𝑔 0

=

𝐻

𝑙𝑜𝑔 𝑉0 −𝑙𝑜𝑔 𝑉
𝑙𝑜𝑔 𝐻0 −𝑙𝑜𝑔 𝐻

(9)

By making z0 the subject of the formula in Equation 2, Equation 10 can be used to calculate z0 at different heights when the wind speed and height
measurements are given.
𝑉𝑙𝑛𝐻0 −𝑉0 𝑙𝑛𝐻

𝑧0 = 𝑒𝑥𝑝 [

𝑉−𝑉0

]

(10)

where V is the wind speed at height H and V0 is
the wind speed at height H0.
The data collected from the meteorological department is measured at 10 m heights and is not
sufficient for determining the parameters, which
require measurements at two different heights for
a selected area. In order to enable the determination, the data from the online sources has been
used, as explained in section 2.1.

Table 3: Statistics for the paired samples.

Mean Sample size Standard deviation
U

3.27

190

0.589

W

3.13

190

0.221

Table 4: Paired T-test statistics.

Paired differences

U-W

Mean

Standard
deviation

-2.07

0.495

Standard
T- test
error mean statistic
0.554

0.304

The T-test statistical probability is 0.304, which is
far greater than the 0.05 required to pass the hypothesis. It can therefore be concluded that there is no significant difference between the two readings, so the
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3. Results and discussion
After the comparative analysis of the winds speed
data from the ground meteorological offices and the
wind speed data from the online dataset, it was concluded that the online datasets can be used to represent the meteorological data for the selected locations. The online data was used to determine the
wind shear coefficient, α, and the surface roughness, z0, for the selected areas using Equations 9 and
10. The results for the selected areas are presented
and discussed in this section, as well as the power
estimation calculations and results.
3.1 Values of wind shear coefficient and surface
roughness length.
The general observation is that both α and z0 vary
with the time of the day. Hourly data for Gweru is
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used as an illustration and is shown in Figure 1, indicating that there is a significant change in the values of α and z0 through the day, explained by the
variations in temperature. The average value for a
day can be used. but more accurate values would
take cognisance of the variations. For this work, the
daily averages were used and the wind vertical profiles were extrapolated. A comparison was also
done to determine the differences in the estimated
wind speeds while using the power law and the exponential law.
Table 5 shows the average values of α and z0 for
the selected areas and chart is shown in Figure 2.
The values of α for Insiza, Magunje and Mangwe are
almost the same and this may suggest similarities in
land use for Insiza, Magunje and Mangwe. Gweru is
a city with high buildings and hence has larger val-

ues of α and z0, as expected from Table 1.
Figure 3 (a-e) shows the vertical wind profile estimates using the two methods for Gweru, Insiza,
Magunje, Makoni and Mangwe.
Table 5: Average values of α and z0 for the
places under consideration.

Location

Wind shear
coefficient α

Roughness length,
z0

Gweru

0.373431

0.921

Insiza

0.316708

0.739

Magunje

0.327009

0.598

Makoni

0.201605

0.222

Mangwe

0.320874

0.301

Figure 1: Variation of α and z0 with time of the day for Gweru on 24 January 2019 (Meteoblue, 2019).

Figure 2: Values of α and z0 for the places under consideration.
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(a)

(b)

(c)

(d)
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(e)
Figure 3: Estimated vertical wind profiles using α and z0 for (a) Gweru, (b) Insiza,
(c) Magunje, (d) Makoni and (e) Mangwe.

Figure 4: Frequency distribution of wind speeds for the places under consideration.

3.2 Wind speed distribution for the five sites
Figure 4 shows the frequency distribution of wind
speeds for the selected areas. At 10m heights for the
selected period, Mangwe, Magunje and Insiza exhibit relatively high frequencies in occurrences of
wind speeds above 4.5 ms-1, with Mangwe showing
high occurrences of speeds above 5.5 ms-1. The
trends are further analysed by producing the
Weibull frequency distribution curves. Comparing
Figures 4 and 5 shows that statistical inferences in
wind data analysis give a clearer presentation of the
wind data for an area. From Figure 5, it is easier to
determine which area has higher occurrence of
higher wind speeds, and in this case Mangwe has
higher occurrences of wind speed above 4.50ms-1.
The use of the Weibull distribution is therefore a
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good starting point in site selection.
3.3 Wind power calculations for Mangwe
Mangwe is selected in this study as a case to demonstrate the power calculations.
3.3.1 Estimated wind speeds at different hub heights
Figure 6 shows the estimated wind speeds at different heights for Mangwe and the average estimated
speed using values calculated from the use of α, z0
and the average of the two methods. The trends in
the graph show that there is considerable gain in
wind speeds with height. This observation is made
possible by using the vertical wind profile extrapolation techniques.
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Figure 5: Wind speed Weibull frequency distribution at 10 m height for
the places under consideration.

Figure 6: Variation of wind speed with height as estimated using α, z0 and the
average of the two methods.

3.3.2 Estimated wind power densities at different
hub heights
Using the average speed, the power density at any
height can be calculated from Equation 4. Table 6
shows the parameters deduced from the estimated
data and Figure 7 shows variation of power density
with height using four-year average wind speeds.
Using the classification of wind regimes in an area
given by Premono, Tjahjana and Hadi (2017),
Mangwe is in Class 4, considering wind speed at 10
m, 30 m and 50 m heights.
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Table 6: Parameters used for power calculations using Mangwe four-year average wind speeds.
Hub height

10 m

15 m

20 m

25 m

30 m

35 m

40 m

45 m

50 m

55 m

60 m

65 m

70 m

75 m

80 m

Mean speed (m/s)

5.784

6.114

6.366

6.572

6.749

6.903

7.041

7.167

7.282

7.388

7.487

7.580

7.667

7.750

7.829

Std deviation

1.625

1.593

1.577

1.571

1.571

1.576

1.584

1.595

1.608

1.622

1.637

1.653

1.670

1.687

1.705

Weibull k

3.970

4.309

4.551

4.731

4.868

4.973

5.053

5.113

5.158

5.191

5.213

5.228

5.236

5.238

5.236

Weibull c

6.384

6.716

6.971

7.181

7.361

7.521

7.664

7.795

7.916

8.029

8.135

8.234

8.329

8.418

8.504

Modal velocity (m/s) 5.934

6.317

6.601

6.830

7.022

7.189

7.337

7.471

7.593

7.705

7.809

7.907

7.998

8.085

8.166

Vpmax (m/s)

7.075

7.338

7.552

7.737

7.901

8.050

8.187

8.315

8.436

8.549

8.658

8.761

8.860

8.955

9.046

(W/m2)

144

165

183

199

214

228

241

254

265

277

288

298

309

319

329

350
300

Power Density (W/m2)

Pd

250
200
150
100
50
0
0

20

40

60

80

100

Hub Height (m)
Figure 7: Estimated variation of wind power density with height for Mangwe
using four-year average wind speeds.

3.3.3 Estimated wind energy harvest per annum at
different hub heights
The energy generation potential per annum is determined by selecting a turbine and using its power
curve to get the power generated per day. This can
be extended to the annual harvest. Table 7 shows
parameters of the WT2500 (Proven Energy, Scotland) turbine which is used to estimate the power
generation potential. Using the parameters, power
and energy calculations have been done for and are
presented in Figures 8 and 9. However, the turbine
power equation must be modified to define the operational points which include the cut-in speed, the
rated speed and the cut off speed. Using the
WT2500 turbine as an example, output power is
calculated using Equation 11.
0; 𝑣 < 𝑣𝑐𝑢𝑡𝑖𝑛 𝑜𝑟 𝑣 > 𝑣𝑐𝑢𝑡𝑜𝑓𝑓
1
𝑃𝑤 = { ⁄2 𝐶0 𝜌𝜋𝑅2 𝑣 3 ; 𝑣𝑐𝑢𝑡𝑖𝑛 < 𝑣 ≤ 𝑣𝑟 }
𝑃𝑟 ; 𝑣𝑟 < 𝑣 < 𝑣𝑐𝑢𝑡𝑜𝑓𝑓

(11)

The daily average speed per month is used to
calculate the annual power generation at different
hub heights. This is achieved by summing up the
daily generation and multiplying by the hours in a
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year to get the annual energy production (AEP), as
given by Equation 12.
̅
AEP = 𝑁 × ∑𝑀
𝑖=1 𝑃𝑖

(12)

where N is the number of hours in a year (8 760),
̅i is the average power on the ith day of the year.
and P
The approach gives a more accurate estimation because the wind vertical profile extrapolation parameters vary through the day. The results for the
period of ten years between 2004 and 2013 are presented in Figure 8. The average annual generation
over the same period is presented in Figure 9. The
results show that the 2.5kW generator can produce
over 3 MWh of energy per annum, at hub heights
above 40 m, which is sufficient to supply a standard
Zimbabwean village.
Table 7: Parameters of the selected turbine.

Generator
type

Rating

Direct drive 2.5kW (10m/s) at
permanent 24/48V DC; or grid
magnet gen- connection at 230V
erator
AC @50Hz
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Diameter Power co(m)
efficient
3.5

0.5197

Figure 8: Annual energy generation for the period 2004 to 2013 at different hub heights for Mangwe.

Figure 9: Average annual generation for period 2004 to 2013 at different hub heights for Mangwe.

4. Conclusions
The analysis of vertical power profile has been presented in general and in particular for Mangwe. The
results show that there is potential to generate
power from the wind at hub heights of 40 m and
more, giving power densities above 250 Wm-2. It is
evident that the determination of the vertical wind
profile per hour can yield more accurate results, because the wind speed extrapolation parameters
change through the day, as does the wind speed.
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