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Original Research Abstract:

Eighty-five percent of Ethiopia’s population lives in rural areas, where only 36% have access to electric-
ity. This study aimed to assess the techno-economic potential of hydro and solar power for rural regions in
the Kulfo catchment using the Hybrid Optimization Model for Multiple Energy Resources (HOMER). Data
from hydrologic, meteorological, and ERAS reanalysis sources, along with household surveys, were used to
analyze electricity demand. The selected sites, including T’sayte, Wisamo, Mayzo Doysa, and Gatse, were
evaluated for run-of-the-river micro-hydropower and solar hybrid system potential was selected for this study.
The HBV-IHMS model estimated stream flow at the sites, with Nash-Sutcliffe efficiency (NSE) of 0.69 for
calibration and 0.63 for validation. Energy use in the selected areas was 19.77%, while 80.2% of energy
went unused. The annual power production from solar photovoltaic (PV), hydropower, and generators was
) 5,641,903 kWh, 27,566,199 kWh, and 11,736,523 kWh, covering 12.6%, 61.3%, and 26.1% of the energy
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1. Introduction Democratic Republic of the Congo (19%) are highly in-

accessible (below 20%) [5]. Except in the middle sec-

The world’s energy consumption is estimated at 22 bil- tion of the African continent, the urban areas have been

lion Wh per year [1]. Energy has been considered a average level of electricity coverage higher than the ru-

critical source for socio-economic development and is ral areas. In Ethiopia, urban areas have access to elec-

critical to solving the challenges faced by sub-Saharan tricity more than 90% of the population [6]. However,

African countries in providing energy services [2, 3, 4]. the rural region, comprising 85% of the population, has

The rate of access to advanced electricity in African electricity coverage that is only 36% of the nominal aver-

countries such as Egypt, Algeria, Tunisia, and Morocco age, and 58 million people have no access to electricity
has indeed reached 100 %. Even though countries in (7, 8].

the central region such as South Sudan (15%), Chad
(13.8%), the Central African Republic (14%), and the In most developed countries the spread of hydro-
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meteorological stations is much denser compared to de-
veloping and poor countries [9, 10].A sizable portion
of Ethiopia’s population lacks access to electricity [11,
12]. Presently, the reliability and sustainability of many
standalone hybrid systems are highly vital issues. Ac-
cordingly, in terms of producing power without degra-
dation integrating hybrid systems hydro and solar PV
arrays provides several advantages over standalone sys-
tems [13, 14]. The current study aims to assess the
techno-economic of hydro and solar energy to electrify
the rural village of Kulfo Catchment, integrating ERAS
satellite information and HOMER [15]. HOMER is
a hybrid optimization model for renewable energy ap-
plicable to assessing the technical and economic via-
bility of standalone and hybrid energy systems in sin-
gle to multiple with highly detailed information [16,
17, 18]. ERAS is the most recent climate re-analysis
freely available online with full climate variables for
the current and future potential energy assessments [19,
20, 21, 22]. Ethiopia possesses immense renewable
energy potential, with its hydroelectric resources esti-
mated at 45,000 MW and solar irradiation averaging 4.5-
7.5 kWh/m?/day, translating to a technical solar poten-
tial of ~1.3 million GWh/year. Despite this, the coun-
try’s currently installed capacity is a fraction of this po-
tential, with hydro at approximately 4,500 MW (primar-
ily from the Grand Ethiopian Renaissance Dam) and
grid-connected solar at just 750 MW, leaving over 90%
of the hydro and ~99.9% of the solar potential untapped
[23].

Energy has been the foundation of every action and in-
stant of human life in all industries [24]. Hence, modern
time energy has been chosen for measuring a nation’s
economic development [25, 26, 27]. The contribution
of clean, inexhaustible, and sustainable energy sources
to minimizing the current environmental pollution the
world has been facing is immense [28]. Different coun-
tries have implemented various modern technologies to
enable the green energy idea for the benefit of society,
such as small and mini hydropower [29, 30].

Most greenhouse gas emissions can be reduced by us-
ing renewable energy, which can also supply two-thirds
of the world’s energy needs [31, 32] Hydro and solar
photovoltaic (PV) technologies have a high level of en-
ergy efficiency. The need to find renewable alternatives
and non-polluting energy sources takes precedence [33].
The significance of hydro and solar energy sources in
raising and improving the living standards of people
in rural areas provides different services to numerous
commercial centers, healthcare facilities, and irrigation
systems [23, 34]. The risk of respiratory and lung dis-
ease has been the most serious effect of burning biomass
in the household [35]. According to the World Health
Organization, each year 1.6 million people die prema-
turely; more than half of these people die because of
indoor smoke inhalation, and children under the age of
five are the ones who die. According to the Interna-
tional Energy Agency (IEA), the number of people who
cook with biomass may increase to over 2.7 billion by
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2050 [36]. According to a recent study, 900 million
people throughout the world lack access to dependable
and affordable energy, which is the primary cause of ris-
ing poverty and the decline of society’s socioeconomic
[37]. The annual power production of solar energy (PV),
hydropower, and generators was 5,641,903, 27,566,199
and 11, 736, 523, kwhr/yr and the percent coverage of
12.6%, 61.35, and 26.1% respectively. Remote rural ar-
eas face significant challenges in electrification due to
their distance from the national grid, rugged topogra-
phy, and low population density, which make grid exten-
sion economically unfeasible. For instance, in the Kulfo
Catchment, where over 80% of the population lacks ac-
cess to electricity, grid expansion would require substan-
tial investment in infrastructure that cannot be justified
by the low energy consumption of scattered households.
These economic constraints are further compounded by
the region’s poor road access and the high cost of ma-
terials, which hinder the delivery and maintenance of
grid components. As a result, decentralized solutions
like micro-hydro and solar hybrid systems offer a more
viable alternative for such off-grid communities.

2. Method and Material

2.1 Description of the study area

The Kulfo watershed is found in the Rift Valley and is
geographically located at 5°48” to 6°12” N and 37°21°
to 37°35" E, with a total area coverage of about 380.4
square kilometers. The elevation of the catchment
ranges from 1230 to 3570 m (a.m. s.l.).The current
study site lies at the middle to lower reach of the
Kulfo River, near the town of Arba Minch, extending
between 6°1°50”" and 6°2°45 N and 37°32738"" and
37°34735"" E. In addition, settlements and agriculture
occupy around 28.9% of the catchment usage. The
river forms at the junction of the Titika and Gulando
rivers. The outflow of Abaya was joined by the inflow
to Lake Chamo at 5°55” N latitude and 37°33" E lon-
gitude and at 6°7” N latitude and 37°27" E longitude.
The region experiences a bimodal distribution of rain-
fall, with the lower catchment receiving 959 mm and
the upstream watershed receiving 1390 mm. The yearly
average temperature in the upstream area is 16.7 °C, and
the downstream area temperature is 24°C [38]. The de-
tailed study area is described below in Figure 1.

Topography and Slope

The shape and relief of the land surface are determined
by the slope and topography. Topography is a measure-
ment of elevation, and the slope is the percentage change
in that height (topography) over a specific distance. To
measure topography, lines are drawn between locations
of equal height (contour). While slope was calculated
by dividing the elevation difference between two places
by the lateral distance between them, the topography of
the watershed varies significantly. The watershed outlet
has a maximum elevation of 3570 and a lowest elevation
of 1230, as indicated in the Figure 2. These topographi-
cal variances play a vital role in the variation in rainfall


https://doi.org/10.57647/ijeee.2024.1501.08

Negash et al., Int. J. Energy Environ. Eng. 15 (1) 2024

37°21'0°E 37°280'E

37°350'E

35°0'0"E  40°00"E  45°0'0'E  50°0'0'E

6°120'N

60N

Legend
@ outlet

— Stream
[ Watershed Boundary
Elevation
9 1.230 - 1,710

1,720 - 2,120

2,130 - 2,540
[ 2,550 - 2,940
I 2,950 - 3,570

0 45 9

600N

5°54'0'N

18 km
I |

5°48'0"N

b)

0

N

egend
[ Ethio-Basin
[ Rift Valley Basin

3875 775 1,550 km

a)

N

Legend

I Rift Valley Basin
[ Watershed Boundary
120 240 480 km
I T B R R

4°300'°N  6°00"N  7°3

37°210'E 37°280'E

379350'E

37°30'0"E  39°00"E  40°30'0'E  42°0'0'E
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Figure 2. Classification of elevation of the watershed

patterns and other meteorological factors.

2.2 Data collection method

The detailed information on the collected data and mod-
els used in this research in Table 1

2.3 Methodology
Selection of the Beneficiary Community

The stratified random sampling method was the one cho-
sen by the Kebeles. The process of separating popula-
tion members into uniform subgroups prior to sampling
is known as stratification (Male and female). In this in-
stance, we begin by splitting the population into various
strata based on their attributes, such as male, female, ru-
ral, and urban, and then randomly selecting a sample
from each stratum. Next, we select a random sample
from each stratum in each of those sections; the final
sample is the sum of the samples from all the strata.
To understand more about the beneficiary community.
They acquired some information from historical rivers
when measuring the observed heads. Four rural selected
kebeles lacked electricity based on a brief conversation
done during the head measurement. It is useful to know
the names and locations of the communities, as shown
below in Table 2.
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Quality assessment of hydro-metrological data

Accessibility data about the hydrological, metrological,
spatial, and satellite data in the studied area were col-
lected from different sources. The class of the metro-
logical station ranges from class 1 (synoptic stations),
which records almost all the climate parameters, to class
4, which records only precipitation. The study area was
five meteorological and one stream flow gauging station
data have been used. On Arba Minch station the metro-
logical data ranges from 1991-2017 and the stream flow
data covers a period from 1991 to 2013. However, both
sets of data have numerous gaps and absent values vary-
ing between a day and a year. The absence of organized
stream flow data significantly hampers accurate assess-
ment of hydropower energy potential, as it prevents re-
liable estimation of flow variability, seasonal patterns,
and long-term availability of water resources. This limi-
tation often forces researchers and developers to rely on
assumptions or extrapolated data, increasing the risk of
over- or underestimating project feasibility and sustain-
ability [39]. The available meteorological and hydrolog-
ical data for their location are described as shown below
in Table 3.

The above Table 3 shows that the available metrologi-
cal data of the selected five stations, namely Arba Minch,
Chencha, Daramalo, Gerese, and Kamba were obtained
from 1991-2017.
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Table 1. Description of data and models used in this study

Data Type NO. Data Source Use
Primary Data Site selection Head drop  Field survey For placement of
electromechanical equipment
Cost of Energy EPCO Input for HOMER model
Secondary Data  Hydrological and From NMAE and MoWE Input into HBV-IHMS

Metrological Data

(ERAS) Satellite

https://ecmwf.int/en/fore/casts
/datasets/reanalysis-datasets/era5/

& HOMER Obtained input data

To determine catchment
parameters

DEM (30X30) https://gdem.cr.usgs.gov/ LULC classification
LULC https://earthexplorer.usgs.gov
Software HBV-IHMS SMH To simulate stream flow
To process the NetCDF file
GrADs http://sourceforge.net/projects To calculate the optimal
/opengrads configuration of the hybrid
energy system, LCOE and NPC
HOMER 4.11 www.homerenergy.com

Table 2. The chosen kebeles coordinates were measured

No Zone  Woreda Kebele X y z

1 Gamo Gacho baba Wisamo 6.12 3742 2020
2 Gamo Gachobaba Mazodoysa 6.18 37.43 2392
3 Gamo Gacho baba Gatse 6.12 3745 1703
4 Gamo Gachobaba T’sayte 6.15 3747 1717

Table 3. Availability of metrological Data with their Location

Station name Latitude Longitude Elevation metrological Data
) ) (m) Availability

Arba Minch  6.06 7.56 1220 1991-2017

Chencha 6.23 7.58 2632 1991-2017

Daramalo 6.30 7.40 1183 1991-2017

Gerese 5.92 7.30 2329 1991-2017

Kamba 6.05 7.20 1895 1991-2017

Table 4. Stream Flow data contemplate in this study

Station Name Latitude Longitude Elevation Availability Catchment
®) ®) (m) Area (km?)
Arba Minch  6.06 7.56 1220 1991-2013  380.4
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The research area has been one gauge station gained
from Arba Minch station with available data from 1991
2013. In addition, the catchment area was 380.4 km? as
shown in Table 4 above.

2.4 Filling Missing Rainfall Data

Data on measured rainfall is critical to solving various is-
sues in hydrological research and design. In the case of
periodic observation gauges, missing data may occur if
the observer does not make the required trip to the gauge.
Another issue that leads to insufficient data records is
the loss of recording gauges, and devices that fail due to
mechanical or electrical failure may also not record all
the data that should be recorded. Data processing and
analysis must therefore be carefully considered because
they may yield ambiguous and inconsistent conclusions
that are at odds with the situation as it actually stands.
Several approaches have been proposed to predict the
missing rainfall. The arithmetic mean, inverse weight
distance, graphical correlation, normal ratio, and linear
regression methods are among them [40, 41]. The In-
verse Distance weights method is as given in Equation 1.

Inverse Distance Weights Method

The weights assigned to each sample in this method are
inversely correlated with how far away the location be-
ing estimated [42].

H(#)

i-1\ 2

Pr= ——— (M

v (%)

Where d is the distance from each location, the point be-
ing estimated, Py is the station’s expected rainfall, P; is
the rainfall values of the rain gauges utilized for estima-
tion, and N is the number of nearby stations. In order
to complete the missing meteorological data for this in-
vestigation, the inverse distance approach was chosen.
This method is better because the distance between sta-
tions would be taken into account and most climate data
spatially varies with distance.

2.5 Regression methods

Finding the value of a dependent variable (y) for a given
value of the independent variable (x) is done using linear
regression, a straightforward supervised learning tech-
nique. It effectively models a linear relationship be-
tween the variables input (x) and output (y). The basic
method that can be quickly put into practice and yield
fantastic outcomes. In addition, unlike other compli-
cated methods, these models may be trained rapidly and
successfully on systems with little processing capability.
This approach was used in this thesis to fill in the stream-
flow data that was missing. The value of a dependent
variable (y) for a given value of the independent vari-
able (x) can be predicted using a straightforward super-
vised learning technique that efficiently models a linear
relation between the input (x) and output (y) variables
in the form of Y = mx + ¢ using a given dataset [43].
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2.6 Quality assessment of ERAS Satellite data

The assessment of water resource regions and the effec-
tive design of water resource initiatives. The evaluation
of energy sources and climate forecast studies all greatly
benefit from reliable and accurate climate data. Daily
climate records are hardly ever inclusive, resulting in fre-
quent and extended intervals of missing readings. The
gaps and discontinuities in the historical meteorologi-
cal data can be filled by gridded satellite climate data
[44]. The European Centre for Medium-Range Weather
Forecasts (ECMWF) released the updated climate re-
analysis dataset ERAS, which was used to determine
the climatic parameters of the selected energy locations.
The information has been available since 1978 and is
updated hourly. However, this analysis examined data
from 1991 to 2020 on average hourly rainfall, temper-
ature, wind speed (u and v components), surface solar
radiation, and cloud cover. ERAS5 was chosen due to
its many advantages, including the availability of all the
meteorological variables needed for this investigation at
a relatively high resolution (31 X 31 km). The informa-
tion in NetCDF format was obtained from http://ecmwf.
int/en/forecasts/datasets/reanalaysis-datasets/eras.

The available historical hydro-meteorological data of
the Kulfo catchment ranges from 1991 to 2017, with
long years of missing data for some of the stations. Satel-
lite data downloaded from the ERA-5 website was used
to obtain well-informed data about the catchment and
to fill in the missing data in the catchment. Satellite
data encompassing precipitation, dry and wet surface
solar radiation, minimum and maximum temperature,
wind speed, and dry and wet cloud cover were down-
loaded from six grid center points (GCPs) in the Kulfo
watershed. Every grid point is represented by the nota-
tion Kxy, where K stands for the grid point and x and
y stand for multiple rows and columns from the catch-
ment’s southernmost points to its westernmost point, re-
spectively. The data length covers a period from Jan-
uary 1, 1991, to February 20, 2022. As shown in Fig-
ure 3 below, provides the location of the satellite data
and the satellite data with the hydro-meteorological sta-
tions.

Bias correction of ERAS Satellite data

The mostly objective representations of observed histor-
ical climate data that satellite outputs provide require
quick adjustment methods. The main source of the bi-
ases is systematic mistakes in the hydrologic model,
which may cause the model parameters to be overesti-
mated or underestimated [45, 46, 47]. Consequently,
before goods are utilized as input, satellite climate data
must be rectified. There are numerous bias correction
techniques available to get rid of the mistakes in the
satellite output. In this work, biases in temperature
and precipitation were corrected using variance scaling
(VARI) and power transformation method (PT), respec-
tively [48, 49]. The techniques rely on comparing the
satellite outputs’ mean and coeflicient variation to the
climate data that has been observed.
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Power transformation (PT) of precipitation

The most popular method used to correct bias in satel-
lite products is the power transformation. The technique
relies on the idea of reducing the mean and variance er-
rors between satellite and observed rainfall data. The
data at the chosen energy site was correct, taking into
account the area of rainfall in the satellite data and the
observed data. Equation 2 shows the power transforma-
tion method used in this study.

P, =aPy’ 2)

Where a and b are the bias correction factors for mean
and variance respectively, and P, is the bias corrected
ERADS rainfall and Py is the uncorrected ERAS satellite
rainfall.

The bias factor (a) value was established, the trans-
formed ERAS mean was equal to the gauge observa-
tions mean, and bias factor b was iteratively found so
that the satellite’s coefficient of variance (b) matched
the observed daily rainfall data. Generally, the noticed
and satellite-biased corrected precipitation is shown be-
low in Figure 4.

Figure 4 above compares rainfall data from satellites
and observations. Observed an average monthly rainfall
peak of 6mm during April. However, it dropped in De-
cember and after bias correction, rainfall reached a peak
of 4mm in October.

Variance scaling (VARI) of temperature

It was commonly known that both observed and satel-
lite temperature data are normally distributed, the PT
approach is unable to correct temperature biases in satel-
lite data. The VARI process modifies the temperature
settings until the observed mean and variance are consis-
tent with the satellite data. The governing VARI equa-
tion was described in Equation 3

O-(Tobs,m)
O—(Traw,m)
+ﬂ(Tobs,m) (3)

Tcor,m,d = [Traw,m,d - :u(Taw,m] X

“hitps://doi.org/10.57647/ijeee.2024.1501.08

Where, T,.or m.a is corrected temperature on d’ h day of
the m* month, and T aw.m,a 1s the raw temperature on
the d'" day of the m'" month. 6(T,ps.m) and 6 (Tyaw.m)
represents the standard deviation of observed and raw
temperature at a given month respectively. p (me,m)
and p (Tpps,m) represents the mean value of observed
and raw temperature at a given month respectively. The
observed and satellite biased corrected temperature as
shown below in Figure 5.

2.7 Determination of areal rainfall

Rainfall is never been evenly distributed in the catch-
ment or basin while it varies geographically in terms of
duration and intensity. This study used the weighted
mean method. The method is better suited to mod-
estly sized areas with fewer rainfall stations than the
basin’s area and some challenging terrain. The average
yearly precipitation across the entire basin was deter-
mined in this thesis using data from rain gauges using
the Thiessen polygon method in equation 4.

an(Pi X A;)
i=1

Paverage = A—l @

Where, n is the number of stations of Py, P, & Pj.
A1, Az, and A,,_; denote the area of each station. P; is
the representative precipitation, and A; is the area of the
surrounding.

The amount of rain at a specific location is repre-
sented by a rain gauge station. Rainfall changed at this
point of aerial precipitation. One of the most crucial cri-
teria in hydrology is the depth of rainfall when consider-
ing an enclosed area. The Thiessen polygon method is
used to calculate the average annual rainfall. Areas rep-
resent rainfall that varies in intensity and duration hori-
zontally from place to place. Each metrological rainfall
station data should be weighted by the Thiessen poly-
gons created with Arc GIS 10.3 software. Each gauge
area of effect is described in Table 5 and Figure 6 below.
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Table 5. Thiessen polygon National Metrology Agency of Ethiopia (NMAE) Station

ID Name Area Thiessen Weight (%) Perimeter

1 Arba Minch 204.082 53.6433 477.939

2 Chencha 21.9371 5.7662 433.686

3 Dara Malo 145.737 38.3072 468.91

4 Gerese 7.06654  1.8575 369.545

5 Kemba 1.61996 0.4258 318.756
Total 380.4 100 2068.836
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2.8 Data Quality Consistency Test

Data consistency is determined by testing and adjusting
available rainfall data, especially when weather circum-
stances that are pertinent to the rain gauge station have
changed significantly, resulting in data inconsistency.
To determine the consistency of the rainfall record, the
double mass curve (DMC) method compares the gath-
ered monthly or annual rainfall of the station which is
expected to be inconsistent with the concurrent accu-
mulated mean annual rainfall of a group of nearby rain
gauge stations known as the base station. The station’s
recorded data must be efficient by the calculation utiliz-
ing equation 5 if there is a change in the slope of the
curve.
M.

Pex = Py X M, )
Where P, represents corrected precipitation at any pe-
riod, Px represents the originally recorded precipitation
at that period, M, represents the corrected slope of the
double mass curve and M, represents the original slope
of the double mass curve.

The quality and dependability of data gathered from
weather stations are influenced by numerous factors.
Their location, the tool, the technique employed and the
caliber of the observations influence precipitation sta-
tions, so the time series may become inhomogeneous.
Therefore, statistical testing should be done to deter-
mine the reliability and quality of the data that will
be utilized in the modeling of hydrology and water re-
source processes. When choosing a representative mete-
orological station to analyze areal rainfall, it is essential
to verify the homogeneity of group stations. The non-
dimensional values of each station’s monthly precipita-
tion were calculated using the following equation 6.

ayv

P.
P; = ( ”‘”) x 100 (6)
P

Where P; is the non-dimensional value of precipitation
for the month in stations i, P; 4, is over the year average
monthly precipitation for station i, and P, is over the
year’s average yearly precipitation of station i.

Outliers are observations or measurements that are
uncertain because they are substantially smaller or much
greater than the vast majority of the observations. These
observations are troubling because they may not be gen-
erated by the mental process under consideration or may
not represent the ability under consideration. The issue
is that a few outliers can occasionally affect group re-
sults by altering the mean performance, increasing vari-
ability [50].

2.9 HBYV model into Kulfo Catchment

For continuous calculation runoff, the HBV model
is best characterized as a semi-distributed conceptual
model that incorporates conceptual numerical descrip-
tions of hydrological processes. The HBV was origi-
nally developed by SMHI in the early 1970s to assist hy-
dropower operations and it was named after the abbrevi-
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ation Hydrological Byrains Vattenbalans-avdelning (hy-
drological bureau water balance section). Daily dis-
charge is simulated by the HBV model utilizing calibra-
tion data from temperature, rainfall, potential evapotran-
spiration, and daily runoff. The model routine includes
a transformation function, a basic routing process, and a
response routine for precipitation and snow buildup. For
soil moisture accounting, as seen in Figure 7, groundwa-
ter recharge and real evaporation are combined.

Model structure

The model uses temperature, potential evaporation, and
daily precipitation as inputs to simulate daily discharge.
Whether the temperature is above or below a threshold
temperature determines whether precipitation is simu-
lated as rain or snow. Furthermore, stream flow infor-
mation is necessary for calibration. Sub-Rivers are the
main hydrological units used in the model. Rivers with
significant elevation range can be subdivided into ele-
vation zones, and a straightforward land use classifica-
tion can be created [51]. As indicated in Figure 8 HBV
model structure representation.

Precipitation and snow accumulation routine

Input data for the HBV model include daily precipita-
tion, daily temperature, and long-term monthly or daily
evaporation temperature. In the subroutine for precipita-
tion and rainfall, a threshold temperature is used. How-
ever, in this study, the subroutine for precipitation and
snow accumulation was applied in the form of only rain-
fall Equation 7.

RF = Peorr Xrfef xP, IT>tt @)

Where: RF is the rainfall, P is the observed precipita-
tion (mm), Tis the observed temperature (°C), Tt is the
threshold temperature (°C), rfcf is the rainfall correction
factor, and P, is the general precipitation correction
factor

2.10 Model Sensitivity Calibration and Validation
at Kulfo near Arba Minch

Many of the tributaries lack adequate hydro-
meteorological stations, and even the main course was
gauged at one location. Consequently, obtaining his-
torical hydro-meteorological data for the chosen energy
site becomes a challenge. The only other option is a
model to simulate stream flow using HBV-IHMS with
complete calibration and validation. The fit between the
simulated and observed data determines the acceptabil-
ity of the model output. The fitness of the simulation re-
sult is determined by the model parameters, which must
be kept within a reasonable uncertainty range. Before
calibrating and validating the IHMS model, a param-
eter sensitivity analysis was performed to identify the
most sensitive parameter representing the catchment.
This helps in focusing on the most sensitive parameters
during the calibration and validation processes. The sen-
sitive parameters are fuel price, stream flow, PV capital
cost, generator capital cost, and storage system capital
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SF — Snow

RF — Rain

EA - Evapotranspiration

SP —Snow cover

IN = Infiltration

R — Recharge

SM - Soil moisture

CFLUX — Capillary transport
UZ - Storage in upper reservoir
PERC — Percolation

LZ — Storage in lower reservoir
Qo - Fast runoff component
Q1 - Slow runoff component
Q~-Total runoff

Figure 8. HBV model structure representation

cost used the calibration and validation processes. The
process of calibrating a model involves figuring out the
parameters that most closely match the simulated and
observed runoff from a watershed. This model supports
both automatic and manual calibration, which are two
of the many methods for determining the optimal pa-
rameter configuration. For calibration, thirteen years of
measured flow data from the period of January 1, 1993,
to December 31, 2006, were employed and January 1,
1991, to December 31, 1992 year used for the warm up
period.

After calibrating the model and determining the opti-
mal parameters, it must be verified using arbitrarily ob-
served flow data. The model was validated using an in-
dependent measured flow data set spanning seven years,
from January 1, 2007, to December 31, 2013.

A sensitivity study of the risks to renewable energy
systems in the Kulfo Catchment should assess how
weather variability (such as variations in streamflow or
solar radiation) and extreme weather events (such as
droughts or heavy rainfall) affect energy output and
costs. The levelized cost of electricity (LCOE) would
rise as a result of increased reliance on backup genera-
tors due to decreased hydropower output from low rain-
fall or decreased solar generation during cloudy times.
By measuring these risks, the study can determine ways
to mitigate them, like maximizing battery storage or
varying energy sources, to improve system resilience
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and guarantee rural areas have a steady, affordable sup-
ply of electricity.

Model Performance Evaluations

The accuracy and reliability of the IHMS models were
evaluated using statistical methods and compared to ob-
served values. To assess the accuracy of streamflow cali-
bration and validation, various statistical indicators such
as Nash-Sutcliffe modeling efficiency (NSE) and rela-
tive volume error.

The Nash Sutcliffe Efficiency (NSE), which ranges
from —oo to 1, is a metric that quantifies how well the
observed Vs simulated value plot matches. A value of 0
indicates that the gauge mean is as good as the estimate;
a value of 1 indicates that the gauge measurements and
the satellite-based estimates match exactly, and a value
of negative indicates that the gauge mean is better than
the estimate. It is computed by the following equation 8.

n

Z (Qobs,i - Qsim,i)2
NSE=1--"= ®)

2
Z (Q()bs,i - Qobs,mean)
i=1

The volumetric inaccuracy of the simulated streamflow
was measured using Relative Volumetric inaccuracy
(RVE), which has values between —oo and —co. While
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RVE between -10% and -5% and 5% and 10% will in-
dicate satisfactory performance, as indicated by equa-
tion 9, the model performs best when the RVE is near
zero and very well for RVE between -5% and 5%.

Z (Qsim,i - Qobs, i)
RVE = = % 100% )

i (Qobs,i)
i=1

2.11 Selection of potential sites in Kulfo Rural Ke-
bele

The selection was site assessment, civil work, electro-
mechanical work, and energy demand for the environ-
ment. The potential sites for hydropower and solar de-
velopment have been chosen using the multi-criteria
analysis (MCA) technique based on the available data.
MCA is a method for answering a variety of technical
and economic issues that arise during the selection of
sites for energy development based on a variety of pa-
rameters [52]. In my study, five class criteria have been
recommended. This contained technical, economic, en-
vironmental, social, and other criteria related to safety
and reliability that were considered to assess the most
feasible arrangement with its suitable site. The detailed
summaries of the groups of criteria used are illustrated
in Table 6.

2.12 Energy Assessment Using Hybrid Optimiza-
tion Model for Electrical Renewable Energy
(HOMER)

The hybrid hydro and solar systems’ ideal energy pro-
duction was ascertained using HOMER. This design
optimization model selects the load management, dis-
patch, and configuration strategies. There are two dif-
ferent types of HOMER software available: HOMER
Pro and HOMER Grid, for all forms of distributed gen-
eration systems, distant utilities, and micro grids. Grid-
connected solar plus storage or other grid-connected
hybrid distributed generation systems were techno-
economically optimized using HOMER Pro. Both pro-
grams have a 21-day expiration date and are available
upon request from the HOMER Energy website. This
study used HOMER Pro version 4.11 to maximize the
techno-economic viability of solar and hydro systems in
Kulfo catchments. Before running the HOMER simula-
tion, the study selected specific components to model
the hybrid energy system: solar panels (photovoltaic ar-
rays), diesel generators, micro-hydro turbines, and bat-
tery storage. The solar PV type was chosen based on lo-
cal irradiance data and typical efficiency ratings for rural
applications, while the diesel generator was selected to
provide reliable backup power during periods of low re-
newable generation. The micro-hydro turbine was speci-
fied according to the estimated head and flow rates at the
selected sites, ensuring compatibility with run-of-river
conditions. For energy storage, lead-acid batteries were
considered due to their cost-effectiveness and suitabil-
ity for off-grid systems, providing stability and storing
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excess energy for use during demand peaks or genera-
tion shortfalls. These components were parameterized
in HOMER with technical and economic specifications
reflective of locally available technologies and market
conditions.

Hydropower potential assessment: It is considered
one of the easiest, most reliable, and environmental
friendly source of energy, Equation 10 was used to com-
pute the power output of the hydro turbine.

P =04 XYwr X Hper X Q4 (10)

Where P is the power output [kW]; 7, is turbine effi-
ciency [%]; ywr 1s the specific gravity of water [9.81
kg m~3]; H,., is the net head (m) and Q, is the flow
rate (m3/s). The simulated stream flows of the selected
three sites at their outlet corresponding to a 90% proba-
bility of exceedance (Qgp) were used in this study.

Solar power potential assessment: The solar energy
resource assessment used bias-corrected ERAS meteo-
rological data (1991-2022) and local gauge records to
fill gaps and derive site-level inputs (radiation, temper-
ature, cloud cover) for the HOMER techno-economic
runs. Using ERAS solar radiation data and geographic
coordinates of the Kulfo Catchment (approx. 6° N, 37°
E), the average astronomical day length ranges from
11.8 h in December to 12.2 h in June. For standard
solar resource modeling, Air Mass 1.5 (AM1.5) corre-
sponds to a solar zenith angle of 48.19°, which yields an
effective solar window of about 9.5-10.0 h per day un-
der clear-sky conditions in this region. The Solar power
potential assessment power output of PV cell was calcu-
lated by equation 11 is well described in [53];

PPv=YPVva><G x[1+ap(Tc - Te,stc)] (1)

T,STC

where Ypyis the rated capacity of the PV array, which
is the power output under standard test condition (kW),
fpv is PV rating factor (%), G is the incident solar radi-
ation on the PV array in the current time step (kW/m?),
Gr_src is the incident radiation at standard test condi-
tions (1 kW/m?), o p 1s the temperature coefficient of
power, Tcis the PV cell temperature in the current time
step (°C) and T¢ srcis the cell temperature under stan-
dard test conditions equal to 25°C.

Pre-simulation for sensitivity analysis before running
HOMER software involves defining and preparing the
key input parameters whose variability could signifi-
cantly affect system performance or economic feasibil-
ity. This step includes identifying critical variables (e.g.,
fuel price, load demand, solar irradiance, wind speed,
capital cost) and assigning realistic value ranges based
on historical data, site-specific measurements, or liter-
ature. The aim is to ensure that the chosen variations
reflect plausible real-world uncertainties so that the sub-
sequent HOMER simulation can evaluate system robust-
ness and identify the most influential factors.

The grid extension comparison evaluates different ap-
proaches to expanding the existing electrical grid by an-
alyzing key parameters such as capacity, coverage area,
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Table 6. Groups of criteria used

Economic Environmental Social criteria  Technical Others

criteria Criteria Technical

technological criteria

Investment cost Land use

Net present cost ~ Visual impact
Operation and
maintenance cost (GHG)

Job creation

Social benefits  Efficiency
Greenhouse gas  Social
acceptability

Resources availability ~ Safety

Reliability
Accessibility

reliability, and cost-effectiveness. It includes assess-
ment of current grid infrastructure limits, potential new
transmission lines, substation upgrades, and integration
of renewable energy sources. Expansion plans focus on
meeting growing demand, reducing losses, and enhanc-
ing grid stability while balancing investment costs and
environmental impacts. The average useful grid exten-
sion distance is roughly up to 40 km for this study, be-
yond which off-grid solutions like micro hydropower are
likely more practical and cost-effective for rural electri-
fication.

2.13 Estimation of load demand of the selected ar-
eas

Load demand assessment

In a rural region where society has little knowledge
about energy. Electronic devices and the assessment of
load demand based on community concerns have been
challenged. To assess the current load assessment we
use Population size of the selected kebele and Status of
energy were identified then to assess current and future
load assessment. The data are collected demographic
data of kebeles from Gamo statistics office and from
Ethiopian electric utility Gamo distinct. The most prac-
tical and trustworthy method of determining the energy
demand in the study areas is to compute the power de-
mand requirements of energy consumption and popu-
lation size for the current time and forecast the future
period. The quantity of light bulbs and other signifi-
cant, often used electrical devices in the research area
was counted. Furthermore, it has calculated the amount
of time and energy that electronic devices require on a
daily basis. The hours that radio and television (TV)
are most frequently utilized in Ethiopia are 7:00 am to
9:00 am, 11:00 am to 2:00 pm, and 6:00 pm to 11:00
pm, respectively. In this study area, a similar trend was
implemented, to determine the energy requirement of
each family, three light bulbs, one radio, one television,
a mobile charger with a capacity of 150 liters, one bak-
ing plate, and energy for various cooking devices were
used.

Population forecasting

The size of the population is a standard factor used to
forecast the future electricity demand of rural communi-
ties. In order to create some expectations and ultimately
determine the demand based on future population pre-
dictions, the load demand of the area has been deter-
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mined. The chosen rural potential site’s future popu-
lation size has been predicted using the geometrical in-
crease technique [54]. The statistical Gamo zone was
used to collect the population data for each kebele. The
forecasted population size was calculated below in Equa-
tion 12.

n = Po(1 + r/100)" (12)

Where; Py is the present population size; P,, is the pop-
ulation at the n’" year; n is the number of years and r
is the geometric growth rate (%). Because, in Ethiopian
population growth particularly in rural areas the growth
rate is 2.9 percent by [55]. The current total population
and total number of households to be electrified by the
proposed system was 42,883 and 10,555 respectively.
From current total population and total number of house-
holds to be electrified are 8510 and 2128 respectively.
The future estimated total population and total number
of households to be electrified by the proposed system
was 65,844 and 13,169 respectively to be estimated.

Forecasting Rural Energy Demand Supply Balance

Load forecasting is a technique used to estimate the load
for a future period from the available past data. In addi-
tion, it is a crucial and essential in the operation and
control of electric utilities. The hourly total load system
is often the basic quantity load forecasting. It includes
the accurate forecasting of the sizes and locations of
the electric load for the various (often-hourly) planning
limit intervals. Load forecasting play an important role
in Power operation, control and energy planning [56].

The load demand in this study is categorized into
three groups these are domestic, community and de-
ferrable load respectively. Domestic load consists of
lights, home electric appliances including TV, Tape,
and mobile charger etc. The domestic load equation as
shown below in equation 13.

(lighl point load in lhr)
+ (Tape recorder load in lhr) (13)
+ (Mobile charge load in lhr)

Domestic load =

Community load also service load gives to service for
the community such as schools, health centers, churches,
and mosques. Hence, for each service, the load demand
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for a given hour was calculated by equation 14.

(School External light)
~+health center(Room light
Community load = Z +External light+Vascine Freeze) | (14)
~+church and mosques(light point
+Mega point)

The primary load in my study was calculated based on
the low income of the community in the village. In addi-
tion, the sum of domestic and community load is given
by equation 15.

Primary load = Community load + Domestic load (15)

Deferrable load is used under special conditions and the
exact time is not known. The primary and deferrable
loads are input for the HOMER model. The real oper-
ating factor of PV should be considered by temperature
effect, Irradiance variation, dust, and panel.

Economic analysis of hybrid energy and selection of
feasible configuration

The economic study of decentralized energy systems
has been crucial because it helps us compare the costs of
different energy sources. HOMER uses discount rates
to convert one-time costs into comparable annual costs
and the annual interest rate has priced to increase uni-
formly. This is roughly equivalent to the nominal inter-
est rate less than inflation rate. All costs in HOMER
are real costs, which mean that they are express in terms
of fixed dollars. Through taking into account all expen-
ditures incurred throughout the system’s life, life-cycle
cost analysis achieves by [57].

NPCIOZ = Ca’ptot + CO&M[Ot + CRFZ’O[
+Total revenue of the project (16)
Cannitor = (CRF)XNPC;,:labelll a7

M (18)

(CRF) T

Where: NPC,;,, is total net present cost, Cap,,, is to-
tal capacity, CO&M;,; is operational and maintenances
cost, CRF;,, is total capital recovery factor, Cynp.ror 1S
total annualized cost ($/year) and (CRF) is capital recov-
ery factor.

The Levelized cost of energy (LCOE) is the average
cost per kWh of useful electrical energy and it is often
a convenient metric with which to compare the costs of
different systems. HOMER uses the total NPC instead
of as its primary economic cost. HOMER were calcu-
late the Levelized cost of energy (LCOE)

Cann.tot
LCOE = (19)
Eprim + Edef + Egrid,scale

Where; Cann.ror is the total annualized cost, Ep;im the
total amounts of primary load and E4. 5 is deferrable
load that the system serves per year and Eg,i4 scate Sale
is the amount of energy sold to the grid per year

The system in the denominator of equation annually
was expressed in equation (17). The average cost per
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kilowatt-hour of usable electrical energy generated by
the system is consequently the Levelized cost of energy.
NPC rather than Levelised cost of energy to rank the
system configurations during its optimization process.
This is due to the definition of the Levelized cost of en-
ergy being more debatable than the definition of the total
NPC. The economic feasibility of hybrid systems, such
as the micro-hydro and solar PV configurations assessed
in the Kulfo Catchment, depends on optimizing techni-
cal performance and minimizing costs while ensuring
reliable rural electrification. The market penetration of
renewable energy technologies in the power production
system is heavily influenced by cost, which is one of the
most significant market drivers. Examining how adding
external additional battery storage may affect the COE
using the HOMER model [58].

The capital cost of the photovoltaic (PV) system com-
prises several key components, including PV modules,
inverters, balance-of-system (BOS) components (such
as mounting structures, cabling, combiner boxes, and
protection devices), site civil works, transport, and in-
stallation/labour and commissioning. A contingency
typically 5 %—10 % of total capital expenditure is often
added to account for unforeseen expenses; this also in-
cludes preliminary or pre-operating costs like insurance,
logistics, and financing. Local taxes, fees, and permit-
ting costs are similarly included, often represented as a
percentage of the total capital cost.

Based on the requirement to incorporate detailed cost
inputs for the HOMER techno-economic simulation,
the capital costs, replacement costs, and operation and
maintenance (O&M) costs for each system component
including micro-hydro turbines, solar PV panels, bat-
tery storage, and diesel generators must be defined us-
ing current market value. For instance, the capital cost
of micro-hydro systems typically ranges from $2,000
to $5,000 per kW depending on site-specific conditions
such as head and flow [30] while solar PV capital costs
in sub-Saharan Africa are estimated at $800-$1,200 per
kW [23]. Battery storage systems, particularly lead-acid
types commonly used in off-grid hybrid systems, may
incur capital costs of $200-$300 per kWh with O&M
costs around $10 per kW/year [58]. Diesel generators
have a lower initial capital cost of approximately $300-
$500 per kW but higher O&M and fuel costs, often rang-
ing from $0.02 to $0.05 per kWh [15]. These cost as-
sumptions should be validated against local market sur-
veys and recent literature to ensure accuracy and rele-
vance to the Ethiopian context.

3. Results and Discussion

3.1 Bias Correction of ERAS Satellite Data

It has been a priority to remove biases in satellite ob-
servation to get capable historical meteorological data.
It has been essential for this aim to have a metrological
gauge station with a complete parameter (class-I) and
data length in the research area under study. The remain-
ing weather stations are all class 3 or class 4, with the
exception of the Arba Minch station in the watershed’s
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upstream region.

When the gap was wide, less information on cli-
matic parameters was taken, and vice versa. Important
HOMER input data, such as wind speed, sunshine hour,
cloud cover, and clearness index, are not captured at
class 3 or class 4 stations. Accordingly, by applying the
identical climate variables at the Arba Minch station, the
biases at these stations were eliminated. This principle
was used to conduct bias correction for all sites that were
found to have bias-corrected climate variables along the
Kulfo Catchments. This study used the power transform
technique among different methods.

3.2 Spatio-temporal Distribution of Hydro- meteo-
rological Data

Spatial distribution of rainfall in the catchment

Based on Ethiopia’s climatic classification, the Kulfo
Catchment has a tropical climate with hot, semi-arid
temperatures. The annual rainfall ranges from 665mm
to 1240 mm, with average minimum and maximum tem-
peratures of 13.9 °C and 31.2 °C [59]. The region has
seen bimodal rainfall, with April and October seeing
the highest levels. Many variables, such as elevation,
slope, and predominant wind directions, can affect the
spatial variance of rainfall. This depends on the geo-
graphical and climatological characteristics of the study
area. Therefore, the rainfall geographical distribution of
bias-corrected ERAS satellite data on the Kulfo Catch-
ment is displayed in Figure 9 below.

The above Figure 9 showed that the studied area of the
spatial distribution of rainfall depending on the location
and selective feasible site. Rainfall distribution over the
area was received ranging from 440mm to 1300mm per
annum. This shows that the area over the year gains ma-
jor rainfall receives. In addition, the area has bimodal
rainfall practiced within the year two months has maxi-
mum rainfall obtained during April and October. Over-
all, the topography of mountainous regions differs from
that of plain regions in terms of the spatial distribution
of precipitation. Additionally, the average precipitation
distribution offers crucial information for comprehend-
ing the hydrological process.

Figure 10 above shows that the mean monthly temper-
ature in the watershed ranges from 23.9°C in the north-
ern area and 26.29°C in the southern area of the wa-
tershed. The center section of the watershed has been
hot climate, with average temperatures ranging from
24.52°C to 25.1°C. The spatial distributions of tempera-
ture on the studied area affected the point of temperature
concerning feasibility site and location.

The above Figure 11 showed that the solar radiation
in the watershed varying from 7.2w/m? to7.8w/m? .The
location is suitable for solar power generation due to the
hot temperatures and high sunshine hours. Generally,
energy from sunlight was not spread evenly over earth.
On the dayside, only the area directly beneath the sun is
exposed to full solar radiation.

The above Figure 12 shows that the spatial distribu-
tion of ERAS5satelitte bias corrected cloud cover (frac-
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tion). This study was used to identify the area having
clearness of the sky. Cloud cover is also another essen-
tial input parameter of HOMER with a value ranging
from 0.12-0.29 taken in this study.

Temporal distribution of rainfall in the catchment

Rainfall in the watershed has been bimodal mainly rain
season is the Belg season, which is May, April and
March (MAM). From those months April is the max-
imum rain receive. The second rainy season is Bega
(OND). In this case, the season was the maximum rain
received during October. The area has been about
80% of the rainfall during the Bega and Belg seasons.
In general, Southern Nations, Nationalities, and Peo-
ples (SNNPE) have bimodal rainfall distribution. The
Thiessen polygon method was used to calculate the re-
search area’s areal rainfall. The Annual cycle of bias-
corrected ERAS satellite data of Mean monthly temper-
ature and annual rainfall is shown below in Figure 13.

The above Figure 13 showed that the results of the
mean monthly temperature and annual rainfall during
Belg (MAM) the main rainy season over the studied area
are peak at April. The second season is Bega such as
September, October and November (SON) high amount
of rainfall having the October month received. The max-
imum temperature of the studied area was recorded on
the January to March and on June to August per month.

The above Figure 14 result showed that the maximum
solar radiation over the studied area occurred during
the bulk of January through June. From those months,
the peak solar radiation occurred during February is 7.8
w/m2. While the minimum solar radiation occurred be-
tween May and September (3.8—4.2) w/m2. The max-
imum cloud cover over the studied area occurred from
June to August. However, minimum cloud occurred ex-
cept between June and August.

3.3 Modeling stream flow of Kulfo Catchment us-
ing HBV-IHMS

Sensitivity analysis

The sensitivity analysis has been carried out by chang-
ing the parameter values within the allowable range. All
parameter values correspond to the time step of the day.
Each parameter’s value changed while the values of the
other parameters remained constant. Among the re-
sponse unit parameters are those included in response
routine parameters such as Perc, Alfa, K4, and Khq in
terms of NSE and RVE. The model simulations are sus-
ceptible to variations in the parameter’s value. The NSE
and RVE values in the Kulfo catchment remain constant
over a wide range of values of Perc, Alfa, K4, and Cflux.
These parameters are simulated hydrographs, which in-
dicates that they do not control the pattern.
Furthermore, changes in the values of FC, Beta, LP,
and Cflux all of which fall under the category of soil
moisture routines also result in significant changes in
RVE, indicating that the simulated flow was regulated
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Figure 9. Spatial distribution rainfall (mm) of bias-corrected ERAS satellite data
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in these three parameters. The field capacity (FC) char-
acteristic influences runoff rate and is associated with
maximal soil water storage; a higher FC often results in
a higher base flow and a lower peak flow. The Khq and
Alfa parameters are related to peak flow; the higher the
values of these parameters, the higher the peaks and the
more dynamic the hydrograph response. The parame-
ters Perc, K4, and Cflux are associated with base flow
and decline parameters.

Calibration and Validation

The model was manually calibrated by varying each
parameter’s value one at a time within the permitted
range to produce the calibrated parameter values. After
the sensitive parameters were identified using sensitivity
analyses, automatic calibration methods were employed
in the model’s calibration using the observed monthly
stream flow for a period (1993-2006 When calibrated
parameters from this measuring station are used to pre-
dict river flows across the entire watershed, the actual
flow is underestimated. This results from a lack of data
in the watershed and is the cause of the unreliability of
earlier estimation attempts. The simulated and actual
hydrographs in the Kulfo catchments are displayed in
Figure 15. The model does a good job of capturing the
base flows of the hydrograph and appropriately depict-
ing the recession limb.

After calibration, the model was validated using its fi-
nal best-fit parameters. For the period (2007-2013), cal-
ibrated parameters were validated. Monthly validation
steps and statistical evaluation of the model consistency
were performed using observed flow data. The output of
the model was then compared to actual stream flow mea-
surements recorded at the Arba Minch gauging station
in the Kulfo. In Table 7 result With a Nash-Sutcliffe
simulation efficiency (NSE) of 0.69 and Relative vol-
ume error (RVE) of -1.07% as a consequence of valida-
tion, monthly flows that were measured and simulated
had very good performance level of agreement. For
both the calibration and validation periods, Figure 15
above demonstrates that the observed and simulated val-
ues coincide very well. That is, the graphs for observed
data and the corresponding simulated values show sim-
ilar patterns. For further study need of refinement and
recalibration are necessary extend for the calibration/-
validation period if additional observed streamflow data
becomes available.

The values of the objective functions and the cali-
brated model parameters are shown in Table 8. All
catchments had NSEs above 0.6 throughout the calibra-
tion period, demonstrating how well the model captured
the observed hydrograph pattern. The model accurately
replicated observed stream flow volumes, as indicated
by the RVE values falling between -5% and +5%. Dur-
ing the Arba Minch validation period, the model’s per-
formance improved with regard to the objective function
(NSE).
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Simulation of streamflow at selected potential hy-
dropower site and head assessment in Kulfo catch-
ment

The portion of the Kulfo catchment in selected rural ke-
beles characterized lack of electricity namely in T’sayte,
Wisamo, Gatse, and Mazo Doysa was classified as the
main scarcity area. Micro Hydropower and solar hy-
brid system potential sites were chosen based on the in-
formation that was available, the sites’ accessibility to
the community, and their availability. However, stream
flow data is not available evenly at all four of the sites
that were chosen. Every location’s stream flow was sim-
ulated using the HBV model. The selected potential
sites with flow duration curve and kebeles are described
in Figure 16 and Figure 17 below. Through actual exam-
ination of the head drops at the sites, the head available
in the catchment was determined to be 30, 30, 28, and
35 meters for T sayte, Wisamo, Gatse, and Mazo Doysa,
respectively.

The HBV-IHMS model used to simulate the mean
monthly stream flow of the selected sites using the same
characteristics flow along the Kulfo catchment took me-
teorological data from 1991 to 2020. The model’s input
was used to calculate the Catchment’s physical proper-
ties. The mean monthly simulated site flow from the
IHMS model and the output entered into the energy
model to determine the hydropower were used to create
the flow of the sites that were identified.

3.4 Demand and Energy Situation in Selected Ke-
beles of Community

Summary of the energy status of the selected sites
and future population

The total population size in 2022 was 42,883 and out
of the total population energy used of the selected ke-
beles namely T’sayte, Wisamo, Gatse, and Mazo doysa
were 1500, 2010, 2000, and 3000 respectively. Like-
wise, over the studied kebeles 8510 of the population
obtained electricity while 34,373 would not use electric-
ity this represents the majority of the community’s lack
of electricity. The estimated population size energy not
used after the fifteenth year (2037) will be 52,777. Be-
sides, the approximate number of households is 10,555.
According to the combined results of the four selected
kebeles seven out of 10 people in the community lack
access to electricity. From collected demographic data
calculated of the total population and the energy forecast
were conducted considering electricity used parts of the
community in the next 15 years.

The results in Table 9 revealed that the total pop-
ulation size of the selected kebeles namely T’sayte,
Wisamo, Mayzo doysa, and Gatse kebeles were 7517,
11972, 10687and 12707 respectively and the Size per-
cent of kebeles were 17.53, 27.92, 24.92 and 29.63. In
addition, the total population of energy used in percent
on the kebeles were 19.95, 16.79, 18.71and 23.61 re-
spectively. However, energy not used in percent of kebe-
les was 80.0, 83.2, 81.3 and 76.4. Overall, out of the to-
tal population, 42,883 of the studied kebele about 8510
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Table 7. Simulation results for the calibration and validation periods

No Measure Equations Recommended value

— _ Z?:l (Qobs,i‘Qsim,i)2 RE
1 NSE NSE =1 S (@onet—Cons e’ 0.75-1 is Very good
0.65-0.74 is good

=1 (Qsim,i=Qobs. i)

_x
2 RVE RVE = S (Qobs.i)

% 100%  -5% to 5% is well performed

Table 8. Calibrated value of model parameter and value of objectives

Model performance Parameters Remark
Calibration Validation

NSE RVE NSE RVE Alfa Beta Cflux FC K4 hq LP  Per Very good
0.69 4.56 0.63 -1.07 0.001 1 0.01 780 0.037 139 045 0.01
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Figure 16. Main kebele of the selected potential site
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Table 9. Population size of the selected kebele and Status of energy

S.No Name of Population size in 2022 Population Energy used Energy Not

Kebele size in (%) usedin (%) used in (%)
Male Female Total

1 T’sayte 3683 3834 7517 17.53 19.95 80.0

2 Wisamo 5866 6106 11972 27.92 16.79 83.2

3 Mayzo doysa 5237 5450 10687  24.92 18.71 81.3

4 Gatse 6226 6481 12707  29.63 23.61 76.4
Sum 42,883 100 19.77 80.2

population obtained electricity. However, 34,373 popu-
lations would not use electricity.

Besides, Wisamo kebele was the lowest kebele that
used less electricity at 16.3% while Gatse 23.3% more
used electricity as compared with selected other kebele.
In general, from the total population size of the selected
four rural kebeles, the average energy used in percent-
age is 19.77%, and the energy not used is 80.2%. The
total population of the four kebeles was 42,883 and the
estimated population after fifteen years was calculated
by geometric growth shown in equation 12. The popu-
lation forecast for 2037 showed the total population size
over the studied kebele to be 65,844 and the approximate
number of households has to be the estimated popula-
tion divided by the number of households to be 13,169.

The results in Table 10 revealed that during the hours
of (1:00-2:00), (2:00-3:00), (3:00-5:00), (4:00-5:00),
and (5:00-6:00) at night, appliances such as lights, mo-
bile chargers, tape recorders, televisions, and stoves
were not used. Although a household needs electric-
ity for lighting, running a radio or TV, and powering
mobile devices, this loads a television (30 W), a phone
charger (5 W), and compact fluorescent lights (11 W)
for each family in the village. The typical daily opera-
tion time for TVs, radios, and light bulbs is two average
daily TV/radio operating time is 2 h for light bulbs about
four hours per day. As a result, it is not connected to the
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national grid.

Besides, in this studied area from (12:00-17:00) each
hour of the time could not be used Refrigerator (23:00-
1:00) and Injera Mitad regarded the community as hav-
ing a low-income community. Deferrable load in watt-
hour (Wh) used under special conditions when needed
from the community from 7:00-10:00 for every hour.
However, the power consumption of the community in
watt-hour was used every hour. In addition, the com-
munity load indicated every hour in the years working
the appliances namely Health center, Church, Mosques,
and floor mail. On the Sunday from community load,
the floor miles were not working except for churches and
health centers. Further, the primary load was calculated
shown in equation 14 the sum of energy in watt-hour of
domestic and community. Finally, the total load as de-
scribed in the above table the sum of the domestic and
social load of the selected kebeles.

3.5 Diurnal Cycle of the Hybrid Power System Es-
timated Using HOMER

Figure 18 below reveals the daily difference in the hy-
dropower output from the selected site. Based on the fig-
ure shown, for the first 90 days, the light blue color indi-
cates that the hydropower output is low. At this time, the
HOMER was simulating another alternative renewable
resource. However, between 90 and 180 days the power
would be increased. Accordingly, the red color indicates
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Table 10. Hourly average power load of the Potential site

Time of power Domestic Community Primary Deferrable Total
consumption (hr) Energy (Wh) (Wh) load (Wh) (Wh) load (Wh)
01:00-02:00 0 4525.63 4525.63 4525.63
02:00-03:00 0 19540.68 19540.68 19540.68
03:00-04:00 0 19540.68 19540.68 19540.68
04:00-05:00 0 19540.68 19540.68 19540.68
05:00:06:00 0 4525.63 4525.63 148500 153025.63
06:00-07:00 569991.6 2308.99 572300.59 148500 720800.59
07:00-08:00 11716494 1873.58 11718367.58 148500 11866867.58
08:00-09:00 105554 1319.43 106873.43 148500 255373.43
09:00-10:00 0 16334.48 16334.48 148500 164834.48
10:00-11:00 1055540 16334.48 1071874.48 148500 1220374.48
11:00-12:00 10555400 16334.48 10571734.48 10571734.48
12:00-13:00 0 3430.51 3430.51 3430.51
13:00:14:00 0 3430.51 3430.51 3430.51
14:00-15:00 0 3430.51 3430.51 3430.51
15:00-16:00 0 3430.51 3430.51 3430.51
16:00-17:00 0 1319.43 1319.43 148500 149819.43
17:00-18:00 0 1319.43 1319.43 148500 149819.43
18:00-19:00 10660954 8858.62 10669812.62 148500 10818312.62
19:00:20:00 1731085.6 7974.60 1739060.20 1739060.20
20:00-21:00 1625531.6 9294.03 1634825.63 1634825.63
21:00-22:00 1625531.6 9294.03 1634825.63 1634825.63
22:00-23:00 569991.6 4881.87 574873.47 574873.47
23:00:00:00 0 4446.46 4446.46 4446.46
00:00-1:00 0 4525.63 4525.63 4525.63
Sum 40216074 187814.871 40403888.87 1336500 41740388.87

the maximum hydropower output produced. Moreover,
the entire catchment’s high rainfall was obtained during
April and October. In this case, the batteries operated
to store the surplus amount of energy for future use. As
a result, the community received approximately 61.3%
of its energy from hydropower output.

The daily Photovoltaic power output shown below the
Figure 19 lowered during October and April and solar
energy was not generated in those months. Besides,
load coverage during the peak hours (18:00-24:00) and
at night (1:00-7:00) was quite difficult. However, the
maximum solar energy produced at 6:00-12:00 hours
is shown the yellow color but, the dark color indicates
solar power does not occur. During this time another
alternative energy source that is hydropower, compen-
sates power to deliver to the community before account
shortage of power.

As seen in Figure 20 below, the hybrid system’s re-
sulting daily cycle of generator output demonstrated
that the system’s demand energy was compelled to use
the generator’s maximum capacity due to the decreased
rainfall and solar radiation. These sources are signifi-
cant for increasing hydro and solar power. Hence, both
stand-alone hydropower and solar production were un-
able to meet the system’s energy demand, forcing it to
use its generators to the fullest extent possible. The gen-
erator used when renewable energy deficits occur needs
backup energy and is expected to operate for the bulk
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of the time. In this study for HOMER simulations, the
most commonly utilized generator type was the diesel
generator.

The above Figure 21 shows that the battery was able
to fully charge at this time due to the significant hy-
dropower output. Hydropower production increased
in absolute terms during periods of electricity scarcity
from April to October 30 before beginning to fall in De-
cember. The battery was fully charged for the entire
month thanks to the battery’s ability to store a lot of en-
ergy during this time.

The battery is a crucial component of the hybrid
system since it keeps the microgrid’s operation stable
while storing excess energy and supplying needed en-
ergy. HOMER using the kinetic battery model deter-
mines the quantity of energy that can be absorbed by or
removed from the battery storage for each time step. The
allowable range is determined by the maximum charge
and discharge power. For the time step electricity going
into and coming out of the battery storage.

The most practical configuration in this study to ac-
commodate for daily energy fluctuations is hydropower
coupled with solar power source and battery assistance.
The power output from hydro is lower during the first
120 days of the year, from 1% January to March 30 (Fig-
ure 21), and the load demand during this time can be
fulfilled by combining solar energy and the condition
of battery systems. The solar power output is quite low
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from day 90 to day 270, especially between the hours of
0:00, 9:00, 15:00, and 24:00 Figure 20. Mostly, the load
requirement of the site is only satisfied by hydropower at
61.3% as solar power covers 19.4%. This indicates that
the maximum power obtained from hydropower than
solar power. Hydropower is the best selected for this
scheme depending on an economically viable solution
for rural villages of those who have low income.

3.6 Economic Evaluation and Selection of Viable
Hydro and Solar Power

The HOMER, model was repeated and run through
the optimization process to find the lowest net present
cost (NPC). The model has chosen over 3000 configu-
rations based on their lowest Levelized cost of energy
(LCOE) and total NPC. The main goal was to compute
and contrast the system’s LCOE under various condi-
tions. These are the circumstances that are taken into
consideration. In the first three scenarios, hybrid pho-
tovoltaic (PV), hydropower, and generators were con-
sidered sources of renewable energy. Generally, based
on viable solutions, hydropower and generators were se-
lected as photovoltaic (PV) resources were too expen-
sive to implement in the studied area. The main support
for the electricity load has been hydropower, making
the renewable fraction about 55.6% in all configurations.
The best configuration NPC is $81.2 million, which
shows that investment costs are decreasing in all config-
uration hydro schemes mainly chosen for load coverage.
Moreover, the Levelized cost of energy was 0.0962 less
compared to other schemes. Besides, the annual power
production of solar energy (PV), hydropower, and gen-
erators was 5,641,903, 27,566,199 and 11, 736, 523,
kwhr/yr and the percent coverage of 12.6, 61.3, and 26.1
respectively. Based on LCOE, the economic study of
the first three hybrid system options at the selected site
was selected based on a technicality and economically
viable solution as shown in Table 11.

In addition, the above table revealed that the top three
configurations have Levelized costs of energy that are
nearly the same, with LCOE’s at 0.0962 dollars per kilo-
watt hour (kWh), which was determined to be slightly
different contrasted to Ethiopian Electricity Corpora-
tion’s (EEC) expense of 0.06 dollars per kWh. In each
case, the initial investment of a PV system is signifi-
cantly higher than that of hydropower. Similarly study
was reported by [34].

The aforementioned Table 12 shows that in the first
three months occurred energy deficit due to this short-
age the generator is required to stabilize the demand sup-
ply system. In order to simulate how the system would
function, the HOMER model determined the energy bal-
ance for each of the 8,760 hours in a year. It identifies
the most efficient method of obtaining electricity from
each resource after calculating and comparing the sys-
tem’s hourly electrical and thermal demands. Addition-
ally, HOMER used to make decisions about the genera-
tor operation every hour, including whether to charge or
discharge the batteries. In general, HOMER runs these
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power-balancing calculations for each system configura-
tion and assesses its viability. Either the diesel generator
or the storage battery can supply the load when it is low.

During simulation, HOMER performs the power bal-
ance calculation for each system configuration and eval-
uates whether it is viable. During peak demand, the
diesel generator and storage battery run in parallel mode.
This simultaneous functioning allows the diesel genera-
tor’s capital cost to be reduced. Further, the demand of
the community for domestic load, public, and deferrable
load based on the use of the appliance selected was cal-
culated and described in detail in chapter three.

4. Conclusion

This study aims to evaluate the feasibility of supply-
ing electricity to specific rural kebeles using a hybrid
off-grid micro-hydro and solar power system. The fea-
sibility and cost-effective configuration of the hybrid
systems required primary data from a field survey and
secondary data from the Ministry of Water and Energy
(MoWE), the Ethiopian Meteorological Institute (EMI),
and ERAS reanalysis climate data, which were collected
and used to evaluate the potential of the selected sites.
Energy consumption was calculated based on the de-
mand of the low-income community. The hourly de-
mand of the community was calculated by considering
various appliances for domestic and residential loads,
such as lights, cooking stoves, mobile and radio charg-
ers, flour mills, and institutions. These data are used to
optimize the HOMER model of each system and run the
simulation. The outcomes of the simulations covered in
the report demonstrate that each power source’s output
is more than sufficient to meet the load and can even
supply more.

The development of reliable and effective renewable
energy sources was put into practice, improving the
community’s rural villages’ social and economic well-
being. This is because of the application of new devel-
opments in modeling and satellite technologies. The po-
tential of ERA-5 satellite data and the HOMER model
to assess the techno-economic feasibility of solar and
hydro systems in off-grid locations within the Kulfo wa-
tershed was the main emphasis of this thesis. The HBV-
IHMS hydrological modeling program was utilized to
determine the flow ungauged site, and the ERAS satel-
lite data was effectively utilized to close the gaps in the
hydro-meteorological data. In general, hybrid systems
have a somewhat higher LCOE than the national tariff;
given the changes in the poor’s way of life in rural ar-
eas, the acceleration of deforestation, and the develop-
ment of renewable energy, it may be a viable alterna-
tive for electrifying those areas. The Levelized cost of
energy (LCOE) and capital cost of the micro hydro sys-
tem are less than those of the hybrid system. Because of
this site’s hydropower supplies, the writer believes that
installing a standalone micro hydro system is both eco-
nomically viable and pollution-free.
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Table 11. Hybrid system developed scenario

Configurations Components Annual power Coverage NPC LCOE O and

production (%) M) (M) M ($M)
(kwhr/yr)
1 PV 5,641,903 12.60 81.12 0.0962 1.58
Generator 11,736,523 26.10
Hydro 27,566,199 61.30
2 PV 9,389,721 19.40 81.21 0.0963 1.58
Generator 11,435,529 23.60
Hydro 27,566,199 57.00
3 Generator 12,855,270 31.8 81.29 0.0964 1.61
Hydro 27,566,199 68.2
4 PV 12,549,467 24.30 81.37 0.0965 1.58
Generator 11,535,275 22.30
Hydro 27,566,199 53.40
5 PV 7,782,461 16.60 81.49 0.0966 1.59
Generator 11,572,246 24.70
Hydro 27,566,199 58.80
6 PV 17,470,415 31 81.52 0.0967 1.58
Generator 11,256,520 20
Hydro 27,566,199 49

Table 12. Energy balance calculation of selected site

Months Hydropower PV output Generator Total Renewable Demand Energy

output (kw)  (kw) output (kw) output power (kw)  (kw) Balance

Jan 1774.8 771.2 1499.1 2545.94 2887.2  -341.3
Feb 1571.8 881.8 1523.6 2453.63 2887.2  -433.6
Mar 1695.7 817.1 1505.1 2512.84 2887.2  -374.4
Apr 3126.7 699.4 1327.2 3826.13 2887.2 9389

May 4621.1 555.2 1161.0 5176.33 2887.2  2289.1
Jun 3850.7 408.1 1293.3 4258.77 2887.2 1371.6
Jul 3470.5 402.9 1345.7 3873.41 2890.2  983.2

Aug 35522 477.6 1315.7 4029.81 2884.3 1145.6
Sep 3886.8 646.1 1242.2 4532.97 2887.2 1645.8
Oct 4077.4 645.1 1209.8 4722.54 2887.2 1835.3
Nov 3664.5 711.9 1248.3 4376.39 2887.2 1489.2
Dec 2379.7 731.5 1416.2 3111.22 2887.2 2240
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