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Abstract

Most river basins in the world are ungauged. Especially in developing countries, catchments
have less coverage of gauging stations. In Ethiopia, most river basins are ungauged.
Streamflow data are collected at more than 506 operational gauging stations. Improving data
accuracy and reliability of streamflow estimation in poorly gauged stations is mandatory.
Different Streamflow estimation methods are developing from time to time. Traditionally,
streamflow is directly measured through manual or automated ground based instruments
installed within a monitoring station. In fact, there are different methods of Streamflow
estimation. This study was conducted to gain better understanding on the use of remote
sensing products for streamflow estimation in Bilate River sub-basin, Ethiopia. Four Remote
sensed (satellite/reanalysis) precipitation products of different categories, source and
resolution, namely GPM_3IMERGM v 07, CHIRPS 4.8 Daily, TRMM 3B42 v7 and ERA5
AG were compared against in situ observations. The main aim was estimating streamflow
using bias-corrected remote sensed products and comparing the results with observed flows.
Statistical measures such as Bias measurements, Coefficient of Regression, the Root Mean
Square Error and the Mean Error were used. Also, Bias Component Hits, Missed and False
rainfall and rainfall detection capability analysis and contingency table score such the Critical
Index Success, Probability of Detection, Bias Frequency, and False Alarm Ratio were used to
compare the satellite precipitation products with the gauge station data. The comparison were
made depending on the stations' locations, point-to-pixel and sub basin scale analysis. Eight
meteorological stations and five hydrological stations within the catchment were screened as
reference data. The result from the comparison of observed daily time series data for 32 years
(1991-2022) with satellite precipitation product indicates CHRIPs and IMERG performed
better in terms of rainfall depth than TRMM and ERAS. Also, the degree of agreement R?
using the four satellite precipitation products in Bilate river sub basin shows 0.9, 0.87, 0.8
0.77 for IMERG, CHRIPs, TRMM and ERA5 Ag respectively. For model calibration 11 years
(2001-2011) and for validation process 4 years (2012-2015) were used to simulate HBV Light
model. The model performance was evaluated based on three objective functions namely:
Nash Sutcliffe Efficiency Coefficient (NSE), Relative Volumetric Error (RVE), and the Root
Mean Square Error (RMSE). Satellite precipitation products IMERG and CHRIPS with ERA5
Ag Satellite (Temperature and potential evapotranspiration) products used as an input for
HBV Light model. The calibration results for IMERG R?=0.7431 and PBIAS=1.08, objective
functions NSE= 0.54, RMSE =0.87 and RVE =-1.37 for CHRIPS R? =0.7474 and
PBIAS=4.94, objective functions NSE = 0.51, RMSE =3.59 and RVE = -5.65.

Keywords: Streamflow, Remote sensing, Bias-correction, HBV Light, Bilate River, Ethiopia
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1 Introduction

1.1 Background

Rivers are part of the water cycle, which is a natural flow of fresh water that flows from higher
to lower altitudes to the sea, lake or dries up through the land without reaching any other body
of water. The main sources of river water are direct precipitation, surface or subsurface runoff
and groundwater flow. Continuous flow recording is necessary because technical studies on
the development and management of water resources rely heavily on hydrological data.

River discharge is the measurement of water flow in a river over a defined period of time.
Which is one of the most important hydrological variables in the planning, management and
use of water resources. Gauge stations used to collect Hydro meteorological data such as
precipitation, streamflow, Temperature and other climatic data in the watershed. Data from
measuring stations used for various purposes, including: flood forecasting, planning and
design of water resources, hydrological research, operation of hydraulic systems. However,
only a small percentage of watersheds from worldwide are equipped with a gauge. In
developing countries, most measuring stations provide unsatisfactory data due to equipment
failures and measurement program interruptions. Even most of the stations have poor data
quality due to damaged equipment and stations with bad condition. Replacing and maintaining
of the stations is needed. (Haile et al. 2013)

Ungauged basin is defined as a catchment in which the record of hydrological observations is
insufficient to enable the calculation of relevant hydrological variables at appropriate spatial
and temporal scales and with acceptable accuracy for practical applications (Sivapalan et al.
2003). Streamflow estimation in poorly gauged and ungauged basins presents a unique
challenge for the international hydrological community. Accurate estimation of river flows
and water storage is essential in planning and managing water resources. Whether the
watershed is measured or not. Various methods have been used to estimate discharges at
different time scales (daily, monthly, annually) in sparse and surveyed watersheds. To solve
the problem related to hydrological data, we can estimate streamflow using direct and indirect
methods. Using indirect method to estimate Streamflow in rainfall-runoff modeling requires
precipitation information as the primary input. Ground-based gauge stations are usually used
to collect precipitation data. However, Rain gauges are rare, unevenly distributed and have
missing data problem. Precipitation data gaps needs to be properly filled by using gap-filling
methods such as Arithmetic mean, Normal ratio, Inverse distance method and Aerial
Precipitation Ratio. Due to the importance of hydro Meteorological data for proper planning
and management of water resources we need to see other options such as community based
monitoring and alternative data source like satellite remote sensing products.

Satellite-based precipitation estimates, such as remote sensing techniques, are becoming
increasingly popular in monitoring global precipitation. Precipitation assessment with high
temporal and spatial resolution can be achieved using satellite remote sensing. Precipitation
estimation using remote sensing data is cost-effective because most satellite data is publicly
available. In recent years, advances have been made in the technology of remote sensing of
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precipitation products using remote sensing technology. (Gusset et al., 2018). The data
quality, accuracy and precision of these products are improved by incorporating instrument-
based observations to correct biases in precipitation estimates. (Zhang et al. 2019). Some of
those Satellite gauge products are GPCP, CHIRPS, TRMM, TMPA, IMERG, ERAS,
CMORPH and PERSIANN. GLDAS, GLEAM & MODIS are some of Satellite based
Evapotranspiration products which have being used at a global scale. (Numan Zahid Khan et
al 2022) Satellite products provides nearly global coverage have the potential to replace daily
time series data with an acceptable accuracy and can be alternatives to gauge observations.
On the other side comparison of satellite precipitation products with gauge observations,
implies the existence of biases, which needs to be corrected. (Zhang Y et al 2021)

Bias correction is the process of minimizing the differences between satellite products and
rain gauge recorded data. Previous studies revealed that bias correction is needed before
utilizing those satellite products by using different methods.(Gella et al.2018) In addition,
some studies show the performance of bias corrected satellite products were good in rainfall-
runoff models simulation. Habib in 2014 applied bias-corrected remote sensed products as an
input on rainfall runoff model to show the effect of bias correction. Power transformation bias-
correction method were used in Lake Ziway for CHIRP satellite precipitation product and the
performance were evaluated by HBV model. (Demelash et al 2020)

Rainfall runoff models are tools used to simulate catchment response, discharge and water
balance components result. (Seibert et al 2012) Different Hydrological models used for
different purpose based on the aim of the study. Some of popular rainfall runoff models are
SWAT, HECRAS, MIKE SHE, HBV and HEC HMS. In Ethiopia, several studies show the
performance of those rainfall runoff models. The model performance comparison of HBV
light and SWAT in Geba Catchment, Upper Tekeze Basin. (Abebe Temesgen et al 2019) The
performance of different satellite precipitation products . For example, Awel Haji Ibrahim and
Dagnachew Daniel Molla in 2022 shows the performance of satellite precipitation products
CHIRPSv2, MSWEP and TRMM as an input to simulate HEC-HMS rainfall runoff model in
Bilate river basin. Three daily satellite precipitation products ARC2,CHRIPS, COMRPH and
potential evapotranspiration satellite product (FEWSNET) used as input to stimulate
streamflow using HBV Light hydrological model in Wabi watershed.(Alato et al 2019)
Satellite precipitation products CPC,TRMM,COMRHP,TMPA 3B42 and Evapotranspiration
product FEWSNET using Hydrological model HBV 96 in Upper and Middle Awash River
sub-basin.( Habte et al 2013).

Many studies reveled the existence of gauging stations data quality problem, also the number
of actively gauging station decreasing from time to time. (World Bank et al. 2018) The study
aim to introduce different satellite precipitation, Temperature and potential evapotranspiration
product as an alternative data source in Bilate River sub basin. In addition, the study focus on
comparing satellite products with the gauge observation, bias correction and using bias
corrected satellite products s an input for rainfall-runoff hydrological models. The model
selection were depending on its availability, less input requirement and its simulation
performance in different countries with different climate conditions.

AAIT Page 2
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1.2 Statement of the problems

Many river sub basins in developing countries lack ground based streamflow observations,
which means gauge stations with hydrological data are sparse. Although, gauge stations with
ground based streamflow observations have poor data quality and completeness. The main
reason are failure of monitoring equipment, limited accessibility to sites, difficult weather
conditions, observation errors, code entering and transmission errors, and other processes of
data collection.For all those reason the number of actively gauging stations decreasing,instead
of showing improvements, in recent years they becoming worse all around the world (Global
Runoff Data Center 2014).

Establishing and maintaining ground based gauge stations is expensive, labour intensive, and
can place personnel at risk. Therefore, hydrologists should have to develop methods and
techniques for estimating stream flow at ungauged catchments (Wagener et al. 2011).

The quality of hydrological data mainly depends on method used to collect data at the field
and off the field. It is difficult to make a direct and continuous measurement of discharge in a
stream but relatively simple to obtain a continuous record. Without a complete data set on
river flow, water resource planning and design cannot be implemented properly. Different gap
filling methods and bias correction methods are available to improve the quality of
hydrological data from different sources. (Lusajo et al.2018), (Katiraie et al.2020).

In Ethiopia, Ministry of Water and Energy (MoWE) collects hydrological data such as stream
flow data from 560 gauging stations in 12 basins in the country, however, most river basins
have less coverage of hydrological gauging stations. This constrains proper planning, Water
resource projects design and management. In most parts of the country river basins hydro-
meteorological data are characterized by poor data quality such as long years missing,
unrealistic and extreme values. Some of the errors, manual or machine, might exist in the
streamflow observation. The major gauging stations in the country were equipped with non-
recording type devices (staff gauge) which needs frequent maintenance and monitoring.
(Ayana, et al 2019).In the meantime, The MoWE need updating the rating curve from time to
time. However, updating the rating curve was not done frequently as required in the Ministry.
This might be due to lack of budget, adequate human resources, and problems related to access
to remote stations. The poorly gauged and ungauged basins problem should be addressed
using new methodologies.

In Bilate river sub basin there are six gauge stations recording daily streamflow data.
However, those stations have poor data quality, characterized by short and long duration of
missing data. Improving the quality of streamflow data for hydrological analysis is mandatory.
There are advanced technologies and methods that can be used to generate the missing
hydrological data including streamflow. Remote sensing represents an appealing alternative
means of obtaining streamflow data. As in the case of hydrologic variables such as
precipitation, complete historical records are necessary in order to use rainfall runoff models.
In current years Satellite precipitation products having acceptance in Hydrology and
Meteorology, However, they have bias in there Estimation which, should be corrected using
different bias correction methods. In this investigation, an effort was made to estimate the
daily streamflow using gauge stations data and remote sensing data as an input for rainfall-
runoff modeling in poorly gauged stations of Bilate River sub basin. The finding of the study
will contribute to better understand the temporal and spatial variability of water yield in the
sub basin and water resource developments and management works.
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1.3 Objective of the Study

1.3.1 General objective

This study intends to gain better understanding of daily streamflow estimation in poorly
gauged and ungauged stations using remote sensing and gauging stations’ data as input for
stream flow modeling in Bilate rivers sub basin.

1.3.2 Specific objectives
The specific objectives of the study include:

To evaluate the adequacy and quality of the Hydro-meteorological gauged data of
Bilate river sub-basin

To evaluate and select suitable remote sensing rainfall products

To bias-correct the selected remote sensing rain fall products for Bilate river sub-basin
To simulate Bilate River Runoff using bias-corrected rain-fall product

1.4 Research Questions

1.

ok wn

8.

9.

What is the percentage of missing data in poorly gauging stations of Bilate River sub
basin?

What are the main causes of missing data in Bilate River gauging stations?
Which gap filling method is preferable in Bilate River gauging stations?
Which remote sensing rainfall product is available for Bilate river sub-basin?
Which remote sensing data source is more suitable for stream flow modeling?
What is the extent of bias between gauging stations and satellite based rainfall
products?

Which bias correction Methods are good for correcting satellite based rainfall
products?

Which rainfall-runoff model is appropriate for Bilate river sub-basin?

How good is the performance of rainfall-runoff model?

10. What is the simulated Runoff time series data?

AAIT
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1.5 Significance of the study

Ethiopia is the 10" largest country in Africa with Surface area, due to the size of the country
and the complexity of its water resources most river basins are poorly gauged or ungauged.
To overcome these challenges we need to use new technologies and methods as alternative
data source to simulate the stream flow to those poorly gauged or ungauged catchments.
Finding of this study will offered vital information to the decision makers for wide variety of
purposes

e Water resources planning and design

e Hydrological research

e Operation of hydraulic structures and water supply

e Navigation

e Recreation

e Management of in stream habitat and

e Predicting and monitoring of floods in Bilate River sub-basin.

Remote sensing observations in Estimation of daily stream flow will have

Greater efficiency,

Expanded coverage,

Increased measurement frequency,
Cost savings, and

o O O O

Reduced risk to field hydrographers remote-sensing instruments provide increased safety to
the technicians and are less likely to be lost during major floods than fixed, traditional stream
gauging in Bilate River sub-basin.

1.6 Scope of the study

Conceptually, the study will mainly concern on the Estimation of daily streamflow for poorly
gauged and ungauged stations by using different methods. Methodologically, the research is
focused in the rift vally river basin hence, the study is confined to the Rift VVally River basin,
which is geographically limited at Bilate River catchments using both remote sensing
observations and ground based catchment process.

1.7 Limitation of the Study

To concentrate on all gauging station in the entire country was impossible because of the
limited period and amount of fund. Another limitation of the study related to the resolution of
available satellite products, which are coarse.
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2 Literature Review

These chapters will gives an overview of literatures that are related to the research problem
and it introduces literature thought like concepts of Estimating daily streamflow using remote
sensing data in hydrological models.

2.1 Ground based gauged station data

2.1.1 Hydrological data

An accurate estimate of water flow is the most important information hydraulic engineers and
hydrologists need. Observed flow data are important for hydrological research, flood
forecasting, and water resource planning and design. Discharge time series for gauging
stations are often calculated using a phase performance curve that relates measured river level
to discharge. (Singh et al, 2014).

Data quality refers to the relative accuracy and precision of a particular database. Correctly,
captured data provides an absolute measure of data quality. However, some errors may occur
when observing, transmitting or recording the stream, such as random, systematic or non-
uniform errors. The quality of hydrological data is assessed according to current standards.
Although it is very difficult to maintain certain standards of reliability and accuracy of time
series data, data collection and processing is crucial, especially in the case of national
databases. A total of observation networks worldwide are getting worse rather than better
(World Bank et al. 2018).

Ethiopia has twelve river basins based on hydrological boundaries. The Ministry of Water and
Energy (MoWE) collects hydrological data such as flow data from many rivers in the country.
MoWE is responsible for data collection, processing and analysis. Most measuring stations
were equipped with staff gauge. They need frequent maintenance and monitoring. Due to
various factors, low data quality, missing values over long years, unrealistic and extreme
values are some of the characteristics of the country's watersheds (Ayana et al. 2019). Many
researchers have pointed out the lack of high-quality hydrological data in Ethiopia. In the
Upper Blue Nile Basin (Haile et al.2017), in the Omo-Gibe River basin (Degefu and Bewket
2017) and in the Ziway-Shala basin (Goshime et al. 2019).

The quality of flow data from measuring stations is unsatisfactory in most parts of the country
for various reasons, such as damage to most measuring stations after floods, delays in the
collection and payment of observer salaries, and the lack of digital data exchange. No further
quality assessment by water technicians, rating curves are out of date. (Haile et al. 2023).The
Ministry of Water and Energy is not updating the rating curve frequently as required due to
lack of budget, adequate human resources, and problems related to access to remote stations.(
Ayana, et al 2019)

In this study the Bilate river sub basin which is the part of Rift valley lake basin has six
Hydrological gauge stations from those ground based stations streamflow data quality
assessment and filling missing values to those station data was implemented.
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2.1.2 Meteorological data

The overall discharge from the river basin depends on the relationship between precipitation,
evapotranspiration and storage factors. Precipitation is any product of the condensation of
atmospheric water vapor that falls from clouds in the forms of drizzle, rain, sleet, snow etc.
Precipitation is measurement taken as a vertical depth of water that would accumulate on the
horizontal surface with measurement units: mm, cms, inches, and feet. Rain gauge is an
instrument used to collect& measure rainfall and it is the main input of hydro meteorological
models (Kidd and Huffman2011).

Ground-based rain gauge data sets are widely used in water management and hydrological
studies. However, the scarce distribution or poor coverage of rain gauges due to rain gauges
have trouble observing precipitation in remote areas such as oceans, polar areas, and
mountainous regions (Kidd et al. 2017). In addition, the number of ground rain gauges
continues to declining all over the world (Shiklomanov et al. 2002).

Hydrological analysis and design need complete measurement of precipitation data but there
are missing values. There are many causes of missing rainfall data such as failure of the
observer, vandalism of recording gages (damage in gauge stations), and instrumental failure.
Etc. (Ngene et al 2015).

Due to technical or maintenance issues, metrological data production and management is
difficult tasks. There are gaps in the data set those missing intervals in the time series represent
a loss of information (Tencaliec et al. 2015). The missing data problem should be addressed
using different gap-filling techniques such as simple arithmetic means, normal ratio method,
correlation coefficient weighing, inverse distance weighting, multiple linear regression,
empirical quantile mapping, and empirical quantile mapping plus. (Chinasho et al 2021)

The National Meteorological Agency (NMA) of Ethiopia collects daily rainfall data from
more than 1200 conventional stations, 25 automatic stations, an upper air observation, and
AWOS at different airports of the country. There are 919 active meteorological stations in the
country. (NMA 2013)

The quality of ground based meteorological gauge station data can be screened using Grubbs
T-test to identifying outliers in the observed data, F and t-test to stability of variance and mean,
Average minimum flow are estimated for D-days. (Ayana, et al 2019)

Rainfall runoff models depend on the precipitation records from gauge station, but recording
rain gauges have missing value problem, those missing value can be fill using different gap
filing methods. In this study, ground based meteorological data for Bilate watershed and
surrounding gauge stations collected from NMA of Ethiopia. Then gap filling for missing
values and fixing the extreme values using different techniques for those selected station takes
place.
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2.1.3 Filling the missing hydro meteorological gauged station data

In most of ground based gauge stations, due to technical or maintenance issues observed
streamflow records contain missing values that make it difficult for hydrological modelling
(Tencaliecetal.,2015).In the large-scale monitoring system, Missing data is a common
phenomenon. Hydro meteorological time series data has collected at regular time intervals.
When there is no hydro meteorological data observation for some period due different reasons,
in order to make analysis we need to fill those missing values properly in the data set. There
are different reasons to the existence of missing values in the data set some of those reasons
are failure of monitoring equipment, extreme weather conditions, limited accessibility to
measurement sites, absence of observers, human induced errors, budget restraints, and
political conflicts among other factors (Elshorbagy et al., 2000).

In the past decades, the number of actively operating streamflow stations with long historical
records decline (Hannah et al., 2011). There are different types of missing data such as missing
completely at random, missing at random, missing not at random.(Sharma et al.,2022)Missing
data are universal Problem in hydrology, but it’s becoming worth in developing countries
where limited resources exist for data collection, quality assessment, repository provision, and
maintenance.(Ekeuwei et al. 2018)

The choosing the appropriate infilling technique depends on different factors such as the
length of the missing values, the seasons of gap occurrence, the climatic region of the
observation sites, the characteristics of the existing time series and the purpose of the use of
the gap-filling (Dembele et al., 2019). Performances of different gap-filling methods were
assessed using Mean Absolute Error, Root Mean Square Error, and Nash-Sutcliffe efficiency.
In order to test the accuracy of methods used in estimation of missing data.(Caldera et al 2016)

Gap filling techniques such as simple arithmetic means, normal ratio method, correlation
coefficient weighing, inverse distance weighting, multiple linear regression, empirical
quantile mapping, and empirical quantile mapping plus were selected and there performance
evaluated using mean absolute error, root mean square error, skill scores, and Pearson’s
correlation coefficients in southern part of Ethiopia.(Chinasho et al 2021)

Even if there are different methods of filling of missing hydrological data, there is no single
gap filling techniques that we can be consider as universally best. When we come to filling
missing data, all gap filling method have their own advantages and disadvantage depending
on the characteristics of the time series data. (Lusajo et al., 2018)

In Ethiopia, the hydro meteorological gauging stations data quality characterized by short and
long period of missing data. So, in order to improving the quality of those ground based time
series datasets , we need to use the appropriate gap filling techniques before we make any
hydrological analysis.( Ayana et al., 2019).

In this study, the quality assessment of hydro-meteorological time series data for ground based
six hydrological and eight meteorological stations located in Bilate river sub-basin was made
using different gap filling techniques and there performance evaluated.
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2.2 Satellite based precipitation products

Rainfall-runoff modeling and flood forecasting require information on precipitation as a major
input. Traditionally, meteorological information on precipitation is available and collected
from ground based meteorological gauging stations. Rain gauges have trouble observing
precipitation in the remote area such as oceans, polar areas, and mountainous regions. We
need alternative source of information on precipitation other than in-situ estimates such as
space born estimates. Luckily, observing global precipitation using remote sensing techniques
having progress. The two major remote sensing techniques in precipitation observation are
weather radars and space-based meteorological satellites. (Hong et al. 2019).Rainfall
estimation using satellite remote sensing data is cost effective because most of the satellite
data is available free of cost. Publicly available precipitation products classified in to rain
gauge data, single satellite sensor, multiple satellite sensors and combination of multiple
sensors with gauge data. Satellite based precipitation data sets extracted by satellite
radiometers such as visible (VIS) or infrared (IR) sensor; passive (PM) and active microwave
(AM) method; merging of IR and microwave data; and precipitation radar (PR).(M L Tan et
al 2014)

In recent years, several improvements have been carried out in satellite based precipitation
products which leading to unprecedented accuracy and precision (Muhammad et al., 2020).
Evaluation of Satellite based precipitation estimates such as CHIRPS, TRMM 3B42 V7 and
PERSIANN-CDR products in various climate regimes.(Zhang et al., 2021). Some products
such as TRMM, TMPA, CMORPH and PERSIANN have been tested (Beighley et al., 2009).
Satellite rainfall estimates CHIRPSv2 products used in Africa (Funk et al., 2015). The most
widely used satellite precipitation and temperature products includes ERA5-Land, which is a
reanalysis dataset providing, Mean Temperature, Precipitation, and Wind Speed. With spatial
resolution of 11.1-km (0.125-deg x 0.125-deg) starting from 1963 to Present

GLDAS Data set generates Evapotranspiration, Surface Runoff. With Spatial resolution of
24-km grid (1/4-deg) Starring from 2000 to Present which is available free to the user’s.

TRMM/3B42 Precipitation Estimates TRMM DAILY (Derived from 3-hourly) with spatial
resolution of 28-km (1/4-deg) starting from 1998 to Present Variables. This dataset is in the
public domain and is available without restriction on use and distribution

CHIRPS Daily starting from 1981 to Present (updated monthly). The Climate Hazards Group
Infrared Precipitation with Station data is a 35+-year global rainfall data set with Spatial
resolution of 4.8-km grid (1/20 deg). These datasets are in the public domain.

PERSIANN-CDR is a daily global precipitation product that spans the period from 1983 to
present with spatial resolution of 24-km grid (1/4-deg) starting from 1983 to present which is
publicly available. GPM Global Precipitation Measurement is an international satellite
mission to provide next generation observations of rain and snow worldwide every three hours
with spatial resolution of 11-km (1/10-deg) starting from 2000 to Present. Daily data is
updated every 30-minute which is freely available for the public. Amongst the Satellite remote
sensing product some of commonly used are shown in Table below.
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Table: 2.1 Satellite precipitation products

Spatial  |Period Temporal
Satellite products resolution |coverage resolution Source Reference
TRMM (the Tropical Rainfall Measuring After the spacecraft http://disc2.nascom.nasa.gov/op
Mission) 0.25° From 1997 to 2015 |depleted its fuel reserves  |endap/TRMM_L3/TRMM _3B42/  |(Kummerow et al. 2000)
TAMSAT (Tropical Application of
Meteorology Using Satellite Data and Ground- From 1983 to the
Based Observations) 0.0375° delayed present  |Daily to seasonal time-step | http://www.tamsat.org.uk/ (R. Maidment's et al.2020)
TRMM (2000 -
IMERG ( Integrated Multi-satellite 2015)GPM (2014 -
Retrievals for GPM) 0.1 present) Daily, monthly annual https://gpm.nasa.gov/data/imerg (R. K. Pradhan et al.2022)
CHIRPS (Climate Hazards Group Infrared From 1981 to Daily, monthly and annual
Precipitation with Station data) 0.05¢, present scales https:/www.chc.ucsb.edu/data/chirps |(Ayehu et al. 2018)
From 1982 to
GPCC (Global Precipitation Climatology Cen{ 1.0°, 2.5°,0.9 present Daily,monthly https:/iwww.dwd.de/EN/ourservices/gp{ (F. G. Paveh et al.2022)
CMORPH (Climate Prediction Center’s ftp//ftp.cpc.ncep.noaa.govipreci (D. A. Zeweldi 2009)
morphing technique) 0.25° From1998-present {30 min ,Daily p/CMORPH_V1.0/CRT/8km- 30min
https:/fopendata.dwd.de/climate_enviro
ECMWEF ERAD5 (European Centre for From1940 to nment/
Medium-RangeWeather Forecasts) 0.10 present hourly, Daily GPCC/ (Hersbach et al 2020)
PERSIANN(the Precipitation Estimation
from Remotely Sensed Information using From 1983 to
Artificial Neural Networks) 0.04° present Daily http://chrs.web.uci.edu/ (Yanget al 2022)
TP 7TEaTyWaITINg. USYS.go vy
FWESNET (Famine Early Warning Systems ftp2 /bulkdaily%20data/global/pet/ye
Network) global evapotranspiration (PET) 1o From 2001 Daily, Monthly, Annually ~ |ars/ (Shukla et al 2017)
MSWEP (Multi-Source Weighted-Ensemble
Precipitation ) 0.1 From 1979 to 3 hours, Daily https://www.gloh20.org/mswep/ (Beck et al., 2017)
GSMaP (Global Satellite Mapping of
Precipitation) 0.1° From 2002 hourly, Daily https://sharaku.eorc.jaxa.jp/GSMaP/  |(M. Darand et al 2021)

Overall Satellite precipitation products in Ethiopia

In Ethiopia, several studies evaluate the performance of different satellite precipitation
products such as CHIRPS v2.0 (Ayehu et al. 2018), IMERG (Andualem et al.2020). The
performance of satellite based rainfall estimates like CHIRPSv2, MSWEP, TRMM was
evaluated against the rain gauge observation in order to use them for hydrological modeling
in the Bilate River Basin.( Ibrahim et al, 2022;Ayehu et al., 2018; Dinku et al.,
2018).CHIRPS2 performed the best in estimating and detecting rainfall (G.K.Wedajo et al
2021).According to Gella, Getachew. (2018) bias correction is needed before utilizing those
satellite precipitation products in Eastern Ethiopian landscape. Also Kehase Neway in 2023
show the performance of satellite rainfall products such as CHIRPS.v2, TRMM.3B42v7,
TAMSAT.v2, and CMORPH.CPC at the Gidabo catchment. In Wabi Shebelle river basin, the
performance of MSWEP and TAMSAT showed better result than CMORPH, TRMM and
CHIRPS. (Engdaw et Al 2022). From Southern Ethiopia Bale, Temesgen Gashaw in 2023
evaluate the performance of satellite/reanalysis rainfall products (CHIRPS v2.0, TAMSAT
v3.1 and MSWEP v2.8) and temperature products (MERRA v2 and ERADS). Kirubel
Mekonnen in 2021 implies the Suitability of satellite product such as TRMM 3B42v7, 16
IMERG v06B, and TAMSAT v3 to simulate discharge in Upper Awash Basin.
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Overall, Satellite precipitation products are using as an alternative precipitation data sources
for rainfall-runoff modeling in data scarce regions of Ethiopia. In Bilate watershed satellite
based remote sensing products is a good alternative. However, those products contain
uncertainties attributed to errors in sampling so bias correction is needed.

2.2.1 Bias correction

In recent years, advances in remote sensing technology have led to satellite estimates of
precipitation gaining acceptance in the fields of hydrology, meteorology, and especially
precipitation and runoff modeling. However, they are subject to systematic errors and repeated
deviations from the ground station measurements. Bias correction is a statistical technique
used to eliminate differences in an estimate. There are some differences between satellite
estimates and ground measurements, and correction methods are needed to reduce systematic
biases in these products. Bias in precipitation products must be corrected before being applied
to precipitation runoff models. (Katiraie-Boroujerdy et al. 2013)

The first process in bias correction is biases identification between satellite rainfall estimates
and observed data, then correcting satellite rainfall products by using several methods. There
are different bias correction methods applied to reduce errors such as, precipitation threshold,
scaling approach, power transformation, distribution transfer, precipitation model and
empirical correction methods. (H. Daniel. et al. 2023) (Soo et al. 2020). (H. Daniel. et al.
2023). The most common bias correction methods are linear scaling (LS), local intensity
scaling (LOCI), power transformation (PT), distribution mapping (DM) and quantile mapping
(QM), while temperature transformations correction methods are LS, variance scaling (VARI)
and DM, PT and QM methods performed equally best.( Fang et al., 2015). In this study bias
correction of daily precipitation products using power transformation method to match the
observed precipitation statistics, and to use in rainfall-runoff modelling.

Table: 2.2 Bias correction methods

Bias correction for precipitation Advantage Disadvantage
to treat the gaps between ground/ does not correct the standard deviation or
observed data and raw/correctsthe  Mean-based, |t is the simplest variance The daily precipitation sequence is
Linear scaling (LS) average precipitation value BC method the same as that of the RCM-simulated data

Mean-based , The wet-day frequency It does not account for the different changes in

Local intensity scaling Method (LOCI) is an advancement over linear scaling  is corrected the frequency distribution of precipitation

an exponential form to further adjust

the standard deviation of Mean-based.Corrects mean and
precipitation standard deviation (variance) events  Adjustment of wet-day frequencies and intensities
Power transformation (PT) series are adjusted non-linearly. only to some extent.
limitation due to the assumption that both the
observed and raw meteorological variables follow
Distribution mapping (DM) the distribution function of the raw  used to adjust the mean, standard the same proposed distribution, which may introduce
data to that of the observations deviation and quantiles potential new biases
It can effectively correct bias in the The limitation of the method is that It correct mean
mean, standard deviation, and This function transforms the raw variance and frequency and intensity of wet days
wet-day frequency as well as model rainfall into corrected model  and does not account for temporal distribution of
Empirical quantile mapping (EQM)  quantiles rainfall daily rainfall occurrence
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2.3 Hydrological models

Hydrologic models can simplify a real world system that are important for a wide range of
applications, including water resources planning, development and management, flood
prediction and design. Rainfall-runoff model are important tool to understand and predict the
different hydrological processes. Application of those models depends on the problem that we
need to be address. (Singh et al 2002.) Most of streamflow forecasting models categorized
under: conceptual (HBV model, TOPMODEL, SimHyd, IHACRES), metric (DBM, ANN,
unit hydrograph), physics based (SHE or MIKESHE model, SWAT), and data-driven (ARMA
ANN, SVR, WANN, and WSVR). The assumption of the first three models is the relation
between the input and output. (Pechlivanidis et al. 2011). Some of the most common
hydrological modelling software includes

SWAT (The Soil and Water Assessment Tool) is a physical-based semi distributed model
developed to assess the impact that changing land management practices has on streamflow,
nutrients and soil erosion of the catchments. (Arnold et al., 1998)

HEC-HMS (the Hydrologic Engineering Center-Hydrologic Modeling System) is
hydrological modelling software developed by the US Army Corps of Engineers Hydrologic
Engineering Centre. Which designed to simulate the precipitation runoff processes within a
wide range of geographic areas such as large river basins and small urban or natural
watersheds.

IHACRES is a product of collaborative research between hydrologists from the Australian
National University, Canberra and Institute of Hydrology. It is model is being applied in a
regionalization approach to develop streamflow predictions. The IHACRES rainfall-runoff
model uses a non-linear loss module to calculate the effective rainfall and a linear routing
module to convert effective rainfall into stream flow. (Mahmoud Ahmad et al 2019)

HBV-light model (the HydrologiskaByransVattenbalansavdelning light model) is a semi-
distributed conceptual hydrologic model to simulate catchment runoff. Which needs a
moderate amount of input data such as precipitation, Temperature, Potential evaporation. It
can be used to extend runoff data series (or filling gaps), for runoff forecasting (flood warning
and reservoir operation), to simulate discharge from ungauged catchments. The results of
HBV-Light shows good performance efficiency. (Endalkachew et al.2019). The model
simulates daily discharge using daily rainfall, temperature and potential evaporation as input.
Precipitation is simulated to be either snow or rain depending on whether the temperature is
above or below a threshold temperature (T. L. A. Driessen 2010).

Due to less number of model parameter requirements, the HBV model can be used for
Ethiopian conditions with data usually less available without too much calibration work for
simulating and predicting the daily, monthly and annual discharge (Demeke, et al, 2011).

In this study, we use bias corrected satellite based (remote sensing) data and gauging station
data as a stream flow modeling input in Bilate rivers sub basin using HBV-light Hydrological
models. Moreover, comparing the result by using those different satellite products as input in
HBYV Light model.
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3 Study Area And Data Availability
3.1 The Study Area

3.1.1 Location

Ethiopia is a nation located in the East Africa with total Area of 1.13million square kilometer
from this dry land 1,119,683km?2 and water body 7,444km?.Danakil Depression is the lowest
altitude 125m below sea level and RasDashen Mountain is the highest 4600 m above sea level.
The Mean annual temperature ranges between 150 to 200°c and the Mean annual rainfall
ranges between 200 to 2200mm.The Great Rift Valley of the eastern Africa divides the
country into two plateaus. There are 12 basins in the country; eight of which are river basins;
one of them is Lake Basin called Rift valley; and remaining three are dry basins.

Bilate River is a part of Rift Valley Lake Basin flows in south central Ethiopia. The Bilate
river sub basin which is located at upper part of the Abaya Chamo Basin with a catchment
area of 5756 km? and its elevation ranges from 1176 m in the south to 3328 m in the north.
Bilate river sub basin is in between latitudes 06° 34’ 48” N to 08° 09’ 00” N and longitudes
37° 46’ 48" E to 38° 20’ 00” E. It rises from Gurage highland 6°2'N 38°7'E , flowing south
along the western side of the Great Rift Valley to empty into Lake Abaya at 6°37'54"N
37°59'6"E. 1t is the longest river flowing into Lake Abaya and the one with the highest
discharge. Rainfall is the primary source of water in the subbasin, and it originates from Bilate
river watershed.
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Figure 3.1: Location of study area
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3.1.2 Climate and Hydrology

The country Ethiopia has climate, which mainly affected by the seasonal migration of the
Intertropical convergence zone and topography. Ethiopians traditionally classify there climate
zones based on altitudes and temperatures into five Wurch (cold climate above 3000 m
altitudes),Dega (climate-highland between 2500-3000 m altitude),WoyinaDega (warm
between 1500-2500 m altitude), Kola(hot and arid type, below 1500 m in altitude) and Bereha
(hot and hyper-arid).

Woyina Dega and Kola are the two climate zones in Bilate river sub Basin. There wet season
usually start from April through September; Especially June to September (locally called
Kiremt) the main rains occur in the catchment. The average annual rainfall in the basin is from
1056 mm to 710mm, the temperature varies with altitude monthly average maximum of 25°C
and minimum 12° C temperature. The estimated potential evapotranspiration of Bilate sub-
basin is 137mm per month. Bilate river sub Basin according to total annual rainfall classified
into three sub-basins: the upper (1280 and 1339mm), middle (1061 to 1516mm) and lower
sub-basins (769 to 956 mm).

The Bilate watershed has a catchment area of 5756 km?2 and its elevation ranges between 1176
m in the south and 3328 m in the north. Topographical effects cause considerable variability
in mean yearly rainfall in the drainage basin. Bilate River has a length of 173km, Guder and
Weira Rivers are the two main tributaries of the Bilate river, that formed after Boyo swampy
lake. Batena and Konkoye are intermittent rivers to feed Guder and Weira Rivers respectively,
which are originated from the north Hossana and Guragie. Boyo swamp which is located 26
km north of Alaba Kulito, in Hadiya Zone. The maximum stream length is about 197km. The
mean minimum and maximum annual flows of the Bilate river varies between 0.82 to
22.33m°%/s at Weira, 1.2 to 31.25m%/s at AlabaKulito and BilateTena (Dimtu) is 3 to 45.7m3/s.
The catchment has 129mm estimated recharge. From 1231.6mm rainfall, groundwater
recharge 10.5%, surface runoff 4.5% and 85% return to the atmosphere as groundwater and
AET. Highlands of Gurage, Silte, Hadiya, Kambata and Wolaita zones are the source of water
to the watersheds. The stream networks show parallel flow to the geologic structure mainly in
the highland and develops dendritic drainage pattern in the lowland part.
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Figure 3.2: Hydrology of study area
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3. 1.3 Topography

Bilate river watershed divided in to the rift, escarpment and highland physiographic zone. The
drainage area is estimated about 5,019.7 km? at the entrance of Lake Abaya. The elevation of
the area ranges from lowest elevation 1,116m at southern downstream near to Lake Abaya to
the highest elevation3, 350m above sea level in the northern hill tip.

In the process of generating rainfall into run off slope is a key topographic feature, which uses
in regulating the surface water flow. (Das et al. 2018).The slope of the study area was 0 % up
to 8%. The least one is greater than 30%, which is coverage area, is small as compare the rest.
Bilate catchment have five slope classes: very low slope, low slope, medium slope, high slope
and very high slope.

The lowlands and highlands platea Misha Woreda to the north-west, Meserake and Meerab
Azernet Berbere, Muhur AKklil, Gumere, and Alicho Wiriro Woreda to the north, and a portion
of Angacha and Danboya woredas to the south-west differ greatly in topography.
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3.1.4 Land Cover

The ground's surface is actually displaying land cover as a natural or manmade entity. In Bilate
River sub basin bare land, forest, grassland, cultivated land, marshland, moderately cultivated,
shrub land, urban area and water body(Boyo swamp Lake) are the main land cover types in
the basin.

Land use is human use of land by managing and modifying the natural environment to
agricultural, residential, industrial, mining, and recreational uses. In Bilate River sub basin
farmlands dominate the land use with more than half of the area were as Shrub land, Forest,
Grassland, Cropland, Woodland, VVegetation and Bare land.

The Bilate River sub basin is characterized by mixed cultivation and supports irrigation to
grow commercial plants. The agricultural system integrates cereal and root crops in afairly
intensive manner. The main crops are teff, wheat and beans also they cultivate enset (false
banana), as well as a range of vegetables. Here, two state farms and a military base are located
in close proximity to the Bilate. The farms are irrigated and mainly cultivate tobacco and
maize.

To estimate evapotranspiration, the area's land use and land cover map is consulted. It is
prepared using satellite imagery and field observations.
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Figure: 3.4 Land use/land cover map (Ethiopia_Sentinel2_LULC2016)
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3.1.5 Soil

The climate, physiography, geology, and other elements that influence soil formation and
development all play a role in the formation of soils. In the Rift Valley, three major soil types
are Vitric Andosols, Lithic Leptosols and eutric Vertisols, Chromic Luvisols. During rainfall-
runoff process soil parameters such as permeability, infiltration rate and thickness of the soil
layer have a direct impact. (Rimba et al. 2017).

The major soil types within the Bilate catchment are chromic vertisols, Vitric Andosols, Eutric
Nitosols, Chromic luvisols, and lake. chromic vertisols is the dominated and the water body
is the least one.(Meyer &Enzler, et al 2013).in upper sub-basin Chromic luvisols from clay to
sandy loam,in the middle sub-basin vertic andosols with sandy loam, in the lower chromic
vertisols. The soil type and nature found in the watershed influences the flood levels and the
infiltration capacity.

Using the soil water balance technique, the soil water retention capacity of the research area's
soil map was estimated during actual evapotranspiration.
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Figure: 3.5 Soil map of Bilate River sub basin
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3.2 Data Availability

Primary and secondary data have been collected from the selected observation sites and
secondary data source. Daily streamflow records and 30*30 m digital elevation model
(D.E.M.) were gathered from the Ministry of water and Energy. Daily Metrological data
(Rainfall, Temperature, Relative Humidity, and wind-direction.) were obtained from
Ethiopian National Metrological Agency. Remote sensing satellite product downloaded from
available sources. (https://www.climateengine.org)

Site Visit and Investigation

The Bilate River Basin is located in the Rift valley Basin. The catchment was found in the
southern part of Ethiopia within the two new Regional States (Central Ethiopian Regions and
South Ethiopian Region), which includes Garage, silte, Kenbata, Hadiya, Alaba and Wolita
Zones.

Shone Batena Hossana

Bilate Alaba

Figure: 3.6 Bilate River Site Visit and Investigation photos
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3.2.1 Meteorological Data
In Bilate River sub basin, more than 15 metrological gauge stations are distributed within and
around the catchment area. In the study, we use daily rainfall data’s of eight metrological
gauge stations from 1990 up to 2022.
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Figure: 3.7 Meteorological stations of Bilate River
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The daily precipitation data of eight meteorological gauge station were collected from
Ethiopian National Metrological Agency (ENMA)

Table: 3.1 List of Metrological gauge stations

No. Station Location Record Missing
names Latitude | Longitude | Elevation period (%)
1 Alaba 7.31058 | 38.093917 1772 1990-2022 4.023894
2 Angecha 7.34528 | 37.861111 2321 1990-2022 10.47042
3 BillateTena 6.91667 | 38.11667 1496 1990-2016 4.552829
4 Billate 6.82222 | 38.087778 1361 1990-2022 4.944827
5 Fonko 7.64233 | 37.968 2246 1990-2015 0.315922
6 Hosaina 7.56778 | 37.856111 2306 1990-2022 3.310379
7 Shone 7.1335 37.954444 1959 1990-2019 6.425116
8 Waulbareg 7.73833 | 38.122778 1996 1990-2022 7.632954

The minimum and maximum daily temperature used to estimate the mean daily temperature.
For the period of 1990-2022, based on the completeness of the time series, three stations were

chosen.

Wind direction wind speed and Relative Humidity data available in two stations Hossana
(2013-2022) and Bilate (2014-2022).
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3.2.2 Hydrological Data
Stream flow data is important for the rainfall runoff modeling process. In Bilate river sub
basin there are six gauge stations recording daily stream flow data. However, those stations
have poor data quality characterized by short and long duration of missing data. Batena River
from Hossana feeds Guder and Konkoye River feed Weira Rivers. After Boyo swamp, they
flow in to the main Bilate River.
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Figure:3.8 Hydrological gauge stations

The available streamflow record of six streamflow gauge station data for Twenty-Five years
(1990-2015) were gathered from Ministry of water and Energy.

Table: 3.2 List of Hydrological gauge stations

No Station SITE Station Latitude | Longitude Recgrd Area | Elevation Missing
Name Number period | (km?) | (M) (%)
1 | Batena Hosaina 82041 8.35 37.57 | 1990-2015 100 2157 46.67
2 | BilateTena | BilateTena 82005 6.56 38.08 | 1990-2015 | 5518 2030 28.08
3 | Billate Nr. Alaba 82008 7.17 38.04 | 1990-2015 | 1980 1781 5.813
4 | Gombera Nr.Hosaina 82040 7.33 37.52 | 1990-2015 41 2157 18.85
5 | Guder Nr.Hosaina 82039 7.35 37.57 | 1990-2015 74 2157 9.446
6 | Weira Nr. Fonko 82031 7.35 37.55 | 1990-2015 472 2380 17.88

The available Hydrology and GIS data such as Topography, Land Cover, Land Use,DEM
30*30, Future plans in Bilate River basin and any resent Flood incidents information were
collected from Ministry of water and Energy.
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4 Materials and Methods

4.1. Materials

4.1.1. Satellite Products

Remote sensing is the art of collecting information about the object by measuring the
electromagnetic radiations reflected, without actually being in contact. The output is usually
an image representing the scene being observed analysis and interpretation is required.
Remote sensing precipitation products are rapidly progressing with high spatial resolutions
providing them to be combine with gauge data.

The selected remote sensing satellite rainfall products for this study are:

o CHIRPS satellite/reanalysis rainfall products with reference to the observed data.

e ERA5 AG agro-meteorological variables such as Temperature, precipitation,
humidity and incoming solar radiation, Hargreaves Potential Evapotranspiration

e ERADS5-Land is a reanalysis dataset providing Mean Temperature

e GPM_3IMERGDF_07 NASA Global Precipitation Measurement (GPM) Integrated
Multi-satellite Retrievals for GPM (IMERG) 0.1° Resolution, 30 min Time interval

e TRMM _3B43 7 The Tropical Rainfall Measuring Mission

The study area precipitation, Temperature and Evapotranspiration data for the periods
between (1st January 1990 to 30th December 2022) were downloaded from

http://climateengine.org/.

GPM Constellation
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Figure: 4.1 CHRIPS, ERAS-AG,

IMERG Remote sensing products source
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CHIRPS rainfall Products

CHRIPS (Climate Hazards Group Infrared Precipitation with Station data) is Rainfall
Estimates from Rain Gauge and Satellite Observations. CHRIPS data ranging from 1981 to
near present (updated monthly) with 0.05° spatial resolution. CHIRPS daily Precipitation data
in mm were downloaded from http://climateengine.org/ for five stations from1990-01-01 to
2022-12-31.

Table :4.1 List of remote sensed CHRIPS precipitation products

No _ Satellite Location Record
' Station names product Latitude | Longitude period

1 Alaba CHIRPS Daily | 7.31058 | 38.0939 1990-2022
2 BillateTena CHIRPS Daily | 6.91667 | 38.1167 1990-2022
3 Fonko CHIRPS Daily | 7.64233 | 37.968 1990-2022
4 Hosaina CHIRPS Daily | 7.56778 | 37.8561 1990-2022
5 Shone CHIRPS Daily | 7.1335 37.9544 1990-2022

ERA5_AG Temperature and Potential Evapotranspiration Products

ECMWEF (the European Centre for Medium-Range Weather Forecasts) ERA5_AG is a
reanalysis dataset providing a consistent view of the evolution of agro-meteorological
variables over several decades at an enhanced resolution compared to ERA5 climate
reanalysis, which combines model data with observations from across the world.

ERA5-Land and ERA5 _AG agro-meteorological variables such as Temperature,
precipitation, humidity and incoming solar radiation. Data ranging from1963-07-11 to Present
(updated every 1-2 months) with 0.125° x 0.125°%spatial resolution. In Bilate River sub basin

for five satellite, based Mean Temperature data were downloaded from
http://climateengine.org/ from 1990-01-01 to 2022-12-31.
Table: 4.2 List of remote sensed ERA5_AG Temperature products
Station Satellite Location Record
No. Names product Latitude Longitude period
1 | Alaba ERA5 _AG 7.31058 38.0939 1990-2022
. ERA5_AG
2 | BillateTena - 6.82222 38.0878 1990-2022
3 | Fonko ERAS_AG 7.64233 37.968 | 1990-2022
. ERA5_AG
4 | Hosaina B 7.56778 37.8561 1990-2022
ERA5 AG

GPM_3IMERGDF_07 and TRMM_3B43_7 precipitation data were downloaded from
https://giovanni.gsfc.nasa.gov/giovanni starting from 1990-01-01 to 2022-12-31.

AAIT

Page 22



http://climateengine.org/

Estimation of daily streamflow using remote sensing data | 2024

4.1.2. Hydrological Model HBV-light
General Description

The HBV (HydrologiskaByransVattenavdelning) model is a rainfall runoff model, which is
conceptual numerical descriptions of hydrological processes by dividing the catchment into
zones according to altitude, lake area and vegetation. HBV has different model versionsHBV-
96 and HBV-light applied in different countries all over the world. In this study, we aimed to
use bias corrected satellite based (remote sensing) data and gauging station data as a stream
flow modeling input in Bilate rivers sub basin using simulations of HBV-light.

HBV-light model (the HydrologiskaByransVattenbalansavdelning light model) is a semi-
distributed conceptual rainfall runoff model to simulate runoff in the catchment. HBV-light
version model was developed at Uppsala University in 1993.This model is advantageous
because it’s data requirements for regions with limited observed data. HBV-light model is
easy to understand and apply to filling gaps, to control data quality, to water balance studies,
to forecast runoff and to simulate discharge from ungauged catchments. The main inputs for
HBV Light model are

P: Daily precipitation time series data(mm)

T: Average temperature time series data (°C)

Q: Observed daily discharge time series data(mm)

E: Potential evapotranspiration time series data (PET)

Model Structure

HBV model is a semi-distributed model; the catchment divided into sub catchment using
different elevation, vegetation zones. The model structure of HBV-light consists four main
subroutines (precipitation, soil, routing, and response).

e The snow accumulation and melt subroutines, Precipitation and snowmelt are the
model's two main sources of water. Snow storage was neglected for this study.

e The soil moisture accounting subroutines, based on 3 parameters, Beta (), FC, and
LP.

e The lower linear response routine Interflow Q1 controlled with parameter K1.

e The triangular weight function of the base length, Maxbas used to route the three flow
components. Which is a simple routing procedure between sub basins and in lakes

The water balance concept Equation use in HBV Light structural model
P—E—Q=2[SP+SM+UZ+LZ + lakes] ................ ... Equation 1

Where: UZ stands for upper ground zone, LZ for lower ground zone, LAKES for lakes that
store water, P for precipitation, E for evapotranspiration, Q for runoff, SP for snow pack, and
SM for soil moisture. For this study the available HBV-light Model version were downloaded
from

https://www.geo.uzh.ch/en/units/h2k/Services/HBV-Model/HBV-Download.html.
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Figure: 4.2 A simplified schematization of the HBV Light model (after Seibert (2000)).

Estimation of daily streamflow by using Remote sensing products with bias error correction
is rapidly progressing. In this study, accuracy of those method and models will be analyzed in
Bilate River sub basin. For the analysis, using HBV Light model in catchment area 3 stations
was used to represent. The upper (Hossana &Fonko), Middle (Alba), and Lower Bilate tena
were selected.

The model have procedures for simulation of evapotranspiration, snowmelt, and soil moisture
accounting. In the study, we use daily rainfall data’s of eight metrological gauge stations from
1990 up to 2022 to run HBV Light rainfall runoff model in bilate watersheds.

Table:4.3 The study's software and their objectives

Software Use

To create the study area map.
ArcGIS 4.8 To analyze data
To prepare Thiessen polygon ,LULC, Soil map for the watershed

Excel To arrange meteorological and streamflow data
HBV Light To simulate rainfall runoff model

SDGCM Vv 2.0 To bias-correct satellite precipitation products
Stata 14.2 To fill stream flow data

AAIT Page 24



Estimation of daily streamflow using remote sensing data | 2024

4.2. Methods

The methods employed in this study's initial phase, which involved data pre-processing, bias
correction, and evaluation of satellite-based meteorological data step-by-step process that we
use to Estimate Daily Streamflow in Bilate River Sub-basin

Estimation of daily streamflow

Satellite based gauge

station
Vv

Satellite
products

Hydrologica Meteorologica

| data | data

V
L L Meteorological Data
Data Processing Data Processing Processing
V4
Bias correction

v/

Inter Comparison

\V/

Rainfall runoff
modeling

\Z

Calibration

v/

Performance ‘
Evaluation

Figure: 4.3 Flow chart of the study
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4.2.1. Quality and Reliability of Hydro Meteorological Gauge Station Data

Ground based Hydro-meteorological data series usually sampled in the field (gauge stations)
recent advances in measurement equipment and data transfer process like automatic way of
data sampling needs to be implemented. Which mainly relay on electronic devices and
requires experts in maintenance and regular monitoring station checks. Even the quality of
those devices have specific problem such as power supply shortages. The observed Hydro-
meteorological data should be checked before we use them for Rainfall runoff modeling. Data
quality and reliability influenced by decision-making abilities of experts.

Some of the factor that affect the performing good measurement are selection of measuring
equipment, working conditions, proper position of measuring equipment, Data processing,
quality control, Monitoring performance, Maintenance, Training and education to observers.

Figure: 4.4 Hossana Meteorological gauging station

There are more than fifteen meteorological gauge stations in bilate watersheds there are some
problems in the quality of those station data. The main problems in Hossana meteorological
station were equipment maintenance issue and data exchange. Previously they exchange data
by telegram for the last five years meteorological data at the station have poor quality.

The current streamflow gauging stations collect stream flow data manually using staff gauge
daily by observer and the velocity measurements took by hydrological technician at the
gauging stations three times a year. The stream flow data in the sub basin have poor quality
and there is no rating curve development by the Ministry of water and energy for the last eight
years.

The Hydro Meteorological data quality problem and gaps indirectly affected by political
issues in the Regions, the regional office almost closed and they are not responsible for the
data and the new regional states are not ready for those kind of data. Information’s about
recent flood incidents and data process procedures in gauge stations obtained from stakeholder
by verbal interviews during field visits to gauging stations.
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4.2.1.1 Meteorological Data Pre-processing

Meteorological data such as precipitation, Temperature, potential evapotranspiration are the
main inputs for rainfall-runoff models. However, in situ Meteorological stations are randomly
distributed and limited in bilate river sub-basin. On the other hand, the rainfall runoff models
need all the necessary data from gauge stations. For this reason, we need to rearrange and pre-
process gauge stations data before we use them for modeling.

Meteorological data is susceptible to various kind of errors. Missing observations is the most
commonly observed problems in Meteorological data in order to use, the observed station data
for further process we need to fill the missed data with the appropriate gap filling method.

The daily precipitation data of six meteorological gauge station were screened for the study.
The precipitation data obtained from National Meteorological Agency needs preprocessing
process before further processing in order to increase the performance accuracy. The first step
after collecting the necessary precipitation data were normalization of all the time series data’s
by arranging them respectively. Then the next step were filling missed data and identifying
unrealistic values by plotting the meteorological data collected throughout time at each
location in comparison to data from nearby stations. Gauge stations maintenance problems
and communication problems were the main factors for missing of daily precipitation data in
Bilate watershed. There are different methods of filling missed data arithmetic mean method,
normal ratio method and inverse distance weighting method are some of the most commonly
applied using neighboring station in the sub basin.

Arithmetic mean method is the simplest method commonly used to fill the missing data when
the normal annual precipitation is below or equal to 10% of the station.

1
px = E(pl +p2+--+pm)............Equation 2

Where: Px= the precipitation from the station with the missed record is P1, P2, Ps...Pn are the
corresponding index station. N = number of index station.

Normal ration method used to fill the missing data when the normal annual precipitation of
any index stations different from that of the precipitation station by more than 10%.

Nx[P1 P2 Pm .
px = +ﬁ+”'+_ vt e e e EQuation 3

~m N1 Nml’
Where, Px=Estimate for the ungagged station Pi=Rainfall values
of rain gauges used for estimation Nx=Normal annual precipitation
of X station Ni=Normal annual precipitation of surrounding stations
m=No. of surrounding stations.

Modified Normal Ratio Method
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Normal ratio method is modified to incorporate the effect of distance in the estimation of
missing rainfall.

n 1/b (T
=1 D: (E ) e
A 1 1.k
D,

=18 Equation 4

Where is normal rainfall, is the distance between the index station i and the gauge station
with missing data or ungauged station, n is the number of index stations and b is the constant
by which the distance is weighted (normally 1.5-2.0) commonly used D0.5

Inverse distance weighting method can be used to fill the missing data When there is no
normal annual precipitation for the station this method is not satisfactory for hilly regions.

Rainfall rx at station X is given by
= ()
= GE) Equation 5

In this study, Normal ration method were used to fill the missing precipitation data. Normal
ration method usually applied when the normal annual precipitation of any index stations
different from that of the precipitation station by more than 10%.

Temperature data of three station (Hossana, Alaba and bilate) was screened and missing data’s
were filled using long time average of those stations.

Table: 4.4 Gauge Stations and filling method of missing data

Station . Record . Gap Filling
Class Elevation Data Type . Missing (%
NEMES yp Period g (%) Methods
Precipitation | 1990-2022 4.02 Normal ration method
1 | Alaba 3 1772 Tmax 1990-2022 453 .
- Long time Average
Tmin 1990-2022 4.17
Precipitation | 1990-2022 10.47 Normal ration method
2 | Angecha 3 2321 Tmax 1990-2022 11.22 i
- Long time Average
Tmin 1990-2022 11.58
3 | BillateTena 4 1496 Precipitation | 1990-2016 455 Normal ration method
Precipitation | 1990-2022 4.94 Normal ration method
4 | Billate 1 1361 Tmax 1990-2022 9.72 .
- Long time Average
Tmin 1990-2022 8.67
5 | Fonko 4 2246 Precipitation | 1990-2015 0.32 Normal ration method
Precipitation | 1990-2022 3.31 Normal ration method
6 | Hosaina 1 2306 Tmax 1990-2022 14.17 i
- Long time Average
Tmin 1990-2022 10.89
7 | Shone 4 1959 Precipitation | 1990-2019 6.43 Normal ration method
Precipitation | 1990-2022 7.63 Normal ration method
8 | Wulbareg 3 1996 Tmax 1990-2022 13.23 :
: Long time A
Tmin 1990-2022 16.56 ong time Average
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4.2.1.2 Meteorological Data Quality control and Consistency Check

Meteorological data collection needs advancements in measurement equipment and data
transfer methods. Electronic devices are preferable due to their highest quality despite of
specific problem such as power supply shortages. As we all know, Meteorological data’s are
sampled in the field and there will be only remaining time series data as evidence after
sampling. Those data’s reliability and quality mainly depends on decision-making process.
Gauge stations data processing in Bilate river watershed need to develop with new
technological equipment and trained decision makers.

From the selected meteorological stations’ only bilate gauge stations have all the required
weather data (precipitation, temperature ranges, wind speed and humidity levels) even if there
is still missing data problem in it. After, filling missing meteorological data, double mass
curve graphical analysis was used to assess the consistency and quality of the data for all the
chosen meteorological stations that had an impact on the study area. Double mass curve is a
techniques used to assess data consistency of in situ meteorological gauge stations through
comparative analyses.it is composed of cumulated values of a given station that are plotted
against accumulated values of the average value of other gauge stations data, over the same
period of time.

Pcx = Py * % ....... Equation 6 Where Pcx = corrected precipitation at any period time t; at

station x ,Pxis the originally recorded precipitation at period time t; at station x,Mc is the
corrected slope of the double-mass curve, Ma is the original slope of the double-mass curve.

Inconsistency Test
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Figure:4.5 Consistency Check using Double mass curve
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The in situ meteorological data's spatial representativeness

HBV Light model needs single time series data for every meteorological variable
(precipitation, Temperature, Potential evapotranspiration) for each sub-catchment the model
represents. Therefore, in order to represent the meteorological variables in the basin, it was
first necessary to screen for stations that had readings that were located inside or adjacent to
the study region, given that the meteorological stations are unevenly distributed and lack a
clear network architecture over the area under study. This study employed the Thiessen
polygon method, one of several ways to represent areal meteorological information, to
spatially estimate several meteorological variables.

Thiessen Polygon of Study Area
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1:796,647
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Figure:4.6 Thiessen polygon of study area

Checking Homogeneity

Test Homogeneity is an important issue to detect the variability of the data. In general, when
the data is homogeneous, it means that the measurements of the data are taken at a time from
the same environment. The collected data said to be homogenous if the measurements have
been consistently done by the same method, with the same instrumentation, at the same time

and place, and in the same environment (McCuenet al.1998).P; = %Where: Pi - is the non-
dimensional value of precipitation for the month in the station I,Pi - is over year’s average

monthly precipitation for the station I,P - is over year average yearly precipitation for station
.

Homogeneity test for selected stations
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Figure: 4.7 Homogeneity test
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Estimation of Potential Evapotranspiration
Evapotranspiration Station Data

For the period of 1990-2020, only five of eight stations were operational with Temperature
maximum and minimum values. For the purposes of this study, three of the stations were
deemed sufficient to estimate potential evapotranspiration. In the absence of any restrictions
on the water supply, potential evapotranspiration, or PET, is a measurement of the
atmosphere's capacity to evaporate and transpire water from the surface. Whereas
transpiration is the loss from surfaces containing living plants, evaporation is the loss from
open water bodies like lakes and reservoirs, marshes, bare soil, and snow cover. The primary
determinants of the environment include solar radiation, open water surface area, relative
humidity, wind direction, vegetation type and density, soil moisture availability, root depth,
reflective features of the land surface, and time of year.

Potential evapotranspiration can be estimated using a variety of techniques. (FAO-Penman
Monteith, Priestley & Taylor, Hargraves, Thonthwaite, Blaney-Criddle, Enku, Pan-Allen,
Pan-Pereira, Piche-Stanhill and Piche-Adam & Ahmed methods); In this study, the daily
potential evapotranspiration (PET) was calculated using the Hargreaves method, which uses
the minimum and maximum temperatures as input.

PET=0.0023Ra (Tmax—Tmin) 0.5(Tmean+17.8) Equation 7

Where PET denotes the Hargreaves potential evapotranspiration (mm/day); Ra
=Extraterrestrial radiation (mm/day) that depend on latitude, sunshine hours, and solar
constant) Tmin and TmaxThe minimum and maximum temperature (°C)
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Figure: 4.8 Annual and monthly average Temperature of Bilate station
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Table: 4.5 Potential Evapotranspiration calculated using Hargreaves method

Time (Month)

PET PET
Month | Tmax(°c) | Tmin(°c) | Temp(°c) | Ra(mm/d) | (mm/d) (mm/month)
Jan 30.4 16.8 23.6 12.8 45 139.3
Feb 30.4 16.8 23.6 13.9 4.9 136.8
Mar 30.4 16.8 23.6 14.8 5.2 161.4
Apr 30.4 16.8 23.6 15.2 5.4 160.5
May 30.5 16.8 23.6 15.0 5.3 163.7
Jun 30.4 16.8 23.6 14.8 5.2 156.2
Jul 30.5 16.8 23.6 14.9 5.2 162.6
Aug 30.4 16.8 23.6 15.0 5.3 163.5
Sep 30.4 16.8 23.6 14.8 5.2 156.2
Oct 30.4 16.8 23.6 14.2 5.0 154.9
Nov 30.4 16.8 23.6 13.1 4.6 138.3
Dec 30.5 16.8 23.6 12.5 4.4 136.4
Potential evapotranspiration of Bilate
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Figure:4.9 Monthly average potential evapotranspiration
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4.2.2 Hydrological Data Processing

Hydrological Data processing is a system of arranging streamflow row data collected from
the given gauge station in to a recognizable format. The process start by data acquisition from
the field and database management in the office.Which include Error correction before
entering the raw data and filling missing data at the station in order to get processed and
analyzed data. Stream flow data in bilate river catchment collected in six stations however
missing data is the main problem and for the last eight years, there is no available data in the
Ministry of water and energy. For the year starting from 1990 up to 2015 hydrological data
preparation and processing were applied in the selected stations of bilate river sub basin. The
Hydrological data was screened to identify the reliable and unreliable data. Failure of any
gauging stations or absence of observer causes a break in instantaneous daily-observed flow.
Based on the visual observation the stream flow records of the gauging stations have short to
high breaks in observed flow. So, filling those values in scientific and reasonable technique is
not an option to arrive at reliable quantile estimate. Annual streamflow at bilate station were
screened and arranged for further analysis.

Annual Stream Flow at Bilate
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Figure:4.10 Annual Stream flow of Bilate river sub-basin
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4.2.3 Processing of Meteorological Remotely Sensed Data

Climate Engine provided daily averages of temperature, evapotranspiration, and rainfall based
on satellite data. Climate Engine is noncommercial users of all technical proficiencies to
harness the power of cloud computing to analyze decades of Earth Observations data. Climate
Engine tools use Google Earth Engine for on-demand processing of satellite and climate data
on a web browser and features on-demand mapping of environmental monitoring datasets,
such as remote sensing and gridded meteorological observations. Remotely sensed data are
available from

CHRIPS (Climate Hazards Group Infrared Precipitation with Station data) were downloaded
from http://climateengine.org/ for five stations from1990-01-01 to 2022-12-31.

GPM_3IMERGDF_07 and TRMM _3B43 7Remote sensed precipitation data were
downloaded from https://giovanni.gsfc.nasa.gov/giovanni

ECMWEF (the European Centre for Medium-Range Weather Forecasts) ERA5_AG Mean
Temperature, Precipitation and Potential evapotranspiration data from 1990-01-01 to 2022-
12-31.were downloaded from http://climateengine.org/

Figure: 4.11 Sources of Remote sensed products

To enable the process of retrieving daily satellite data time series at meteorological gauge
station locations in order to compare data from satellites with measurements made in gauge
stations, a map list covering the same 15-year period was prepared for each satellite
meteorological product. The necessary satellite meteorological products selected by the
following criteria’s

e Date of acquisition of images according to the local calendar;
e Weather conditions (cloud cover) during the acquisition of images;
e Spectral and spatial resolution of images.

After examine, the selected satellite product under data preprocessing such as normalization,
generalization and other techniques. Those data were preprocessed by arranging, by correcting
errors related to coordinate systems. Some of the steps were

e Data cleaning consists of removing duplicate data points, and removing value outliers

e Data Interpolation procedure to change data resolution and to compute values for a
common set of locations.

e Data Normalization is the scaling of data to a specified range.
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4.2.4 Gauge Stations and Satellite Based Data Comparison

The objective of this study is to be able to use satellite products as alternative to gauge station
data. The Meteorological data was taken from ground based gauge station and Remote sensed
data from the ERA5_AGreanalysis dataset and CHIRPS dataset. An overlap period (1990—
2022) were used to compare gauge data with the satellite data of three stations (the upper,
middle, and lower) in bilate river sub basin. The comparisons of gauge station and Remote
sensed data were based on daily basis of precipitation, Temperature and potential
evapotranspiration time series data’s of each station. Whereas, analyses for the sub basin were
made by averaging the variables from the three stations.

Comparison of ERA5_AG and gauge station: The degree of correlation between the monthly
rainfall Meteorological data such as precipitation, Temperature and potential
evapotranspiration from gauge stations and satellite product ERA5 AG 9.6 km daily
reanalysis dataset were compared. In this study, due to gauge station data availability three
stations have been chosen for comparison.

CHIRPS daily Precipitation data data was statistically validated by comparing the average
monthly rainfall data from CHRIPS 4.8 km daily in mm were compare with instu gauge
stations Precipitation time sires data and also average rainfall from the rain gauge stations for
an 30 year period, in bilate river sub basin.

The comparisons between in situ and satellite product data were based on visual
interpretations of average time series data of precipitation, Temperature and potential
evapotranspiration. Additionally, statistical analysis is performed using metrics like bias,
correlation coefficient (R?), mean error (ME), and root mean square error (RMSE).Systematic
differences are measured by the ME and bias. When meteorological factors in the satellite
products are overestimated, which is shown by an inverse sign and a mean error with a (-)
sign, indicating underestimate when the bias is less than 1. In relation to the in situ data, the
RMSE calculates the amount of cumulative mistakes and the precision of satellite rainfall
estimations. Its values range from 0 to oo, where 0 denotes very good precision. The R?
measures the degree of agreement between meteorological estimates derived from gauge
stations and satellites. It ranges from 0 to 1, indicating a high degree of agreement. There is
no unit for the Bias or R2, however the latter is occasionally represented as a percentage.

n
=1 S
Bias = 22_16 vr e e e e e e EQUation 8
i=1
rS=-Y1,6
ME = ==L Nzl_l e e ee e e o Equation 9

_ ?:1(5 - G)Z .
RMSE = TNy e Equation 10
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YRS - SO — Gi)
VELG =80 [S14(6 - GO

Where S stands for data from satellites, G for data from gauge stations, and N for the total
number of data pairings. Since these variables indicate water depths for both rainfall and
potential evapotranspiration, they are calculated in millimeters.

RZ

v v e e Equation1l

Comparison of satellite product with gauge stations data Metrics

e Hit:- represent the number of days when rainfall events recorded at rain gauge
(observed station) and the satellite able to predict.

e Miss represent the number of days where a rainfall event is not recorded in the satellite,
still its presence Shown in the observed data set.

e False Alarm: - shows the rainfall event is recorded at the Satellite data when there is
no event in the observed data.

e Correct negative show that when both satellite and observed didn’t pick up any rainfall

In order to assess the satellite products' ability to detect meteorological events, Statistical
metrics such as frequency bias (FB), probability of detection (POD), false alarm ratio (FAR),
and critical success index (CSI, often referred to as threat score) were employed to assess the
detection performance of the satellite-based meteorological products.

Probability of Detection (POD) determines the number of events correctly detect by the
Satellite datasets concerning observed datasets
hits

POD = — - -
hits + misses

v e Equation 12

False Alarm Ratio (FAR) false alarm shows the rainfall events is recorded at the satellite
when no represented in observed data
false alarm

FAR = cer vt wee v e e Equation 13
hits + false alarm quation

Critical Success Index (CSI) shows the correct estimation the rainfall occurrence while
removing the negative occurrence.it provides a critical success rate that blends the POD and
the FAR, where a perfect score 1 implies zero false alarm and miss.

_ hits

" hits + false alarm + misses "’

CSI v eee e e Equation 14

Where the values of POD, FAR, and CSI vary from 0 to 1, where O represents a perfect FAR
and 1 denotes a perfect POD and CSI. The FB has a desirable value of 1 and a range of 0 to

0,

__hits + false alarm

- - v eer e e Equation 15
hits + misses
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4.2.5 Bias Correction

After collecting the essential information and identifying the difference between satellite
rainfall estimates and observed data, we use bias correction methods to correct satellite rainfall
products. Global and Regional Climate models have systematic errors when we compare them
with gauged data due to several factors such as limited spatial resolution and data processes.
Bias correction is a statistical technique used to remove the differences between those satellite
based estimations and ground measurements. Bias correction means bias adjustment as we all
know there is no single bias correction method corrects all the differences between instu
gauging and satellite products. The first step in bias correction is biases identifying by
developing the relations between satellite rainfall estimates and observed data. Then
correcting satellite rainfall products by using bias correction methods.

There are different bias correction methods applied to reduce errors. In this study, a power
transformation method was applied for satellite rainfall products to correct both the coefficient
of variation (CV) and the mean of rainfall data. In this nonlinear correction method, each daily
precipitation amount P is transformed to a corrected P~ using:

P=axpP..........Equation 16

Where P and P+ are the uncorrected and the corrected precipitation, respectively, and a and b
are parameters that define the correction.

The three components of the bias in the satellite-based data are false events, missing events,
and hit events. Components of bias were examined for every product and station in order to
determine the source of bias.

n
Hit Events Bias = Z(Si — Gi)(whwn Si > 0 and Gi > 0) ... .......... Equation 17
i=1
n
Missed Events Bias = z Gi(when Si = 0 and Gi > 0) .................. Equation 18
i=1
n
False Events Bias = ZSi(When Si>0and Gi =0).................. Equation 19
i=1

Where S stands for data from satellites, G for data from gauge stations, and these bias
components are given in millimeters.
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4.2.6 Hydrological Modelling

A hydrologic model is a simplification of a real-world system (e.g., surface water, soil water,
wetland, and groundwater) that aids in understanding, predicting, and managing water
resources. Both the flow and quality of water are commonly studied using hydrologic models.

HBV-light was selected for hydrological model to analyze Bilate river discharge, because of
low complexity, high agility, computational efficiency, and successful application used in
numerous studies. Which is suitable for different purposes, such as simulation of long
streamflow records, streamflow forecasting and hydrological process research. The flow chart
below was used to guide the hydrological modeling portion of this study:

|_‘ l Land cover Elevation slicing

Reclassification

Arranging corrected l |
Vegetation Zone Elevation Zone

PT.PET

: JLA J Cross 4—,7

Discharge

data

D

Modelling

L

Calibration and
sensitivity analysis

Simulation of
Hydrological processes

Figure: 4.12 HBV Light modelling flow chart
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Model Set Up

Model Input Data daily time series of PTQ (precipitation in mm, Temperature in(0%) the
discharge recorded at the outlet in millimeters per day for each sub-basin, EVAP (potential
evapotranspiration). Other inputs includes Elevation zones, DEM digital elevation model of
30m resolution, slope and elevation, Vegetation zones: land cover and land use map. Bilate
River Downstream sub-basin area was divided by the discharges (m3/s) at the basin to convert
them to millimeters per day. A text file containing the potential evapotranspiration time series
is organized with one daily value for every month. As required by the HBV-light model, the
PTQ and PTO file was created using three sets of 12 data for each of the three sub-basins, the
monthly mean values over an extended period. A file called a sub-basin describes the spatial
relationships between the many sub-basins, including the direction of water flow from one
sub-basin to the next until the outlet was created and loaded into the model. The vegetation
type and elevation zones of the studied area were determined and included into the HBV-light
model.

Elevation zones

The country's catchments were defined by the Shuttle Radar Topography Mission (SRTM)
digital elevation model of the Bilate River subbasin at a resolution of 30 m by 30 m. The
elevation ranges known as elevation zones were used to categorize the sub-basins into
hydrological units. This action was taken to enable the HBV Light model to account for the
topography-specific slope, elevation, and distribution of meteorological factors in the area
under study. The elevation of the area ranges from lowest elevation 1,116m at southern
downstream near to Lake-Abaya to the highest elevation3, 350m above sea level in the
northern hill tip. The study region was divided into four elevation zones due to its 0% to 8%
slope. Figure 4.13 displays the results of the slicing.

Vegetation zones

Land cover is physically appearing on the surface of the ground as a natural or manmade
entity. In Bilate River sub basin bare land, forest, grassland, cultivated land, marshland,
moderately cultivated, shrub land, urban area and water body (Boyo swamp Lake) are the
main land cover types in the basin. A 2016 land cover map was used for this research.This
data set represents land cover map for the year 2016. This layer was clipped from Sentinel-2
global land cover data.

In order to comply with the HBV model's input requirements, the land cover map was
reclassified. The land cover map classes were reorganized into four major groups, as
illustrated in the figure below, because HBV only permits three types of vegetation, in addition
to the lakes that are part of the catchment. Where 1 represent the 33% of the basin that is made
up of forestlands, 2 represent the 63% that is made up of croplands, 3 represent the 3% that is
made up of lakes, and 4 represent the 1% that is made up of built-up areas.
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Figure: 4.13 Elevation Units in the 200-meter range of the Bilate river sub Basin
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Model Calibration and validation

HBV-light model calibration made by different calibration approaches by changing sensitive
input parameters within their respective predefined ranges until we reach to the certain
acceptable model performance. There are different calibration approaches such as batch
calibration, Monte-Carlo simulation, genetic algorithms, and manual trial and error. The HBV
Light model was manually calibrated in this study by visually examining the model output
until it reach the acceptable range.

Different criteria can be used to assess the fit of simulated runoff to observed runoff the model
efficiency (Reff) and the mean difference (MeanDiff). The Nash-Sutcliffe coefficient (Reff)
compares the prediction by the model with the simplest possible prediction. The coefficient
of efficiency Reff = 1 Perfect when Q Simulated (t)= Q Observed(t) and Reff = 0 is good
(poor) as the constant value prediction where as Reff<0 Very poor.

Y (Qobs — Qsim)?
Y.(Qobs — Qsim)%z """
_ 2n=1(Qobs i — Qsim i)®
~ ¥ _.(Qobsi—Qobs)? "
Where: NSE is the Nash-Sutcliffe coefficient The simulated flow is denoted by Qsim, the
observed flow by Qobs ; and the number of days by n. The relative volume error (RVE) is

goodness of fit measures, which zero value, indicates a perfect performance and values
between -10 and -5 and +5 and +10 show that the model performs within reasonable bounds.

n=1 @sim(i) — X5, Qobs(?)
™, Qobs(i)
Where: the average daily error (RVE) between the measured flow and the prediction, The

simulated flow is denoted by Qsim, the observed flow by Qobs, the time step by i, and the
total number of time steps utilized in the calibration process by n..

Reff =1 ... ... Equation 20

NSE

ver e e Equation 21

RVE = < ) 100% ... ... ... ... .... Equation 22

After calibration model validation applied in order to minimize the differences between over
or underestimation of model parameter. The calibration period should include a variety of
hydrological events normally 5 to 10 years sufficient to calibrate the model validation: test of
model performance with calibrated parameters for an independent period. Calibration of the
HBV-light model parameters for bilate river sub-basin by trial and error until the result of the
objective function became constant. After many trail and errors, the calibrated values of those
parameters of the selected sub-basin were obtained.

The HBV-light model for the warm-up period of one year (2001) calibrated from 2001 to 2011
and validated from 2012 to 2015 using daily data from three selected stations. The model
efficiencies such as Nash-Sutcliffe efficiency (NSE), coefficient of determination (R?), root
mean square error (RMSE), and the percentage of bias (PBIAS) of predicted and observed
discharge were adopted after many trials and errors.
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5. Results and Discussion

5.1. Precipitation Data Bias Correction and Comparison

Bilate River sub basin Precipitation time series data obtained from in situ measurements, and
four-satellite reanalysis rainfall products (GPM_3IMERGM v 07, CHIRPS 4.8 Daily, TRMM
3B42 v7, ERA5 AG) were performed with reference to the observed data. From the catchment,
four Meteorological stations were selected with their relatively data quality and comparing
and bias correcting process applied for a period of twenty-one years from 01 January 2001up
to 31 December 2021. The comparison between satellite based rainfall products and in situ
data were take place in order to select the most reliable satellite precipitation product.
Statistical estimator and graphical analysis were used to make the comparison some of the
statistical estimator, including the coefficient of regression, mean error, root mean square
error, and bias.

5.1.1. Utilizing Point to Pixel Analysis

Linking point to pixel which means plot (point) data obtained by satellite products with grid
cell scale(pixel) comparison analysis was used in order to, compare the time series of rainfall
data obtained at the chosen stations in the Bilate River sub-basin with their satellite-based
equivalents at the pixels overlying the stations. A comparison between the satellite-based
rainfall products and the accumulated rainfall estimates of the four stations that were chosen,
averaged on an annual basis, is depicted in Figure 5.1. In order of low elevation (middle) to
high elevation (left and right), the stations are arranged, and the following satellite
precipitation products are compared: GPM_3IMERGM v 07, CHIRPS 4.8 Daily, TRMM
3B42 v7,and ERA5_AG. Itis clear that the time step has an important influence on the quality
of the satellite estimates. Point-pixel approach and averaged over a range of rainfall estimates
for the four satellite products (i.e., GPM_3IMERGM v 07, CHIRPS 4.8 Daily, TRMM 3B42
v7, ERA5 AG) were compared in Bilate River sub-basin. In the catchment average annual
rainfall increase with elevation except for stations, which located nearby the natural forest.

Averaged Seasonal Rainfall Averaged Annual
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Figure: 5.1a An analysis of comparing average seasonal and annual rainfall (2001-2021)
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Rainfall detection

To measure the ability of satellite products to detect any rainfall by using several metrics and
compare to estimates using gauge measurements.

Rainfall Detection Analysis

12000

10000 i 4 _

8000 - d i -

4000 @ al - E 2 3

o0 WHEEENNSEARESENERNENS
TN WY O S T NV EOS T LWV OS T NV QOS
c 2z EScIzEStsEEsSctsEES
Q W T > X 0w I S X Y wI S X QWIS
g 0=Fz70=Fz70=F3z"0=F
(@] (@] (@] o

Bilate Bilate tena Hossana Alaba

B Number of Rain days B Number of No-Rain days Total days

Figure: 5.1b An analysis of comparing rainfall Detection capabilities of SPP(1990-2021)

Rainfall detection analysis were made and the study's rainfall satellite products recorded
rainfall occurrences, as indicated by the results in the table below. Counting Hits for 802 to
3686 days, counts of missed rainfall events range from 261 to 2251 days, while the counts of
false events and correct negative events are between 738 and 3401 days and 3272 and 7395
days, respectively.

Table: 5.1 The ability of satellite rainfall product to detect rainfall in four stations

Station SPPs Hits Miss |False Alarm| Correct Negative Total
Count Count Count Count

CHRIPS 4.8 Daily 1426 1816 1051 7395 11688

Alaba GPM_3IMERGDF_07 1632 539 1201 4512 7884

TRMM_3B42RT_Daily ' 1269 724 738 4422 7153

ERAS5_ AG Daily 2666 576 3126 5320 11688

CHRIPS 4.8 Daily 1313 1694 1392 7289 11688

Bilate GPM_3IMERGD F_O_? 1493 509 1584 4298 7884

TRMM_3B42RT_Daily ' 1203 612 1298 4040 7153

ERA5 AG Daily 2184 823 3401 5280 11688

CHRIPS 4.8 Daily 802 516 2131 3926 7375

. GPM_3IMERGDF_07 880 1443 1374 6165 9862
Bilate tena ™ -]

TRMM_3B42RT_Daily 917 401 1468 3272 6058

ERA5_AG Daily 1666 657 3046 4493 9862

CHRIPS 4.8 Daily 1729 674 804 3946 7153

Hossana GPM_3IMERGDF_07 1696 2251 848 6893 11688

TRMM_3B42RT_Daily 2085 560 1259 3980 7884

ERA5_AG Daily 3686 261 3282 4459 11688

The Hits, Miss, False alarm and correct negative show the ability of each satellite products to
detect rainfall observed in the watershed. The Maximum and minimum values indicates which
satellite precipitation products having the detection capabilities in the watershed.
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ERA5_AG daily precipitation product at Hossana station shows the highest rainfall event
(Hits count); also, when we compare it with others it shows more yearly rainfall on average.
The four precipitation products displayed the lowest false count at the Hossana station as well.
CHRIPS Precipitation product at Bilate tena station showed the rainfall event with the fewest
Hits, Also for IMERG and TRMM it showed the minimum rainfall event Hits count. The
highest count of false rainfall events occurred at Bilate station by using four satellite rainfall
products used.

Cross Tabulation Table

Based on the Cross Tabulation Table, which scores the forecast verifications in the Bilate
River sub basin, the rainfall detection investigation were conducted. The elements that
comprise it are the critical success index, false alarm ratio, frequency bias and the probability
of detection as seen below. The frequency bias ranges from 0.64 to 2.72; CHRIPS at Hossana
station showed the lowest frequency bias. While, Alaba station showed the highest frequency
bias. Having the least POD for CHRIPS at Bilate tena station and the greatest for ERA5 at
Hossana station and the rainfall products had a probability of detection ranging from 0.38 to
0.93. CHRIPS was identified on a scale that ranged from 0.33 to 0.84 in the false alarm ratio.
Where, CHRIPS was discovered to have the greatest FAR at Alaba station and the least FAR
at Hossana station. Using information from both false alarms and missing events, the critical
index success, had a maximum value of 0.53 for IMERG at the Hossana station and a lowest
value of 0.13 for CHRIPs Precipitation products at the Alaba station.

Table 5.2: Scores from 2001 to 2021 for satellite rainfall products contingency table.

. . Satellite Preciptation Products
Station Contingency
Table Score CHRIPS IMERG TRMM ERAS5
FB 2.72 1.30 1.01 2.46
POD 0.44 0.75 0.64 0.82
Alaba
FAR 0.84 0.42 0.37 0.67
CSl 0.13 0.48 0.46 0.31
FB 0.90 1.54 1.38 1.86
Bilate POD 0.44 0.75 0.66 0.73
FAR 0.51 0.51 0.52 0.61
CSl 0.30 0.42 0.39 0.34
FB 0.97 1.81 2.23 2.03
. POD 0.38 0.70 0.61 0.72
Bilate tena
FAR 0.61 0.62 0.73 0.65
CSl 0.24 0.33 0.23 0.31
FB 0.64 1.26 2.36 1.77
POD 0.43 0.79 0.72 0.93
Hossana
FAR 0.33 0.38 0.70 0.47
CSl 0.35 0.53 0.27 0.51

All stations combined, IMERG had the lowest False Alarm Ratio, CHRIPS had the highest
Probability of Detection, and CHRIPS had the lowest Critical Index Success, compared to
IMERG's higher value.

AAIT Page 44



Estimation of daily streamflow using remote sensing data | 2024

Rainfall depth Measurements

A statistical analysis was performed on the rainfall depth over a catchment that was calculated
from the remote sensing products. The results are displayed in the table below. The coefficient
of regression, bias, root mean square error, and mean error all measured in millimeters of
precipitation are among the statistical metrics that are employed. The largest bias was found
to be less than one, indicating that the satellite precipitation products underestimate the rainfall
at the stations in the Bilate River sub-basin. The ERADS station at Hossana had the highest bias
value of 1.94, while the TRMM station at Alaba had the lowest value. For the thirty-year study
period, the mean error was found to be between 3.05 and -0.64 mm/day. TRMM 3B42 v7 at
Alaba and ERAS at Hossana stations were determined to have the lowest and largest mean
errors, respectively. Typically, a bias of one or nearly one and a mean error value of zero or
nearly zero would be optimal. In light of the acquired data, this indicates that the satellite
products' performance in the basin is subpar. Thus, based on these findings generally, it was
discovered that CHRIPs and IMERG performed better in terms of depth than TRMM and
ERAS. Having a 1.01 overall bias, Underestimating occurred in TRMM 3B42 v7 with the
rainfall in the basin by 0.5 millimeters per day. The ERA5 overestimated the basin's rainfall
by an overall bias of 1.37.

Table: 5.3 Satellite rainfall product statistical analysis with respect to station data

Station Statistical Satellite Rainfall Products
Analysis CHRIPS | IMERG | TRMM | ERA5

Bias 1.01 1.15 0.77 1.25

Alaba ME 0.01 0.41 -0.64 0.71
RMSE 8.17 7.72 6.84 7.32

R? 0.86 0.89 0.83 0.80

Bias 1.35 1.41 1.20 1.21

Bilate ME 0.77 0.91 0.45 0.45
RMSE 7.72 7.02 6.70 6.29

R? 0.88 0.68 0.86 0.99

Bias 1.31 1.40 1.20 1.08

Bilate tena ME 0.73 0.90 0.46 0.20
RMSE 9.06 7.57 7.46 7.37

R? 0.92 0.94 0.75 0.59

Bias 1.08 1.07 0.87 1.94

Hossana ME 0.26 0.22 -0.42 3.05
RMSE 8.97 7.28 6.88 9.82

R? 0.97 0.97 0.94 0.78

To assess the degree of agreement between rainfall data from gauge stations and satellite-
based data, The Root Mean Square Error and the correlation coefficient were used to compute
the cumulative and random errors. The results indicate that the RMSE for ERA5 at Hossana
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station was 9.82 mm/day, while at Bilate station it was 6.29 mm/day. There is less agreement
with the reference dataset when the RMSE value is larger.

The correlation coefficient highlights the variation seen in the rainfall readings at the station's
satellite rainfall products in accordance with a linear trend line in their scatterplots, which
represents the data distribution.R? has a range of 0% to 100%, with 100 representing the ideal
correlation. The relationship between rainfall data from stations and satellites in the Bilate
River sub-basin was found to be between 0.59% and 0.97%, with the maximum value for
CHRIPs and IMERG at Hossana station and the least value for ERAS at Bilate tena station.
All satellite rainfall products were found to have low R? generally, however CHRIPs had a
higher overall R? at the stations in the Bilate River sub basin, with a value of 0.91%, followed
by IMERG (0.87%), TRMM 3B42 v7 (0.85%), and ERAS5 (0.79%).

Based on research on rain detection, satellite estimations were further evaluated despite results
indicating significant systematic inaccuracies. According to the explanation in section above,
bias estimates were divided into three categories: The three types of rainfall bias are false,
missed, and hit. For every station and every satellite-based rainfall estimate product, these
bias components are provided in millimeters per day. Findings around zero indicate that the
satellite product is operating well at the relevant station.

Table: 5.4 Rainfall bias components by daily depth

Station Daily Depth of Rainfall Satellite Precipitation Products
Bias Components  |CHRIPS | IMERG | TRMM | ERA5
Hit event bias 0.37 0.10 -0.34 -0.52
Alaba Missed event bias 1.37 0.59 0.85 0.45
False event bias 1.00 0.85 0.52 1.59
Hit event bias 0.47 0.17 0.02 -0.52
Bilate Missed event bias 1.05 0.45 0.56 0.45
False event bias 1.39 1.15 0.96 1.34
Hit event bias 0.27 -0.24 -0.22 -0.78
Bilate tena Missed event bias 1.37 0.56 0.77 0.59
False event bias 1.85 1.65 1.42 1.49
Hit event bias 0.91 0.26 -0.29 0.32
Hossana Missed event bias 1.55 0.50 0.68 0.18
False event bias 0.90 0.79 0.52 2.59

The Hit rainfall depth bias varied between -0.78 and 0.91 mm/day for CHRIPs and ERAS5,
having the most valuable recorded at Hossana station and the least at Bilate ten station. The
total Hit rainfall bias depth revealed that, when rainfall is observed in both station
measurements and satellite products, the satellite-based rainfall estimates generally
overestimate rainfall depths. It was discovered that the bias from the missed rainfall depth
ranged from 0.18 to 1.55 mm/day, with ERA5 at Hossana station having the lowest value and
CHRIPs at Hossana station having IMERG trailed ERAS in having the lowest overall missed
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rainfall bias depth. When the evaluation of the bias resulting from the inaccurately detected
rainfall depth, it was discovered to range from 0.52 to 1.85 mm/day. At Bilate tena station,
the CHRIPs value was the highest, while at Alaba and Hossana station, the TRMM value was
the lowest. The findings are presented graphically in the figures. It is evident that of hit and
false bias components has less impact on the bias than the depth of lost rainfall.
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Figure: 5.2 Bias components for daily rainfall depth

5.1.2 Analysis in Sub-Basins Scale

Over each of the three catchments of the Bilate River subbasin, the rainfall depth was spatially
averaged using gauge station data and remote sensed rainfall estimates. Thiessen polygons
were utilized to calculate the the rainfall product's basic arithmetic mean values over the
corresponding sub-basin, based on station observations. Three stations were utilized to
represent the upper watershed (Hosana), the mid watershed (AlabaKulito), and the bottom
watershed (Bilate Tena) for the analysis in the catchment region.

Precipitation incidents analysis

When the total rainfall estimates were computed and calculated, the average using an
arithmetic mean across the catchments displayed in the Bilate River sub-basin. The remote
sensing rainfall products' analysis of rainfall occurrence performed well in comparison to the
detection analysis at the stations. There has been improvement in the hits, missed, and false
rainfall events throughout a Fifteen-year period (2001-2015); the corrected negative
occurrences fell within the identical depth. The proportion of days with fake rainfall incidents
ranged from 5.6% to 12.6% for CHIRPS, 24.4 to 36.9% for IMREG, 13.4% to 25.7% for
TRMM13, and 19.4% to 27.2% for ERAS. The percentage of rainfall events that occur in a
single catchment is used to describe the number of days when rainfall occurs. This relationship
is shown in the table below:
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Table: 5.5 Rainfall incidence of satellite products in the Bilate sub basin (2001-2015)

Sub Cathement CHRIPS IMERG TRMM ERA5

Hits Miss False ACorr.Neg Hits Miss False ACorr.Neg Hits Miss False ACorr.Neg Hits Miss False A Corr.Neg

Upper (Hossana) 16.0 23.7 5.0 552 378 19 244 36.0 304 9.3 13.0 47.3 394 03 409

Midle (Alaba) 141 212 70 577 322 31 258 388 233 121 180 466 342 12 374

Lower (Bilate tena) 111 164 126 599 240 35 369 355 187 88 257 468 263 12 474

19.4

27.2

25.0

Score on the contingency table

After calculating Score in the contingency table, the Critical Success Index (CSI) indicated
notable gains, with every value above 0.3. In the Lower and Upper catchments, respectively,
CHRIPs had the lowest CSI value while IMREG displayed the greatest value. The bias
frequency was discovered to be between 0.7 to 2.4. IMERG within the catchment upstream
having the highest frequency of bias and CHRIPs in the upper catchment having the lowest.
The findings of Score in the contingency table for the incident of rainfall in the catchments
are displayed in the table below.

Table 5.6 Scores Regarding the contingency table of satellite products (2001-2015)

Sub Cathement CHRIPS IMERG TRMM ERA5

FB POD FAR CSI FB POD FAR CSI FB POD FAR CSI FB POD FAR CSI

Upper (Hossana) 07 04 02 04 24 10 04 06 19 08 03 06 19 10 05

Midle (Alaba)
07 04 03 03 20 09 04 05 14 07 04 04 19 10 05

Lower (Bilate tena)
08 04 05 03 07 09 06 04 13 07 06 04 15 10 06

0.5

0.5

0.4

When the satellite rainfall products' study of rainfall occurrence was conducted per watershed
rather than per point location, the results indicated a stronger connection with the in situ
readings.

Estimated depth of Precipitation

As result indicates in the above section, statistical and graphical analysis was used to
determine the amount of rainfall in the sub-basins of the Bilate River. In contrast to the
conclusions of the point-to-pixel analysis, the data displayed in Table 5.7 show greater values
of RMSE, which range from 6.9 to 10.1 mm/day. The Hossana upstream catchment's CHRIPs
had the highest RMSE value, while the Bilate Tena down stream’s ERA5 had the lowest. The
bias was found to range from 0.8 to 2.0, with the Hossana upstream catchment's ERA5 having
the largest bias and the Alaba Middle catchment's TRMM having the lowest value. The remote
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sensed products were overestimating the depth of rainfall in the Bilate River sub basin, as the
point-to-pixel investigations also demonstrated, as evidenced by the fact that most of the bias
values were found to be less than one and for certain rainfall products, it was discovered that
the mean error was negative. Using the R? measure, the degree of agreement between the data
from the satellite and an average of the in situ data throughout the sub-basins was calculated.
With an overall value of 1.0%, it was discovered that R? was higher for IMERG than for
CHRIPs, 0.9% for TRMM, and 0.75 for ERAS.

Table: 5.7 Satellite rainfall product statistical analysis with respect to in-situ measurements.

Sub Cathement CHRIPS IMERG TRMM ERA5

Bias ME__ RMSE R2 Bias ME __ RMSE R2 Bias ME _ RMSE R2 Bias ME _ RMSE R2
Upper (Hossana) 1.1 0.2 10.1 1.0 1.0 0.1 7.1 1.0 0.9 -0.3 6.9 0.9 2.0 3.3 10.1 0.7
Midle (Alaba)

0.9 -0.1 8.2 0.7 1.1 0.3 7.7 0.8 0.8 0.0 7.0 0.7 1.2 0.7 7.4 0.8
Lower (Bilate tena)

14 0.8 85 0.9 13 0.8 75 0.9 12 04 75 0.8 11 0.2 6.9 0.8

The three components of the bias the hit, missed rainfall and false rainfall biases were
separated. The primary source of bias was found to be the Hits rainfall bias depth for ERA5
and CHRIPs, but for CHRIPs, it was the Missed rainfall bias depth. As seen in the figure
below, the erroneous rainfall bias depth is larger for ERAS in the upper (Hossana) canyon.

Table 5.8: Biases for Hit, Missed, and False rains

Sub Cathement CHRIPS IMERG TRMM ERAS5

Hit bias  Missed bias False bias Hitbias  Missed bias False bias Hit bias Missed bias False bias Hit bias  Missed bias False bias

Upper (Hossana) 1.2 1.6 0.6 -0.3 0.1 0.5 -0.2 0.5 0.4 1.1 0.0 2.2

Midle (Alaba)
0.6 1.5 0.8 -0.1 0.3 0.7 -0.4 0.7 0.4 -0.5 0.1 1.2

Lower (Bilate tena)
0.4 1.2 1.6 -0.4 0.2 14 -0.2 0.6 1.2 -1.1 0.1 1.4

Rainfall Bias Component in Bilate Sub basin
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Figure: 5.3 Bias components for daily rainfall depth in Bilate river sub-basins

AAIT Page 49



Estimation of daily streamflow using remote sensing data | 2024

Satellite Precipitation Products Bias Correction

The bias correction was carried out per sub-basin using power transformation methods for the
satellite precipitation products having the detection capabilities by relating with the in situ.
Strong discrepancies were found between satellite rainfall products and in situ measurements
at the sites using various error determination techniques. Because of this, bias adjustment was
conducted to the information retrieved from the remote sensing precipitation products in order
to prepare it for use in the hydrological modeling. Systematic mistakes discovered in the
preceding section needed to be corrected. When comparing the bias corrected time series to
the unprocessed satellite rainfall product data, a notable increase in rainfall depth was detected
with respect to the in situ observations. This is demonstrated by the many graphical analyses
that were conducted, as seen in the figure below.
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Figure: 5.4 Comparison of average yearly rainfall at the sub-basin scale

The average yearly rainfall graph illustrates what happened after the uncorrected data that was
taken directly from the satellite rainfall products underwent bias adjustment. The in situ
measurements and the derived bias corrected time series agreed on most aspects. It should
come as no surprise that statistical examination of the bias-corrected time series' rainfall
depths produced an RMSE and R? that showed a stronger correlation between the uncorrected
satellite data and in situ observations.

Strong agreement was found between the time series with bias corrections based on the several
products utilized in this investigation and the on-site measurements. As demonstrated by the
uncorrected and bias-corrected satellite-based datasets in the figure below, as well as the
cumulative mass curve plot of the areal rainfall representation of the sub-basins, additionally
observed was the underestimating of rainfall depth found in the uncorrected satellite products.
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IMERG and TRMM were the next two models shown to overestimate the rainfall depths in
comparison to in situ data, after ERAS.

Alaba Bias correction
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Figure: 5.5: Plots showing the accumulated mass curve for rainfall at the sub-basin scale
from in situ measurements of satellite products with and without bias correction
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5.2 Adjusting and Comparing Temperature Data Bias

The mean Temperature from in situ measurements and the satellite product employed in this
investigation were also contrasted with ERA5Agro, the comparison's purposes was to assess
temperature estimates derived from ERAS satellite estimates (i.e. ERA5 Mean Temperature
data) at daily base for the period 1990-2015. A statistical and graphical analysis served as the
foundation for the comparison.

Analysis using Point to Pixel

The ERAS averaged mean daily temperature was found to have higher values at the Bilate
Tena station, according to a point-to-pixel study. The ERA5 Mean Temperature dataset and
the station data showed no discernible relationship with elevation.

Average Mean Daily Temperature
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Figure: 5.6 In contrast of average yearly Temperature from ERA5_AG and from stations
Temperature estimates depth

The ERA5_AG Temperature product was analyzed using the same statistical method used to
evaluate the satellite-based rainfall products, depth-wise, on a daily basis for the years 1990
to 2015. The in-situ data at meteorological gauge stations and the satellite product agreed on
the temperature depth, with an RMSE ranging from 1.3 to 2.9 and an R? between 23.49% and
47.03%.

The mean error and bias for the 26-year time frame used in this investigation indicated that
the ERA5_AG Temperature product was underestimated in comparison to measurements
made by counterpart stations. The bias was found to vary between 0.86 and 0.97, with Hossana
station having the highest bias of 0.97.
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Sub-Basins Scale Analysis

Table 5.9: ERA5_AG Temperature statistically analyzed with respect to stations data.

Stations Bias ME RMSE Rz2

Alaba 0.90464 -1.9685 2.91683 0.2349
Bilate Tena  0.86871 -3.0757 3.35641 0.4703
Hossana 0.97323 -0.4482 1.31704 0.3878

Utilizing a straightforward arithmetic mean of the pixel values spanning each catchment and
Thiessen polygons for the in situ data, estimates from the ERA5_AG Temperature product
and the gauge station estimates were spatially averaged throughout the Bilate River sub-
basins.

The same scheme of analysis was used, and the results, which are presented in Table 5.9,
demonstrate that, in comparison to the examination at the pixel level carried out in Section
below, the temperature depth evaluation over sub-basins demonstrates better agreement than
the estimates made in situ. The mean error in the Bilate Upstream and Bilate Downstream
catchments was found to vary between 0.53 and 3.1, respectively. The bias varied between
0.86 and 0.96, as the table below illustrates.

Table 5.9: ERA5_AG Temperature estimates statistical analysis in Bilate river sub-basins.

Stations Bias ME RMSE R2

Upper 0.968203 -0.53775 1.365666 0.3626
Middel 0.876851 -2.63988 3.416737 0.2122
Lower 0.866044 -3.16527 3.381688 0.5449

Mean Temperature Data Bias Correction

Before using the ERA5_AG Temperature product in hydrological modeling with HBV-light,
bias correction was applied. The temperature dates were adjusted using the cumulative daily
mean temperature estimates that were spatially averaged throughout the three Bilate River
sub-basins. Similar to how the satellite rainfall product data were corrected. As seen in the
figure below the bias-corrected and uncorrected time series for the ERA5_AG Temperature
product, collectively with the aggregated daily mean temperature estimates from the stations,
are plotted together for graphical study.
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Averaged Mean Daily Temperature
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Figure: 5.7 Comparison of the daily mean temperature at the sub-basin scale

There is agreement between the bias corrected time series and the in situ data; however, the
depth of the mean temperature estimations is now indicated to be underestimated. A higher
correlation was observed between the bias-corrected daily mean temperature estimates time
series and the in situ estimates by statistical analysis compared to the uncorrected satellite
data. R?was discovered to be 21% in the Alaba catchment, 54% in the downstream catchment
of Bilate tena, and 36% in the upstream catchment of Hossana. The range of the RMSE was
1.3t0 3.4.

The mean daily Temperature of average for sub-basins stations’ Temperatures, the bias-
corrected and uncorrected ERA5_AG Temperature product.
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Bilate Tena Mean Daily Temperature
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The mean daily Temperature of sub-basins averaged Temperature from the stations, the
uncorrected and the bias corrected ERA5 _AG Temperature product.
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Figure: 5.8 The mean daily Temperature of sub-basins averaged Temperature.

In Figure above, the mean daily Temperature a sub-basin's chart aggregates of the in situ, the
bias-corrected and uncorrected ERA5_AG Temperature product time series shown. Less
difference are noted in Bilate tena downstream catchment.
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5.3 Comparison of Potential Evapotranspiration Data and Bias Correction
The in situ data from Hargreaves Potential Evapotranspiration (ERA5_AG) satellite
estimations (i.e., ERAS5_AG PET product) at daily basis for the years 1990-2015 were also
compared to the potential evapotranspiration product utilized in this work. The statistical and
graphical analyses served as the foundation for the comparison.

Point to Pixel Analysis

The ERA5_AG PET averaged daily PET was determined to have lower values than stations,
according to a point-to-pixel analysis. In the ERA5_AG PET dataset as well as the station
dataset, there was no discernible relationship with elevation.

Mean Daily Potential Evapotranspiration
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Figure: 5.9 A comparison of daily average PET from ERAS5_AG and stations
PET calculates the depth

The ERA5_AG PET product was analyzed using the same statistical method used to evaluate
the satellite-based rainfall products on a daily basis for the years 1990 to 2015. The satellite
product and the in situ measurements at the evaporation gauge stations agreed on the depth of
the PET, with an RMSE ranging from 0.74 to 1.23 and an R2 ranging from 1% to 53%. The
mean error and bias for the 26-year timeframe used in this analysis indicated that the
ERA5 AG PET was underestimated in comparison to the stations of peers. Bias was
discovered to range from 0.99 to 1.17, with the latter being detected at Alaba station.

Table 5.10: ERA5_AG PET estimations statistical analysis in reference to stations data.

Stations Bias ME RMSE R?

Alaba 1.17 -0.71 0.86 0.53
Bilate Tena 1.15 -0.62 1.23 0.01
Hossana 0.99 -0.05 0.74 0.06
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Sub-Basins Scale Analysis

Over the sub-basins of the Bilate river catchment, estimates from the ERA5_AG PET product
and the gauge station estimates were spatially averaged using Thiessen polygons for the in
situ data and a basic arithmetic mean of the pixel values encompassing the relevant
catchments. The PET depth assessment over sub-basins demonstrates higher agreement to the
in situ estimations compared to the point-to-pixel analysis done in section 5.2.1, according to
the identical scheme of analysis, the results of which are described in Table 5.11. It was
discovered that the mean error varied between -0.93 and 0.16 in the catchments of Hossana
Upstream and Bilate tena Downstream, respectively. The bias varied between 1.04 and 1.23,
as Table 5.11 illustrates.

Table: 5.11 The statistical analysis of ERAS5_AG PET estimates in with in situ estimates.

Stations Bias ME RMSE R?

Alaba 1.17 -0.69 0.85 0.56
BilateTena 1.23 -0.93 1.32 0.01
Hossana 1.04 0.16 0.68 0.01

Bias Correction in Evapotranspiration Data

Before using the ERA5_AG PET product in hydrological modeling with HBV-light, bias bias
adjustment were implemented. The process for correcting the remote sensed Precipitation
product data was analogous to that used to correct the PET dates; it involved accumulating
PET estimates and averaging them geographically throughout the three Bilate sub-basins. As
illustrated in Figure 5.10, the uncorrected and bias corrected ERA5_AG PET product data,
along with the mean yearly PET estimations from the stations, are plotted together for
graphical study.
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Figure: 5.10 Comparison of averaged yearly PET at the sub-basin scale

Although the underestimating of PET depth is now indicated, the bias corrected time series
largely agrees with the in situ observations. A higher correlation than the uncorrected satellite
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data was found by statistically analyzing the bias corrected PET estimates time series with
respect to the in situ estimates. In the Bilate Tena catchment, R? was determined to be 1%, in
the middle catchment, Alaba 0.56%, and in the Hossana upstream watershed, 1%. The RMSE
ranged from 0.68 to 1.32. The accumulated mass curve plots of the in situ sub-basin
aggregates, both the bias-corrected and uncorrected ERA5_AG PET product time series, in
Figure 5.11, display a linear trend with discernible variations in the accumulated PET depth
over time. The Alaba middle catchment was similarly found to have a smaller bias value,
indicating less difference.
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Figure: 5.11 Bias corrected PET estimates

As results, indicate satellite perception, Temperature and Evapotranspiration products
compared with the gauged data then bias correction methods applied to minimize the
difference before we use them as an input for hydrological model HBV Light.
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5.4 HBV-light modelling

HBV:-light rainfall runoff modelling were done using Hydro meteorological time series data.
First, the in situ measurements were included in the model as the study's reference data and
taken to represent the actual value. As required by the fundamental model parameters of HBV-
light, daily hydro meteorological input data were included to the model along with additional
sub-basin characteristics. Daily time series data were utilized in HBV-light for the daily
stream flow simulation. For calibration reasons, the observed discharge values at Bilate station
were also entered into the model.

After arranging all the necessary model inputs such as PTQ, T mean and EVAP text files for
HBV light model by starting up the HBV program. The 'Open Catchment' form opens
automatically.

HEV Hossana

date Prec.m Temp Qobs Hossana |ltemp Obsereved PTO
20010101 8.0 17.8 8.0 17 .8 3.38

20010162 8.0 14.5 8.0 14.5 3.38

20010103 8.0 14.4 8.0 1922 3.38

20010164 8.0 13.8 8.0 14 6o 3.38

20010105 8.0 14.7 8.0 14 3.38

20010106 8.0 14.@ e.e 15.85 3.38

PTQ text file T mean text file EVAP text file

Elevation Vegetation Zones of Bilate river sub-basin

By navigating over the sub-basin boundaries, the vegetation type map, and the elevation zones
map, the elevation vegetation zones were obtained. This process produced weights for each
species of vegetation in each sub-basin's elevation zone, which were then entered into the
model. The Bilate River Sub-basin was divided in to 12 elevation zones, with three different
vegetation types, ranging in height from 1,116 meters to 3,350 meters, where

e Zone 1: Agriculture land (Intensive, moderate, grassland, shrub)
e Zone 2: Wet land (water body, Marshland)
e Zone 3: Urban(urban, exposed land)

Table: 5.12 Elevation Vegetation Zones of Bilate river sub-basin

Elevation Area (%) Vegetation Zone

(m.as.l) Zone-1 Zone- 2 Zone- 3
1116-1600 22.02% 93.86% 0.80% 5.34%
1601-2000 20.87% 97.01% 1.36% 1.63%
2001-3350 57.11% 74.30% 20.60% 5.10%

For the upper catchment, 200-meter elevation zones ranging from the 2001m to the 3,350m
there are seven-elevation zone. For the middle catchment 200-meter elevation zones ranging
from the 1601m to the 2000m 2-elevation zone. For the Lower catchment elevation zones of
200m ranging from the 1116 m to the 1601 m 3 elevation zone
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5.4.1 Runs of the HBV Light model and parameterization

The Nash-Sutcliffe coefficient (NSE), a measure of model efficiency, and the mean
difference (MeanDiff) objective function are employed in the manner previously mentioned
to evaluate the performance of the model. The hydrograph designs' best fit was determined by
visually inspecting both the simulated and observed stream flows. The "trial and error"
optimization process was used to calibrate the model, adjusting its parameters to better match
the observed stream flow hydrographs with the simulation.

The calibration aim for the NSE objective function, which establishes the best overall
performance of the model, is 1 or values near to 1, and the target value is a MeanDiff equal to
zero or values near to zero. This relates to the RVE, which is frequently chosen over the
MeanDiff despite the fact that both are focused on the system's water volume as mentioned in
section 4.8.2.

First, the HBV-light standard model type was chosen together with the basic model variant.
In situ measurements of the climatic variables were used for this, and the model's behavior
indicated that the system's water accumulation increased over the course of the simulation.
Since it was evident that the system's water release was occurring too slowly, this study
employed the same basic model structure but a different sort of HBV-light model that used
routing response with delay. According to Seibert (2005), the structure is intended for
catchments with deep groundwater, such as the sub basin of the Bilate River.

The two model types are different in that all of the recharge water is moved right away from
the soil moisture storage to the upper zone of the soil during the regular response routine.
Subsequently, water percolates down from the upper zone of the soil to the lower zone store.
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Figure 5-12: Type of routine response with delay model
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Where K1 and K2 are the recession coefficients for the discharges from the higher (Q1) and
lower (Q2) zones, respectively, and E and P are the evaporation and precipitation from the
lakes, the storage in the upper zone, and the storage in the lower zone. In both scenarios, the
parameter for the non-linearity of the Q1 is alpha, while the parameter for percolation is
PERC.In the Response routine with delay model type, percolation is described as a water flux
from the upper zone to the lower zone; in contrast, in the traditional structure model type,
percolation is defined as the redistribution of recharge water from the soil moisture zone
(PART). Whereas the amount contributed to the top zone reflects predicted recharge flow
multiplied by PART, the fraction added to the lower zone reads recharge multiplied by 1-
PART.

Table: 5.13 HBV Light Model optimum parameter

Upper & Lower Limit
Parameters Definition Minimum Maximum Unit | Valid range | Default value
FC Maximum soil moisture storage 100 550 mm (0,inf) 200
KO Storage (or recession) coefficient O 0.1 0.5 1/At [0,1) 0.2
K1 Storage (or recession) coefficient 1 0.01 0.2 1/At [0,1) 0.1
K2 Storage (or recession) coefficient 2 5.00E-05 0.1 1/At [0,1) 0.05
UzZL Treshold parameter 0 70 mm [0,inf) 20
Alpha Non-linearity coefficient [0,inf) 0
PERC Treshold parameter 0 4 mm/At [0,inf) 1
MAXBAS |Length of triangular weighting function 1 2.5 At [1,100] 1
LP Soil moisture value above which AET rea( 0.3 1 [01] 1
BETA Parameter that determines the relative con 1 (0,inf) 1
TT Threshold temperature -2 0.5 °C (-inf,inf) 0
CFMAX Degree-At factor 0.5 4 mm/At °C|  [0,inf) 3
SP Seasonal variability in degree-At factor 0 0 [-1,1] 0
SFCF Snowfall correction factor 0.5 0.9 [0,inf) 1
CWH Water holding capacity 0.1 0.1 [0,inf) 0.1

5.4.2 Sensitivity and Calibration HBV Light Model

In order to reach an acceptable match of the patterns of hydrographs between the simulated
discharge (Qsim) and observed discharge (Qobs) several calibrations were applied by “trial
and error” method, however, the values of the objective functions remained low. To minimize
the gaps and to get optimal objective function values the model sensitivity was initiated.

HBV-light model parameters in the process are not physically measurable that is why they
need be calibrated. As we all know, there is no single best method to estimate the model
parameters we use different methods by selecting the minimum and maximum values of each
parameter from autonomous calibrations and Monte Carlo runs based on the scores of three
objective function. Observed and simulated discharge during the calibration for outlet three
stations of the sub catchment one of which is considered as the final outlet point in the HBV-
light model, some adjustments on the range of the parameter some values obtained from
previous studies were used. In addition, 5000 Monte Carlo runs specifying certain threshold
efficiency did sampling.
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5.4.2.1 Model sensitivity analysis

As part of the model calibration process, a sensitivity analysis was conducted using in situ
datasets to assess how sensitive the model was to variations in the values of its parameters.
The goal of the sensitivity analysis was to assess the total uncertainty of our models by
identifying the parameters that have the greatest influence on them and by distinguishing
between sensitive and insensitive model parameters. The HBV-Light model sensitivity
analysis was done to calibration parameters in order to determine which ones influence the
model performance more than the other does. One model parameter was analyzed at a time,
with its final calibration values changed by 10% to 100% at a time. The parameter was then
reset to its starting value before another was altered. Since each model parameter's impact was
examined using graphical plots for visualization and the NSE, RVE, and RMSE objective
functions as the basis for analysis, parameters with abrupt slopes are thought to be more
sensitive than those with gradual slopes, which are thought to be less sensitive.

The sensitivity analysis show the parameters calibrated more sensitively to the model
performance more than others did. In this study model parameters which are more sensitive
to the model performance were found to be kO (Recession coefficient for the upper storage),
K1 (recession coefficient for upper storage), K2 (recession coefficient for lower storage) and
Beta (shape coefficient). FC (maximum of storage in the soil), LP (threshold for reduction of
evaporation) and the MaxBas were determined to be reasonably rational.The sensitivity
analysis of model performance was done with respect to three objective functions Nash
Sutcliffe Efficiency Coefficient (NSE), Relative Volumetric Error (RVE), and the Root Mean
Square Error RMSE). Also percentage of bias Pbias and Coefficient of determination R?

n_.(Qobsi— Qsimi)?
NSE =1 - 2n=1(Q Qsimi” ... Equation 22

n_.(Qobsi— Qobs)?

n_1Qsim(i) — Yr-, Qobs(i

RVE=< n=1( n() Zn=10 O) 100% ... ... .. .. .... Equation 23

i=q Qobs(i)

" (Qobsi— Qsimi)?

RMSEz\/ =2(Q - < ) et eee eeneee eoneee een e o Equation 24
* (Qiobs — Qisim

Pbias = IZl_l(Qn - < ) e e e e Equation 25
iz, Qi obs

Rz — (Z(QObS—Qm)(QSlm_Qm)Z
~ X(Qobs—Qobs)2 L(Qsim—@stm)? " "

v e e e Equation 26

Where: n is number of observations, Qobs is observed stream flow at gauged station
(m3/sec), Qobs is mean of observed stream flow at gauged station (m3/sec), Qsim is
simulated stream flow at gauged station (m3/sec).

Finding which parameters to heavily optimize in order to get the best accuracy was made
possible by the model parameter analysis. The sensitivity of model performance in bilate river
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catchment was found NSE, a RVE ranging between 0.4-0.8, 5 and -10 and a RMSE between
0 and 8. The sensitivity of the model performance based on three objective functions to more
sensitive parameters that covered ten years shown in the figure below.
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Figure: 5.13 Sensitivity evaluation based on objective functions NSE, RVE and RMSE

The result of sensitivity analysis indicated that the HBV Light model of the study area is most
sensitive to volume controlling parameters (KO, K1, K2, FC, BETA, and LP).
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5.4.2.2 Optimal calibration and model performance assessment

In this stage, Based on the lower and upper limits intervals for the very good simulations
obtained during the parameter id using the Monte Carlo method. The model performance for
each parameter set and the best parameters set was then obtained by optimizing the different
objectives functions mentioned above. After warming up the model for the year 2001, the
model calibration for the period of 2001-2011 is performed manually by trial and error
changing one model parameter at a time. Finally, the sets of parameters that are performing
best are adopted. The HBV Light model optimum parameter set for Bilate River sub basin is
shown in table below.

Table: 5.15 Optimum parameter for Bilate River sub basin

Model parameter Optimized
HBV-light range model
Parameters Valid range Minimum Maximum Unit parameter
FC (0,inf) 100 550 mm 100,100.4,104.3
KO [0,1) 0.1 0.5 1/At 0.04
K1 [0,1) 0.01 0.2 1/At 0.011
K2 [0,1) 5.00E-05 0.1 1/At 0.027
MAXBAS [1,100] 1 2.5 At 1.7
LP [0,1] 0.3 1 B 0.6,0.4,0.7
BETA (0,inf) 1 5 _ 1,1,1

Model Calibration HBV Light model

Modifying the numerical values attributed to the parameters of the model by Calibrating until
we observe best objective function. The process consists of adjusting manually by trial and
error method and simulating HBV Light model by comparing the observed and simulated
discharge. A daily time series for observed data on temperature, precipitation, potential
evapotranspiration, and discharge for a single catchment from January 2001 to December
2015 was used to calibrate the HBV Light model in the Bilate River sub basin. The warm-up
period is January 01, 2001 to 31-12-2001,The calibration period January 2001 to December
2011,For Validation, the model is set to the period January 01, 2012 to 31-12-2015. An
automatic calibration based on the genetic method GAP optimization provided by HBV-light
model was utilized to obtain the best fit between observed and simulated streamflow, and the
calibration procedure was repeated iteratively until the best fit was reached.

GAP simulation technique and Monte Carlo Runs used to Automatic calibration. GAP
(Genetic algorithm and Powell) model calibrating optimization approach. In addition, Monte
Carlo tool is the maximum and minimum is set for all parameters for the HBV-land sub-basin.
The number of model runs is set to 1000 and save objective function > 0.6” where the
objective function is Reff. Calibrating and Evaluating Sensitivity analysis used to find the
optimal parameters for the model performance. HBV Light Model input parameters used until
we reach a certain acceptable model performance by maximizing the model parameters' values
within each of their corresponding specified ranges.
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Figure: 5.14 Uncalibrated and Calibrated PTQ plot for the period 2001 to 2011.

5.4.2.3 HBV Light model Validation

Validation analysis can be conducted using various methods and techniques depending on the
nature and format of remote sensing data and validation sources.In the validation step model's
ability to simulate the present or the future forecasting can be investigated. In this work, the
HBV Light model's calibration setup settings were employed for validation throughout a
varying time period (January 1, 2012, to December 31, 2015), while maintaining all of the
calibration's input values in order to see the response of simulation for the future period
forecasting. Efficiency of the model were assessed by the objective functions. Therefore, the
output is improved by changing the model parameters to calibrate with the observations data.
Therefore, each time when we change model parameter it provide information about the
catchment variables. In the validation period, the mean difference values is the discharge in
most cases models estimatethe discharge simulated less than observed discharge.The
calibration of the model was considered successful if the value of R? during validation is
between 0.6 and 0.9. The performance of the calibrated model was validated using the rainfall
input for the period 2012 to 2015. Moreover, the objective functions NSE, RVE and RMSE
were used to evaluate performance for the validation period. Apart from the gauge stations
data, satellite data on precipitation, temperature, and potential evapotranspiration products
used as input for the HBV Light Modelling. Remote sensed products such as CHRIPS,
IMERG, TRMM and ERA 5 AG were used after bias-corrected as an input PTQ and EVAP
text file for model simulation. Model performance of HBV Light model using satellite product
calibrated and validated using the input for the period January 2001 until December 2015.

Y (Qobs — Qsim)?
¥ (Qobs — Qobs)”

Where: Reff is the model efficiency, Qobs observed discharge, Qsim simulated discharge

Reff =1-— wer wen . Equation 27
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5.5 Comparison of simulated streamflow

One of the objectives of this work was to examine how well HBV Light hydrological models
performed when used satellite products as input for models that were calibrated (2001-2011)
and validated (2012-2015) on a daily streamflow data estimate of the Bilate River Sub-basin
using remote sensed products, both in situ and satellite products.

HBV light model functionality parameters that come from calibrating the HBV Light
simulation using two separate input data sets from two satellite-based data sets and in situ
gauge station data sets. According to the table below, HBV Light modeling performs the
satisfactory in the Bilate watershed when compared to other watersheds. Its performance is
still good for the validation period, though, suggesting that the model can be used to
investigate the relationships between rainfall and runoff in Bilate catchments.

As the table below demonstrates, the model performed well when used the in situ time series
of rainfall and potential evapotranspiration; the relative volumetric error was less than zero.

Table 5.16 Model performance using bias-corrected data for NSE, RVE, and RMSE.

Onssite CHRIPS IMERG TRMM ERA5
Purpose and Objective Bias Bias Bias AG Bias
measurements
corrected | corrected | corrected | corrected
Nash Sutcliffe Efficiency Coefficient 0.71 051 0.54 0.42 0.41
(NSE)
Root Mean Square Error (RMSE) 5.14 3.59 0.87 1.21 0.17
Relative VVolumetric Error (RVE) -1.12 -5.65 -1.37 -0.32 -0.31

After that, time series from satellite-based meteorological products with bias corrected were
utilized to simulate Bilate stream flow using the optimal model parameter set. HBV Light
model performance was also demonstrated by the calibration findings for every time series.
The streamflow measurements, however, were insufficient to validate the model. Not as much
as the time series of in situ measurements, but nonetheless high NSE and RVE were detected
in the bias corrected time series from various products.

The optimal outcomes for the satellite-based bias-corrected data were discovered when the
in situ PET estimates were substituted with the ERA5 AG product as the model's input.
IMERG and CHRIPS were the satellite rainfall products with bias correction that performed
better when the HBV Light model accepts it as input in the Bilate River sub-basin. This aligns
with the comparative analyses conducted between those two goods. Furthermore, even after
bias correction, the simulated discharge showed the underestimation of rainfall projections
derived on satellite data in comparison to the in situ data. When the model's inputs were the
bias-corrected rainfall estimates from the satellite products, the in situ stream flow simulation
data exceeded the other simulated streamflow.
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Figure: 5.15b Scattered plots for simulated streamflow utilizing remote sensed data

Since the bias has been adjusted in light of the in situ observations, the stream flow simulation
using satellite-based meteorological time series that have been bias-corrected resembles the
stream flow simulation using in situ measurements time series quite a bit. Considering the
performance of the model, the findings were satisfactory. CHRIPS data R? =0.7474 and
PBIAS=4.94 and IMERG R?=0.7431 and PBIAS=1.08.

With the exception of the ERA5 AG PET product, it was discovered that the optimum
parameter set derived from the raw satellite data did not lend itself to in situ measurements,
necessitating the calibration of each satellite product separately. For the satellite products, the
model was calibrated before the in situ measurements parameter set. However, this was not
feasible for the most sensitive model parameters, as the following illustrates. The model's
results when using the uncorrected satellite data are shown below. The model performance
was weak and showed different values of the objective functions;
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Table 5.17 HBV-light optimized parameter using uncorrected satellite products
Model parameter Optimized
HBV-light range model
Parameters Valid range Minimum Maximum Unit parameter
FC (0,inf) 100 550 mm 90,100,120
KO [0,1) 0.1 0.5 1/At 0.05
K1 [0,1) 0.01 0.2 1/At 0.009
K2 [0,1) 5.00E-05 0.1 1/At 0.05
MAXBAS [1,100] 1 2.5 At 1.5
LP [0,1] 0.3 1 _ 1,11
BETA (0,inf) 1 5 B 2,2.32.2
Bilate Streaflow Simulation using
Raw Satellite Products
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Figure: 5.16 simulated bilate stream flow with uncorrected satellite-based and in situ data

The Bilate River streamflow simulation produced lower than observed RMSE and REV values
as well as low NSE values below 0.5 using uncorrected satellite-based rainfall products. When
forcing data from CHRIPS and IMERG are used, the model performs worse despite the fact
that it displays the simulated discharge hydrograph's pattern more clearly. The fact that
CHRIPS had the lowest bias value in this analysis but a greater coefficient of correlation (R?)
may be attributed to result. This means that, compared to the other products, CHRIPS agrees
with the station data more, but it also underestimates the recorded rainfall depth more, in
accordance with the scatterplots' data distribution.

Table: 5.18 Results of model simulation with uncorrected satellite-based products

—— . CHRIPS IMERG
Objective Function Uncorrected
Uncorrected TRMM ERAS AG
uncorrected | uncorrected
Nash Sutcliffe Efficiency Coefficient (NSE) 0.41 0.4279 0.21 0.33
Root Mean Square Error (RMSE) 3.14 5.016 4.07 8.09
Relative Volumetric Error (RVE) -4.32 -8.022 12.42 -20.32

AAIT

Page 68




Estimation of daily streamflow using remote sensing data | 2024

As results shown in Table 5.18 the Bilate River stream flow simulation showed lower RMSE
and RVE values and low NSE values, despite using uncorrected satellite-based rainfall
products. CHRIPS had the lowest bias value but a greater coefficient of correlation, indicating
it agrees with station data but underestimates recorded rainfall depth.

Comparing the components of the model water balance using satellite products

An assessment of the water balance components was carried out in order to compare the model
results for the two input datasets used in the HBV model. The hydrological year 2001-2011,
which ran from September 2001, when the rainy season ended, to December 2011, was used
for this purpose. The simulated real evapotranspiration and discharge time series' cumulative
depth, changes in soil moisture storage, and the upper and lower zones of the soil are all
displayed in the table below, which summarizes the results. Various forcing data are also used
in the model.

When combined during the course of the hydrological year, the data collected in situ were
demonstrated to have increased depth of rainfall and to approximate real estimates of
evapotranspiration. Substituting the ERA5 AG product for in situ estimations in the model
results in a notable alteration of the soil lower zone and high-simulated streamflow. The
significant fluctuation of water storage in the lower zone of Southern Ethiopia can be
explained by the regions groundwater basins' inter connectivity. The HBV Light model was
evaluated using two Satellite precipitation products input datasets (CHIRPS and IMERG)
from 2001-2011 for the study area.

Table 5.18 Components of the downstream catchment water balance (2001-2011).

CHRIPS IMERG
Components of the water On-site Bias
balance [mm] measurements | corrected Bias corrected
Rainfall 1028.8 1005.5 1043.7
Actual ET 1574.3 1618.7 1618.7
Q simulated 4278.1 4376.8 4548.7

Water Balances Components

0
Rainfall Actual ET Q simulated

M Gauge station data CHRIPS(Bias corrected ) IMERG(Bias corrected )

Figure: 5.17 Water balance components of HBV Light model output

Results showed that Comparison of 4 satellite rainfall products for a period of 21 years
indicates the existence of difference between gauging station and Remote sensed products. A
considerable increase in rainfall depth was found in the bias correction. Then using IMERG
and CHRIPS to simulate streamflow in HBV Light model gives satisfactory results.
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6 Conclusion and Recommendation

6.1 Conclusion

The main objective of this study was to gain better understanding of daily streamflow
estimation in poorly gauged and ungauged stations using remote sensing and gauging stations’
data as input for stream flow modeling in Bilate rivers sub basin. Estimating daily streamflow
using bias-corrected remote sensed products and comparing the result with the in situ data by
using several methodologies. The differences between ground based gauge station observing
and meteorological products from satellites were expected as it was mentioned in a number
of earlier research. Systematic discrepancies was observed by comparing four different
precipitation datasets of different categories, source and resolution, namely GPM_3IMERGM
v 07, CHIRPS 4.8 Daily, TRMM 3B42 v7and ERA5 AG with in situ observations. The
differences were adjusted using bias correction and on-site assessments prior to being included
as imposing data in the model's HBV-light streamflow simulation. Investigations were made
on the impact of satellite products on hydrological model calibration, model predictions for
bilate river sub-basin in Southern Ethiopia.

As the result shows, the comparisons between gauging station and Remote sensed
Precipitation products were done based on visual interpretations of average time series data
for the period of 21 years (2001-2021). The result shows ERA5 Ag overestimate in all
selected four stations, TRMM overestimate at Bilate and Bilate tena station in other two
stations (Alaba and Hossana) TRMM underestimate the average annual rainfall, IMERGM
and CHIRPS relatively shows close results with observed data of average annual rainfall
amount in the selected four stations.

Additionally, Comparisons between gauging station and Remote sensed Precipitation
products were done based on statistical estimators and graphical analysis. The result shows
the ability of four satellite products to detect rainfall in four stations using probability of
detection (the number of events correctly detect by the Satellite datasets) ERA5 Ag 80%,
IMERGM 75%, TRMM 65%, CHIRPS 42%. False alarm ratio (the rainfall events is recorded
at the satellite when no represented in observed data) IMERGM 48%, CHIRPS 57%, TRMM
58%, ERAS5 Ag 60%. Critical Success Index (shows the correct estimation the rainfall
occurrence while removing the negative occurrence) IMERGM 44%, ERAS5 Ag 36%, TRMM
33%, CHIRPS 32%. The frequency bias ( has a desirable value of 1 and a range of 0 to «)
CHIRPS 1.3, IMERGM 1.4, TRMM 1.7, ERA5 Ag 2.03. Mean Error and bias shows the
systematic differences measured between gauging station and Remote sensed Precipitation
products. If the mean errors with a (-) sign indicate overestimation TRMM in Alaba and
Hossana stations shows -0.64 and -0.42 respectively. At the same time TRMM at those
stations shows bias is less than 1 it indicates underestimation. The root mean square error
indicates the amount of cumulative mistakes and the precision of satellite rainfall estimations
with the values range from 0 to oo, where 0 denotes very good precision. The average root
mean square error of four Remote sensed Precipitation products in four stations were TRMM
6.97, IMERG 7.3, ERA5 7.7 and CHRIPs 8.4. The correlation coefficient indicates the degree
of agreement between gauge stations and satellites products it ranges from 0 to 1. The degree

AAIT Page 70



Estimation of daily streamflow using remote sensing data | 2024

of agreement R2 in four stations using the four satellite precipitation products shows CHRIPs
0.907, IMERG 0.87, TRMM 0.84 and ERA5 Ag 0.78.CHRIPs and IMERG performed better
in terms of depth than TRMM and ERAS.

Analysis in Sub-Basins Scale using an arithmetic mean (average of stations) were utilized to
represent the upper watershed (Hosana), the mid watershed (AlabaKulito), and the bottom
watershed (Bilate Tena). The statistical estimators indicates the hits, missed and false rainfall
events throughout a Fifteen-year period (2001-2015) in Bilate sub basin. IMERGM 31.3%
Hits, 2.9% Miss, 29% False alarm and 36.8 correct negative. ERA5 Ag 33.3% Hits, 0.9%
Miss, 41.9% False alarm and 23.86% correct negative. Shows better results than TRMM
24.13% Hits, 10.06% Muiss, 18.9% False alarm and 46.9% correct negative. and CHRIPS
13.7% Hits, 20.4% Miss, 8.2% False alarm and 57.6% correct negative. The result shows the
ability of four satellite products to detect rainfall in Bilate sub basin using probability of
detection ERA5 Ag 94%, IMERGM 93%, TRMM 73%, CHIRPS 40%. False alarm ratio
IMERGM 40%, CHIRPS 33%, TRMM 43%, ERA5 Ag 53%. Critical Success Index
IMERGM 50%, ERA5 Ag 47%, TRMM 47%, CHIRPS 33%. The frequency bias CHIRPS
0.73, IMERGM 1.3, TRMM 153, ERA5 Ag 1.77. Mean Error and bias indicate
overestimation of CHRIPS in Middle and TRMM Upper stations with -0.1 and -0.3
respectively. The average root mean square error of four Remote sensed Precipitation products
in Bilate river sub basin TRMM 7.1, IMERG 7.4, ERA5 8.2 and CHRIPs 8.7. The degree of
agreement R? using the four satellite precipitation products in Bilate river sub basin shows
CHRIPs 0.87, IMERG 0.9, TRMM 0.8 and ERA5 Ag 0.77.CHRIPs and IMERG performed
better in terms of rainfall depth than TRMM and ERAS. The three components of the bias the
hit, missed rainfall and false rainfall biases were utilized for the four satellite precipitation
products to represent the upper watershed, the middle watershed and the bottom watershed in
order to determine the source of bias. IMERGM 20.3% Hits bias, 12.5% Miss bias, 67.18%
False alarm bias, CHIRPS 23% Hits bias, 45.2% Miss bias,31.6% False alarm bias, TRMM
17.10% Hits bias, 39.47% Miss bias, 43.42% False alarm bias, ERA5 Ag 8.79% Hits bias,
3.29% Miss bias, 87.91% False alarm bias. As a result indicates the main source of bias were
false alarm bias.

To improve the accuracy of the satellite/reanalysis products, the bias correction was carried
out. A considerable increase in rainfall depth was found in the bias corrected time series
compared to the uncorrected data, based on the in situ observed datasets. The result shows
that rain fall depth of Bias corrected IMERG and CHRIPS have better when we comparing
them with the other two satellite/reanalysis products. ERA5 AG averaged Mean daily
Temperature underestimate the mean daily average Temperature in the sub basin when we
compare it with the in situ measurement. Hargreaves Potential Evapotranspiration
(ERA5_AQG) satellite estimates were underestimate PET when we compare it to the in situ
measurements. The bias corrected time series for every product exhibited similarity to the in
situ time series; however, when the data were added up throughout the full period,
underestimate of the measurements was noted. Over a 15-year period, the daily streamflow
modeling of the Bilate River sub-basin was conducted using the bias corrected satellite
products and the in situ time series in the HBV Light model. (01 Jan 2001 to 31 Dec 2015).
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HBV-Light hydrological model were used to simulate the streamflow. In order to obtain
optimal parameter values of model performance HBV Light model, calibration and sensitivity
analysis was performed by utilizing the data from the in situ meteorological inputs to
determine the model parameter that is sensitive for optimization and the performance
evaluation.

According to the result, model parameter FC, BETA, and LP were found to be the most
sensitive parameters followed by KO, K1, and K2 in the sub-basin of the Bilate River. The
other parameters can be kept constant during the calibration of the model. HBV Light model
calibration were taken using manual trail and errors method. In addition, useing Monte Carlo
procedure and GAP optimization runs in calibrating and predicting uncertainties in model
simulations. Following calibration, the RMSE=5.14, RVE = -1.12, and goodness of fit
functions of 0.71 for the NSE were achieved for in situ measurements. Using the optimal set
of model parameters, we simulate the model with the bias corrected meteorological variables.
Moreover, the results were satisfactory. The model yielded those results after the bias adjusted
using bias correction method. The results assess the fit between satellite product and gauged
data using visual inspection, accumulated difference and statistical criteria

The calibration results of HBV light model for the period of 11 years (2001-2011) using bias
corrected satellite products IMERG and ERA5Ag (Temperature and Evapotranspiration)
satellite products. Produced results R? =0.7431 and PBIAS=1.08, objective functions NSE=
0.54, RMSE =0.87 and RVE =-1.37, and replacing IMERG with CHRIPS data R? =0.7474
and PBIAS=4.94, objective functions NSE = 0.51, RMSE =3.59 and RVE = -5.65 of the
rainfall products. The streamflow of the Bilate River was simulated using uncorrected
satellite-based meteorological data, and the hydrological model was unable to replicate the
patterns seen in the hydrograph. The validation is the model performance test with calibrated
parameters for an independent period in HBV light model for 4 years (2012-2015) and the
validation results using bias-corrected IMERG and CHRIPs were R? =0.6588 NSE=0.5 which
is satisfactory.

Using remote sensed products for estimation of streamflow using hydrological models show
satisfactory results. Even when we compare the model performance of those bias corrected
Satellite products, they produced comparable results. HBV Light model was able to simulate
the overall pattern and timing of low and high flows. However, the magnitude of peak flows
was not matched well in all sub-catchments. In general, the model performed with an
acceptable degree of accuracy during both calibration and validation periods in Bilate River
sub basin. As a result using the satellite/reanalysis meteorological products can be an
alternative source of Hydro meteorological data in areas with sparse rain gauges and poorly
gauged station.

Generally, the results show that both models can reproduce and replace the historical daily
runoff series data with an acceptable accuracy. The coefficient’s of NSE and R? indicates
satisfactory results for calibration and validation periods. The results from the study revealed
that bias-corrected Satellite products could be an alternative data source to estimate
streamflow in data scarce areas.
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6.2. Recommendations

The study states that planning, managing, and operation of water resources depend on the
estimates of daily streamflow. The availability of data for ground-based hydro meteorological
models is deteriorating, though, more gauging stations should be built and the current ones
require regular maintenance. Furthermore, it is not questionable to use alternate Hydro
meteorological data sources. The greatest alternative to inaccurately measured and ungauged
stations is remote sensing equipment.

Four satellite/reanalysis products were used in this study: GPM_3IMERGM v 07, CHIRPS
4.8 Daily, TRMM 3B42 v7, and ERA5 AG with in situ observations. This was owing to their
availability and the quality of their resolution. Utilizing alternative products with higher
quality and resolution, such MSWEPV2, could yield superior outcomes. After performing
bias-correction, the chosen remote sensing products provide satisfactory results when
compared to in situ observations data. The temperature and precipitation product derived from
satellite data was bias-corrected using the power transformation approach. It is advised to use
alternative, more precise bias-correction techniques. Although, before using, choosing,
preprocessing, bias correcting, and transforming datasets, it is crucial to comprehend the
nature and quality of the data because these actions enhance the dataset’s functionality.

Using bias-corrected remote sensing products, the HBV Light model was chosen as the
conceptual hydrological model to estimate daily streamflow. A comparison was made
between the observed streamflow data and the model's performance utilizing the input data (a
satellite product) for the research area. Sensitivity analysis along with the manual calibration
procedure yielded the ideal values for the model parameters. However, employing alternative
automatic calibration methods, such as gap optimization runs and the Monte Carlo tool, is
helpful because manual calibration using the trial and error method takes a lot of time.

In the HBV Light model the downstream Bilate station were selected, which is comparatively
superior with all data, for the model calibration process due to the low availability of hydro
meteorological data in the Bilate river sub basin. Better simulation results might be achieved
if we calibrate the HBV Light model using regionalization, utilizing all of the meteorological
and hydrological data.

Finally, our analysis indicates that the performance of integrating bias-corrected satellite
products with in situ observation data to predict streamflow utilizing HBV Light models is
comparable. In the future artificial intelligence and virtual gauging will make it incredibly
useful. To obtain good results, data quality, model parameterization, and validation is
required. Additional research is required to fine-tune model parameters and comprehend the
advantages and disadvantages of the satellite products for the particular use and geographical
area.

AAIT Page 73



Estimation of daily streamflow using remote sensing data | 2024

References

Abebe, E. and Kebede, A. (2017) Assessment of Climate Change Impacts on the Water
Resources of Megech River Catchment, Abbay Basin, Ethiopia. Open Journal of
Modern Hydro - logy, 7, 141-152. https://doi.org/10.4236/0jmh.2017.72008

Abebe Temesgen (2019) Rainfall Runoff Modeling: A Comparative Analyses: Semi
Distributed HBV Light and SWAT Models in Geba Catchment, Upper Tekeze Basin,
Ethiopia DOI: 10.7176/CER/11-9-03

Abraham, T.; Liu, Y.; Tekleab, S.; Hartmann, A. Prediction at Ungauged Catchments through
Parameter Optimization and Uncertainty Estimation to Quantify the Regional Water
Balance of the Ethiopian Rift Valley Lake Basin. Hydrology 2022, 9, 150. https://
doi.org/10.3390/hydrology9080150

Abraham T, Woldemicheala A, Muluneha A, Abateb B (2018) Hydrological Responses of
Climate Change on Lake Ziway Catchment, Central Rift Valley of Ethiopia. J Earth
Sci Clim Change 9: 474. doi: 10.4172/2157-7617.1000474

Adnan, Rana & Petroselli, A. & Heddam, Salim & Santos, Celso & Kisi, Ozgur. (2021).
Comparison of different methodologies for rainfall-runoff modeling: machine
learning vs conceptual approach. Natural Hazards. 105. 1-25. 10.1007/s11069-020-
04438-2.

A.l. Shiklomanov, R.B. Lammers, C.J. Vorosmarty, Widespread decline in hydrological
monitoringthreatens pan-arctic research. Eos, Trans. Am. Geophys. 83(2), 13-17
(2002)

Alemseged Tamiru Haile, Ashenafi Lekasa Akawka, Beza Berhanu & Tom Rientjes (2017)
Changes in water availability in the Upper Blue Nile basin under the representative
concentration pathways scenario, Hydrological Sciences Journal, 62:13, 2139-2149,
DOI: 10.1080/02626667.2017.1365149

Alemseged Tamiru Haile, Yaregal Geremew, Sitot Wassie, Addisalem Genet Fekadu, Meron
Teferi Taye; Filling streamflow data gaps through the construction of rating curves in
the Lake Tana sub-basin, Nile basin. Journal of Water and Climate Change 1 April
2023; 14 (4): 1162-1175. doi: https://doi.org/10.2166/wcc.2023.372

Aliye, M.A., Aga, A.O., Tadesse, T. and Yohannes, P. (2020) Evaluating the Performance of
HEC-HMS and Swat Hydrological Models in Simulating the Rainfall-Runoff Process
for Data Scarce Region of Ethiopian Rift Valley Lake Basin.

Alefu Chinasho, Bobe Bedadi, Tesfaye Lemma, Tamado Tana, Tilahun Hordofa, Bisrat Elias,
"Evaluation of Seven Gap-Filling Techniques for Daily Station-Based Rainfall
Datasets in South Ethiopia”, Advances in Meteorology, vol. 2021, Article ID 9657460,
15 pages, 2021. https://doi.org/10.1155/2021/9657460

AMIN A. ELSHORBAGY , U. S. PANU & S. P. SIMONOVIC (2000) Group-based
estimation of missing hydrological data: 1. Approach and general methodology,
Hydrological Sciences Journal, 45:6, 849-866, DOI: 10.1080/02626660009492388

AAIT Page 74


https://doi.org/10.4236/ojmh.2017.72008
https://doi.org/10.1155/2021/9657460

Estimation of daily streamflow using remote sensing data | 2024

Andréassian, V., Lerat, J., Le Moine, N., and Perrin, C,(2012) Nature’s own hydrological
models, J. Hydrol., 414-415, 49-58, doi:10.1016/j.jhydrol.2011.10.007,2012.

Andualem, Tesfa & Malede, Demelash & Tebebal, Mamuye. (2020). Performance evaluation
of integrated multi-satellite retrieval for global precipitation measurement products
over Gilgel Abay watershed, Upper Blue Nile Basin, Ethiopia. Modeling Earth
Systems and Environment. 6. 10.1007/s40808-020-00795-w.

Andualem, Tesfa & demeke, Girum. (2019). Groundwater potential assessment using GIS and
remote sensing: A case study of Guna tana landscape, upper blue Nile Basin, Ethiopia.
Journal of Hydrology: Regional Studies. 24.

Arnold, J.G., et al. (1998) Large Area Hydrologic Modeling and Assessment Part I: Model
Development 1. Wiley Online Library, Hoboken.

Archfield,S. A. and Vogel, R. M (2010): Map correlation method: Selection of a reference
streamgage to estimate daily streamflow at ungaged catchments, Water Resour. Res.,
46, 1-15, doi:10.1029/2009WR008481,2010.

Asfaw Kebede Assistant Professor, Bernd Diekkriger Professor & Semu A. Moges Associate
Professor (2014): Comparative study of a physically based distributed hydrological
model versus a conceptual hydrological model for assessment of climate change
response in the Upper Nile, Baro-Akobo basin: a case study of the Sore watershed,
Ethiopia, International Journal of River Basin Management, DOI:
10.1080/15715124.2014.917315

Asrat Ayele Alto (2019) Satellite based rainfall and evaporation for streamflow simulation
and water balance assessment in wabi watershed February 2019

Ayana, Melkamu & Mohammed, Ing. Abdella & Hatiye, Samuel & Workneh, Aschalew &
Worku, Fasil. (2019). Quality of hydro-meteorological data in remote stations: the case
of Weito river watershed, Ethiopia. Ethiopian Journal of Water Science and
Technology. 2. 1-23. 10.59122/13414B1.

Ayehu, G. T., Tadesse, T., Gessesse, B., and Dinku, T.: Validation of new satellite rainfall
products over the Upper Blue Nile Basin, Ethiopia, Atmos. Meas. Tech., 11, 1921
1936, https://doi.org/10.5194/amt-11-1921-2018, 2018.

Beighley, Edward & Eggert, K. & Dunne, Thomas & He, Y. & Gummadi, V. & Verdin, K..
(2009). Simulating hydrologic and hydraulic processes throughout Amazon River
Basin. Hydrological Processes. 23. 1221 - 1235. 10.1002/hyp.7252.

Beck, H. E., E. F. Wood, M. Pan, C. K. Fisher, D. G. Miralles, A. I. J. M. van Dijk, T. R.
McVicar, and R. F. Adler, 2019: MSWEP V2 Global 3-Hourly 0.1° Precipitation:
Methodology and Quantitative Assessment. Bull. Amer. Meteor. Soc., 100, 473-500,
https://doi.org/10.1175/BAMS-D-17-0138.1.

Beck, H. E., Vergopolan, N., Pan, M., Levizzani, V., van Dijk, A. I. J. M., Weedon, G.
P., Brocca, L., Pappenberger, F., Huffman, G. J., & Wood, E. F. (2017) Global-scale
evaluation of precipitation datasets using gauge observations and hydrological

AAIT Page 75



Estimation of daily streamflow using remote sensing data | 2024

modeling. Hydrology and Earth System
Sciences, 21(12), 6201— 6217. https://doi.org/10.5194/hess-21-6201-2017

Belayneh, A., Sintayehu, G., Gedam, K. et al. (2020). Evaluation of satellite precipitation
products using HEC-HMS model.Model.Earth Syst. Environ. 6, 2015-2032 (2020).

Besaw, L.E. and Rizzo, D.M., (2007). Stochastic Simulation and Spatial Estimation with 659
Multiple Data Types using Artificial Neural Networks Water Resources Research, 43,
W11409, doi:10.1029/2006WR0055.Chow, V. T., D. R. Maidment, and L. W. Mays.
1988. Applied Hydrology. New York: McGraw-Hill Book Company

Biruk T L (2021) Analysis of meteorological variability and tendency over Bilate basin
of Rift Valley Lakes basins in Ethiopiahttps://doi.org/10.1007/s12517-021-08962-8

Bjerklie DM ,Moller D, Smith LC, Dingman SL (2005) Estimating discharge in rivers using
remotely sensed hydraulic information. J Hydrol 309(1):191-209

Bruderer Enzler, H., Diekmann, A., & Meyer, R. (2014). Subjective discount rates in the
general population and their predictive power for energy saving behavior. Energy
Policy, 65, 524-540.

Caldera, H.P.G.M & Piyathisse, V. & Nandalal, K D W. (2016). A Comparison of Methods
of Estimating Missing Daily Rainfall Data. Engineer: Journal of the Institution of
Engineers, Sri Lanka. 49. 1. 10.4038/engineer.v49i4.7232.

Degefu, M.A., Bewket, W. Variability, trends, and teleconnections of stream flows with large-
scale climate signals in the Omo-Ghibe River Basin, Ethiopia. Environ Monit Assess
189, 142 (2017). https://doi.org/10.1007/s10661-017-5862-1

Demeke Amena. et al(2011).Comparison of Two Model Approaches in the Upper Blue Nile
River Basin, Ethiopia:http://etd.aau.edu.et/bitstream/handle/123456789/23560/

Demissie M.,Negash W. Vol.8, No.11,( 2016) Assessment of Climate Change Impact on
Flood frequency of Bilate River Basin, Ethiopia ISSN 2224-5790 ISSN 2225-0514

Demelash W. G.(2020) Bias-Corrected CHIRP Satellite Rainfall for Water Level Simulation,
Lake Ziway, Ethiopia DOI: 10.1061/(ASCE) HE.1943-5584.0001965.

Dinku, T. (2018) Validation of the CHIRPS Satellite Rainfall Estimates over Eastern Africa.
Quarterly Journal of the Royal Meteorological Society, 144, 292-312.

https://doi.org/10.1002/qj.3244

Donauer, T.; Haile, A. T.; Goshime, D. W.; Siegfried, T.; Ragettli, S. 2020. Gap and
opportunity analysis of hydrological monitoring in the Ziway-Shala Sub-basin,
Ethiopia. Colombo, Sri Lanka: International Water Management Institute (IWMI).
40p. (IWMI Working Paper 192). doi: https://doi.org/10.5337/2020.210

Driessen, T. L. A., Hurkmans, R. T. W. L., Terink, W., Hazenberg, P., Torfs, P. J. J. F., &
Uijlenhoet, R. (2009). The hydrological response of the Ourthe catchment to climate
change as modelled by the HBV model. (pp. 7143-7178). (Hydrology and Earth

AAIT Page 76


https://doi.org/10.5194/hess-21-6201-2017
https://doi.org/10.1002/qj.3244

Estimation of daily streamflow using remote sensing data | 2024

System Sciences Discussions; Vol. 6). European Geosciences Union.
https://doi.org/10.5194/hessd-6-7143-2009

Dr. Manjula. K.R, Dr. Jyothi. Singaraju & Prof. Anand Kumar Varma. Sybiyal.(2013) Data
Preprocessing in Multi-Temporal Remote Sensing Data for Deforestation Analysis
Online ISSN: 0975-4172 & Print ISSN: 0975-4350

Darand, Mohammad & Fathi, Hassan. (2021). Evaluation of high resolution global satellite
precipitation mapping during meteorological drought over Iran. Theoretical and
Applied Climatology. 145. 1-16. 10.1007/s00704-021-03708-8.

Das S, Sarkar R, Bora PK (2018) Comparative study of estimation of soil erodibility factor
for the lower Transact of Ranikhola watershed of east Sikkim. J Plant Develop Sci
10:317-322

Driessen, T. L. A., R. T. W. L. Hurkmans, W. Terink, P. Hazenberg, P. J. J. F. Torfs, and R.
Uijlenhoet (2010), The hydrological response of the Ourthe catchment to climate
change as modelled by the HBV model, Hydrology and Earth System Sciences, 14(4),
651-665.

Ekeu-weli, Iguniwari. (2018). Evaluation of Hydrological Data Collection Challenges and
Flood Estimation Uncertainties in Nigeria. Environment and Natural Resources
Research. 8. 44. 10.5539/enrr.v8n2p44.

Endalkachew A.,Asfaw.(2019)A Comparison of Hydrological Models

Engdaw, Kindie & Melesse, Assefa & legesse, dagnachew. (2022). Performance of satellite
precipitation estimate over ethiopia (a case study over wabi shebelle river basin).

Fang, G. H., Yang, J., Chen, Y. N., and Zammit, C.: Comparing bias correction methods in
downscaling meteorological variables for a hydrologic impact study in an arid area in
China, Hydrol. Earth Syst. Sci., 19, 2547-2559, https://doi.org/10.5194/hess-19-2547-
2015, 2015.

Farmer,W.H.,Archfield,S.A.,Over,T.M.,Hay,L.E.,LaFontaine,(2014)comparison of methods
to predict historical daily streamflow time series in the southeastern United
States,ScientificInvestigationsReport2014-5231, doi:10.3133/sir20145231, 2014.

Franchini, M. &Pacciani, M. (1991) Comparative analysis of several conceptual rainfall-
runoff models, Journa | of Hydrology, 122, pp. 161+ 219.

FondriestEnvironmental17Sept.(2015).streamflow-measurements
https://www.fondriest.com/

Funk, Chris & Peterson, Pete & Landsfeld, Martin & Pedreros, Diego & Verdin, James &
Shukla, Shraddhanand & Husak, Gregory & Rowland, J. & Harrison, Laura & Hoell,
Andrew & Michaelsen, Joel. (2015). The climate hazards infrared precipitation with
stations - A new environmental record for monitoring extremes. Scientific Data. 2.
150066. 10.1038/sdata.2015.66.

GRDC. River Discharge Data; GRDC: Koblenz, Germany, 2014; p. 56068.

AAIT Page 77



Estimation of daily streamflow using remote sensing data | 2024

Goshime, D.W.; Absi, R.; Ledésert, B. 2019. Evaluation and bias correction of CHIRP rainfall
estimate for rainfall-runoff simulation over Lake Ziway Watershed, Ethiopia.
Hydrology 6(3): 68. https://doi.org/10.3390/hydrology6030068

Gella, Getachew. (2018). Statistical evaluation of High Resolution satellite precipitation
products in arid and semi-arid parts of Ethiopia: a note for hydro-meteorological
applications. Water and Environment Journal. 33. 10.1111/wej.12380.

George H. Hargreaves(2003) History and Evaluation of Hargreaves Evapotranspiration
Equation DOI: 10.1061/(ASCE)0733-9437(2003)129:1(53)

Gorgin Paveh F, Ramezani Etedali H, Collins B (2022) Evaluation of CRU TS, GPCC,
AgMERRA, and AgCFSR meteorological datasets for estimating climate and crop
variables: A case study of maize in Qazvin Province, Iran. J Arid Land 14: 1361-1376.
https://doi.org/10.1007/s40333-022-0108-7 doi: 10.1007/s40333-022-0108-7

Gosset M, Alcoba M, Roca R,Cloché S, Urbani G. Evaluation of TAPEER daily estimates
and other GPM-era products against dense gauge networks in West Africa, analysing
ground referenceuncertainty.QJRMeteorolSoc2018;144(Suppl.1):255-269.
https://doi.org/10.1002/qj.3335

Habib, E., Haile, A. T., Sazib, N., Zhang, Y., & Rientjes, T. (2014). Effect of bias correction
of  satellite-rainfall ~ estimates on  runoff  simulations  Upper Blue
Nile. https://doi.org/10.3390/

Habte G L(2013) Remote sensing and regionalization for integrated water resources modeling
in upper and middle awash river basin, Ethiopia

Habtamu Daniel; Performance assessment of bias correction methods using observed and
regional climate model data in different watersheds, Ethiopia. Journal of Water and
Climate ~ Change 1 June  2023; 14 (6): 2007-2028. doi:
https://doi.org/10.2166/wcc.2023.115

Hannah, D. M., Demuth, S., van Lanen, H. A. J., Looser, U., Prudhomme, C., Rees, G., et al.
(2011). Large-scale river flow archives: Importance, current status and future needs.
Hydrological Processes, 25(7), 1191-1200. https://doi.org/10.1002/hyp.7794

Hersbach, H. et al. (2020). The ERA5 Global Reanalysis. Quarterly Journal of the Royal
Meteorological Society, 146, 1999-2049.https://doi.org/10.1002/qj.3803

Hijmans, R. J., Cameron, S. E., Parra, J. L(2005). Very high resolution interpolated climate
surfaces for global land areas. https://doi.org/10.1002/joc.1276

Hong, Y., Tang, G., Ma, Y., Huang, Q., Han, Z., Zeng, Z., ... & Guo, X. (2019). Remote
sensing precipitation: Sensors, retrievals, validations, and applications. Observation
and measurement of ecohydrological processes, 107-128.

Ibrahim, A.H., Molla, D.D. and Lohani, T.K. (2024), "Performance evaluation of satellite-
based rainfall estimates for hydrological modeling over Bilate river basin, Ethiopia”,

AAIT Page 78


https://doi.org/10.3390/hydrology6030068
https://doi.org/10.3390/rs6076688
https://doi.org/10.1002/hyp.7794
https://doi.org/10.1002/joc.1276

Estimation of daily streamflow using remote sensing data | 2024

World Journal of Engineering, Vol. 21 No. 1, pp. 1-15. https://doi.org/10.1108/WJE-
03-2022-0106

J.B. Stewart, J.W. Finch (1993)Application of remote sensing to forest hydrology

Jin-Gyeom Kim and Boosik Kang(2017) Estimating of Streamflow Using Multispectral
Satellite Imagery

Katiraie-Boroujerdy P-S, Rahnamay Naeini M, Akbari Asanjan A, Chavoshian A, Hsu K-,
Sorooshian S. Bias Correction of Satellite-Based Precipitation Estimations Using
Quantile Mapping Approach in Different Climate Regions of Iran. Remote Sensing.
2020; 12(13):2102. https://doi.org/10.3390/rs12132102

Kabite, Gizachew & Muleta, Misgana & Awoke, Berhan. (2021). Performance evaluation of
multiple satellite rainfall products for Dhidhessa River Basin (DRB), Ethiopia.
Atmospheric Measurement Techniques. 14. 2299-2316. 10.5194/amt-14-2299-2021.

Kehase Neway Gebretsadkan, Melsew Berihun Tamrie, Haile Belay Desta; Performance
evaluation of multi-satellite rainfall products in the Gidabo catchment, Rift Valley
Basin, Ethiopia. Journal of Water and Climate Change 1 November 2023; 14 (11):
3950-3966. doi: https://doi.org/10.2166/wcc.2023.097

Kebede, Endalkachew & Kassa, Asfaw. (2019). A Comparison of Hydrological Models Under
Climate Change on the Water Resources of Megech River Catchment, Abbay Basin,
Ethiopia. Journal of Natural Sciences Research. 9. 20-30.

Kidd, C. and Huffman, G.: Review Global precipitation measurement, Meteorological
Applications, 18, 334-353,https://doi.org/10.1002/met.284, 2011.

Kidd, C., A. Becker, G. J. Huffman, C. L. Muller, P. Joe, G. Skofronick-Jackson, and D. B.
Kirschbaum, 2017: So, How Much of the Earth’s Surface Is Covered by Rain Gauges?.
Bull. Amer. Meteor. Soc., 98, 69-78, https://doi.org/10.1175/BAMS-D-14-00283.1.

Konz, M. and Seibert, J., 2010, On the value of glacier mass balances for hydrological model
calibration, Journal of Hydrology, 385(1-4): 238-246

Kumar, B., & Lakshmi, V. (2018). Accessing the capability of TRMM 3B42 V7 to simulate
streamflow during extreme rain events: Case study for a Himalayan River
basin. Journal of Earth System
Science, 127(2), 1- 15. https://doi.org/10.1007/s12040-018-0928-1

Kummerow, C., and Coauthors, 2000: The Status of the Tropical Rainfall Measuring Mission
(TRMM) after Two Years in Orbit. J. Appl. Meteor. Climatol., 39, 1965-1982,
https://doi.org/10.1175/1520-

Legleiter, C.J.; Kinzel, P.J.; Nelson, J.M.(2017) Remote measurement of river discharge using
thermal particle image velocimetry (PIV) and various sources of bathymetric
information. J. Hydrol. 2017, 554, 490-506. [Google Scholar] [CrossRef]]

Lusajo, M., C.J. Salim and S. Kazumba, 2018.Estimation of missing river flow data for
hydrological analysis: The case of great Ruaha river catchment. Hydrol. Current Res.,
Vol. 9, No 2.10.4172/2157-7587.1000299

AAIT Page 79


https://agupubs.onlinelibrary.wiley.com/doi/10.1029/2020WR028205#wrcr24815-bib-0049
https://doi.org/10.3390/rs12132102
https://doi.org/10.1007/s12040-018-0928-1
https://scholar.google.com/scholar_lookup?title=Remote+measurement+of+river+discharge+using+thermal+particle+image+velocimetry+(PIV)+and+various+sources+of+bathymetric+information&author=Legleiter,+C.J.&author=Kinzel,+P.J.&author=Nelson,+J.M.&publication_year=2017&journal=J.+Hydrol.&volume=554&pages=490%E2%80%93506&doi=10.1016/j.jhydrol.2017.09.004
https://doi.org/10.1016/j.jhydrol.2017.09.004

Estimation of daily streamflow using remote sensing data | 2024

Maidment, Ross & Black, Emily & Greatrex, Helen & Young, Matthew. (2020). TAMSAT.
10.1007/978-3-030-24568-9_22.

Meyer, R., & Enzler, H. (2013). Geographische Informationssysteme (GIS) and
ihreAnwendung in den Sozialwissenschaften am Beispiel des Schweizer
Umweltsurveys.Methoden,Daten,Analysen,7(3),317-346.
https://doi.org/10.12758/mda.2013.016

Mfwango, Lusajo & Salim, Catherine & Kazumba, Shija. (2018). Estimation of Missing River
Flow Data for Hydrologic Analysis: The Case of Great Ruaha River Catchment.
Hydrology: Current Research. 09. 10.4172/2157-7587.1000299.

Moges, E., Y. Demissie, and H.-Y. Li (2016), Hierarchical mixture of experts and diagnostic
modeling approach to reduce hydrologic model structural uncertainty, Water Resour.
Res., 52, 2551-2570, doi:10.1002/ 2015WR018266.

M L Tan,ABLatif, C Pohll and Z Duan (2014)Streamflowmodelling by remote sensing: A
contribution to digital Earth DOI: 10.1088/1755-1315/18/1/012060

Moctar Dembélé, Fabio Oriani, Jacob Tumbulto, Grégoire Mariéthoz, Bettina Schaefli,Gap-
filling of daily streamflow time series using Direct Sampling in various hydroclimatic
settings,Journal  of  Hydrology,Volume569,2019,Pages573-586,ISSN00221694,
https://doi.org/10.1016/j.jhydrol.2018.11.076.

Muhammad, E., Muhammad, W., Ahmad, ., Muhammad Khan, N., & Chen, S. (2020).
Satellite precipitation product: Applicability and accuracy evaluation in diverse
region. Science China Technological Sciences, 63, 819-828.

Ngene, B., Agunwamba, J., Nwachukwu, B., & Okoro, B. (2015). The Challenges to Nigerian
Raingauge Network Improvement. Research Journal of Environmental and Earth
Sciences, 7(4), 68-74.
https://www.airitilibrary.com/Article/Detail?’DoclD=20410492-201511-
201602190048-201602190048-68-74

National Meteorology Agency(Http://www.ethiomet. gov.et)

Neway, Kehase & Tamrie, Melsew & Desta, Haile. (2023). Performance evaluation of multi-
satellite rainfall products in the Gidabo catchment, Rift VValley Basin, Ethiopia. Journal
of Water and Climate Change. 14. 10.2166/wcc.2023.097.)

Priyanka Sharma DeepeshMachiwal 2021,Advances in Stream flow Forecasting

Pekarova, P., and D. Halmova (2009), Snow Water Equivalent Measurement and Simulation
in Microbasins with Different Vegetation Cover, J HydrolHydromech, 57(2), 88-99.

Pradhan, R. K., and Y. Markonis, 2023: Performance Evaluation of GPM IMERG
Precipitation Products over the Tropical Oceans Using Buoys. J. Hydrometeor., 24,
1755-1770, https://doi.org/10.1175/JHM-D-22-0216.1.

Pechlivanidis, llias & Jackson, Bethanna & Mcintyre, Neil & Wheater, Howard. (2011).
Catchment scale hydrological modelling: A review of model types, calibration

AAIT Page 80


https://doi.org/10.1016/j.jhydrol.2018.11.076
https://doi.org/10.1175/JHM-D-22-0216.1

Estimation of daily streamflow using remote sensing data | 2024

approaches and uncertainty analysis methods in the context of recent developments in
technology and applications. GlobalNEST International Journal. 13. 193-214.

Rimba AB, Setiawati MD, Sambah AB, Miura F. Physical Flood Vulnerability Mapping
Applying Geospatial Techniques in Okazaki City, Aichi Prefecture, Japan. Urban
Science. 2017; 1(1):7. https://doi.org/10.3390/urbansci1010007

Seibert, J., 1997, Estimation of parameter uncertainty in the HBV model, Nordic Hydrology
28(4/5): 247-262

Seibert, J., 1999, Regionalisation of parameters for a conceptual rainfall-runoff model,
Agricultural and Forest Meteorology 98-99: 279-293

Seibert, J., 2000. Multi-criteria calibration of a conceptual rainfall-runoff model using a
genetic algorithm. Hydrology and Earth System Sciences, 4(2): 215-224

Seibert, J., Uhlenbrook, S., Leibundgut, Ch. and Halldin, S., 2000. Multiscale calibration and
validation of a conceptual rainfall-runoff model, Physics and Chemistry of the Earth
25(1): 59-64

Seibert, J., 2003. Reliability of model predictions outside calibration conditions, Nordic
Hydrology, 34: 477-492

Sendama, M.1. (2015) Assessment of meteorological remote sensing products for stream flow
modelling using HBV-light in Nyabarongo Basin, Rwanda

Seibert, J. and Beven, K., 2009. Gauging the ungauged basin: how many discharge
measurements are needed? Hydrol. Earth Syst. Sci., 13, 883-892

Seibert, J. and McDonnell, J.J., 2010. Land-cover impacts on streamflow: A change-detection
modeling approach that incorporates parameter uncertainty, Hydrological Sciences
Journal, 55(3), 316 - 332, doi: 10.1080/02626661003683264

Seibert, J., McDonnell, JJ. and R.D. Woodsmith, in press.2012 Effects of wildfire on
catchment runoff response: A modeling approach to change detection, Hydrology
Research

Sharma, Vasker & Adhikari, Kirtan. (2022). Reconstructing Missing Data in Hydro-
Meteorology using Machine Learning: A Case in Himalayan Kingdom of Bhutan. 11.
218-228.10.17577/1JERTV111S080113.

Shukla, S., D. McEvoy, M. Hobbins, G. Husak, J. Huntington, C. Funk, D. Macharia, and J.
Verdin, 2017: Examining the Value of Global Seasonal Reference Evapotranspiration
Forecasts to Support FEWS NET’s Food Insecurity Outlooks. J. Appl. Meteor.
Climatol., 56, 29412949, https://doi.org/10.1175/JAMC-D-17-0104.1.

Sivapalan, M., et al. (2003) IAHS Decade on Predictions in Ungauged Basins (PUB), 2003-
2012: Shaping an Exciting Future for the Hydrological Sciences. Hydrological
Sciences Journal, 48, 857-880.http://dx.doi.org/10.1623/hysj.48.6.857.51421

Singh V.P. and Woolhiser D.A., (2002), Mathematical modeling of watershed hydrology,
Journal of Hydrologic Engineering, 7(4), 270-292.

AAIT Page 81


http://dx.doi.org/10.1623/hysj.48.6.857.51421

Estimation of daily streamflow using remote sensing data | 2024

Stefan Thiemann,GerdFérch 2005 Water Resources Assessment in The Bilate River
Catchment

Stewart, J. B., &Finch, J. W.(1993). Application of remote-sensing to forest
hydrology. Journal of Hydrology, 150(2—4), 701- 716. https://doi.org/10.1016/0022-
1694(93)90132-s

Soo, Eugene Zhen Xiang & W.Z, Wan & Lai, Sai & Othman, Faridah & Elshafie, Ahmed &
Islam, Tanvir & Srivastava, Prashant & Hadi, Hazlina. (2020). Precision of raw and
bias-adjusted satellite precipitation estimations (TRMM, IMERG, CMORPH, and
PERSIANN) over extreme flood events: case study in Langat river basin, Malaysia.
Journal of Water and Climate Change. 11. 10.2166/wcc.2020.180.

Sundgvist, H., Seibert, J., Holmgren, K., 2007. Understanding conditions behind speleothem
formation in Korallgrottan, northwestern Sweden, Journal of Hydrology, 347: 13-22

Steele-Dunneg, S., P. Lynch, R. McGrath, T. Semmler, S. Y. Wang, J. Hanafin, and P. Nolan
(2008), The impacts of climate change on hydrology in Ireland, Journal of Hydrology,
356(1-2), 28-45.

Sun W, Ishidaira H, Bastola S, Yu J.(2015) Estimating daily time series of streamflow using
hydrological model calibrated based on satellite observations of river water surface
width: Res. 2015 May;139:36-45. doi: 10.1016/j.envres.2015.01.002. Epub 2015 Feb
11. PMID: 25680241.

Taye MT, Zimale FA, Woldesenbet TA, Kebede MG, Amare SD, Tegegne G, Mekonnen K,
Haile AT. Priority Research Topics to Improve Streamflow Data Availability in Data-
Scarce Countries: The Case for Ethiopia. Hydrology. 2023; 10(12):220.
https://doi.org/10.3390/hydrology10120220

T. L. A. Driessen, R. T. W. L. Hurkmans(2010) The hydrological response of the Ourthe
catchment to climate change as modelled by the HBV model

Tencaliec, Patricia & Favre, Anne-Catherine & Prieur, Clémentine & Mathevet, Thibault.
(2015). Reconstruction of missing daily streamflow data using dynamic regression
models. Water Resources Research. 51. n/a-nfa. 10.1002/2015WR017399.

Temesgen Gashaw, Abeyou W. Worglul, Haileyesus Lakew, Meron Teferi Taye, Abdulkarim
Seid, Amare Haileslassie,Evaluations of satellite/reanalysis rainfall and temperature
products in the Bale Eco-Region (Southern Ethiopia) to enhance the quality of input
data for hydro-climate studies,Remote Sensing Applications: Society and
Environment,Volume 31,2023,100994,ISSN 2352-
9385, https://doi.org/10.1016/j.rsase.2023.100994.

Thiemann, Stefan; Forch, Gerd (2005). "Water resources assessment in the Bilate River
catchment precipitation variability” via ResearchGate.

Uhlenbrook, S., J.Holocher, C.Leibundgut and J.Seibert, 1998, Using a conceptual rainfall-
runoff model on different scales by comparing a headwater with larger basins, in
Hydrology, Water Resources and Ecology in Headwaters, IAHS Publ. No. 248, 297-
305

AAIT Page 82


https://www.researchgate.net/scientific-contributions/Stefan-Thiemann-82152540
https://doi.org/10.1016/0022-1694(93)90132-s
https://doi.org/10.1016/0022-1694(93)90132-s
https://www.researchgate.net/publication/238681859_WATER_RESOURCES_ASSESSMENT_IN_THE_BILATE_RIVER_CATCHMENT_-_PRECIPITATION_VARIABILITY
https://www.researchgate.net/publication/238681859_WATER_RESOURCES_ASSESSMENT_IN_THE_BILATE_RIVER_CATCHMENT_-_PRECIPITATION_VARIABILITY
https://en.wikipedia.org/wiki/ResearchGate

Estimation of daily streamflow using remote sensing data | 2024

Uhlenbrook, S., Seibert, J., Leibundgut, Ch. and Rodhe, A., 1999, Prediction uncertainty of
conceptual rainfall-runoff models caused by problems to identify model parameters
and structure, Hydrolgical Sciences - Journal des Sciences Hydrologiques 44(5): 779-
798

Valizadeh, N., Mirzaei, M., Allawi, M.F.(2017). Artificial intelligence and geo-statistical
models for stream-flow forecasting in ungauged stations: state of the art. Nat Hazards
86, 1377-1392 (2017). https://doi.org/10.1007/s11069-017-2740-7

Vijay P. Singh, Huijuan Cui, Aaron R. Byrd,Derivation of rating curve by the Tsallis entropy,
Journal  of  Hydrology,Volume  513,2014,Pages  342-352,ISSN  0022-
1694, https://doi.org/10.1016/j.jhydrol.2014.03.061.

Wagener, T., and A. Montanari (2011),Convergence of approaches toward reducing
uncertainty in predictions in ungauged basins, doi:10.1029/2010WR009469.

William H. Farmer and Sara Levin Characterizing Uncertainty in Daily Streamflow
Estimates at Ungauged Locations February2018
https://www.researchgate.net/publication/321139752

World Bank, 2018. Assessment of the state of hydrological services in developing countries.
Washington DC: International Bank for Reconstruction and Development/The World
Bank

Yang N, Yu H, Lu Y, Zhang Y, Zheng Y. Evaluating the Applicability of PERSIANN-CDR
Products in Drought Monitoring: A Case Study of Long-Term Droughts over Huaihe
River Basin, China. Remote Sensing. 2022; 14(18):4460.
https://doi.org/10.3390/rs14184460

Zeweldi, D. A., and Gebremichael M. , 2009: Evaluation of CMORPH precipitation products
at fine space—time scales. J. Hydrometeor., 10, 300-307.

Zhang Y, Ye A, Nguyen P, Analui B, Sorooshian S, Hsu K. Error Characteristics and Scale
Dependence of Current Satellite Precipitation Estimates Products in Hydrological
Modeling. Remote Sensing. 2021; 13(16):3061. https://doi.org/10.3390/rs13163061

Zhang D, Liu X, Bai P, Li X-H. Suitability of Satellite-Based Precipitation Products for Water
Balance Simulations Using Multiple Observations in a Humid Catchment. Remote
Sensing. 2019; 11(2):151. https://doi.org/10.3390/rs11020151

AAIT Page 83


https://doi.org/10.1007/s11069-017-2740-7
https://www.researchgate.net/publication/321139752
https://doi.org/10.3390/rs11020151

Estimation of daily streamflow using remote sensing data

2024

List of Appendix

Appendix A: Averaged annual rainfall from satellite products and stations measurements
for the year average from 2001 to 2021

Stations Observed CHRIPS | IMERG | TRMM | ERA5S Elevation
Alaba 1015.89 1021.533 | 1166.087 | 794.077 | 1949.0971 | 1772
Bilate 817.96 1095.3 1151.37 | 992.96 961.417 1361
Bilate tena | 830.43 1155.89 | 1159.71 | 1000.174 | 944.46 1496
Hossana 1177.37 1272.27 | 1257.15 | 1036.98 | 2338.98 2306

Appendix Al: Averaged annual PET from in situ, uncorrected and bias corrected
ERAS5_AG estimates

Station Observed | ERAS ERAGS Corrected
Upper (Hossana) 1748 1496 1748
Midle (Alaba) 1823 1483 1823
Lower (Bilate tena) 1290 1346 1290

Appendix A2: Averaged averaged daily mean temperature from in situ, uncorrected and
bias corrected ERA5 _AG Temperature estimates

Stations Average Mean Daily Temperature (°c)
Observed ERA5 AG

Alaba 21 19

Bilate Tena 23 20

Hossana 17 16

Appendix A3: Vegetation cover and Elevation units map of Bilate River sub basin with
200m
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Appendix A4: Seasonal averaged rainfall Comparison of study area
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Appendix A5: Scattered plots for satellite precipitation products
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Appendix A6: Satellite precipitation products Number of Rainey days

Number of Number of
Stations Data sets Rain days No-Rain days Total days
Bilate Observed 4020 7670 11690
ERAS 8684 3006 11690
CHRIPS 2721 8969 11690
IMERG 4733 3154 7887
TRMM 3971 4082 8053
Bilate tena Observed 2782 7082 9864
ERAS 7357 2507 9864
CHRIPS 2258 7606 9864
IMERG 3691 2367 6058
TRMM 2651 3407 6058
Hossana Observed 4774 6916 11690
ERA 5 9458 2232 11690
CHRIPS 2554 9136 11690
IMERG 5200 2684 7884
TRMM 3093 4060 7153
Alaba Observed 4061 7629 11690
ERA 5 8468 3222 11690
CHRIPS 2493 9197 11690
IMERG 4485 3399 7884
TRMM 2823 4330 7153
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Appendix A7: Satellite image of the study area
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Appendix A8: Satellite image and satellite products source
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Appendix A9: HBV Light model simulation result
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For validation
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Date Qsim Qobs Precipitation Temperature AET PET Snow Showcover SM Recharge suz SLZ Qe
20016181 1.411 1.828 0.0 -0.1 4.38 4,39 a.e 0.08 1159.2 a.@ 8.9 58.8 0.00¢ @.ee0 1.411 1.411
208010182 1.777 1.788 8.8 -1.7 4.34 4.36 a.0 0.08 1154.9 8.9 g.8 57.1 8.008 ®©.888 1.777 1.777
20010183 1.724 1.878¢ @.8 -1.9 4.30 4.34 a.e 6.e8 1158.6 8.0 g.e 55.4 0.000 ©.e00 1.724 1.7
2ae1e1ed 1.672 1.828 0.0 -1.1 4,23 4,28 a.e g.08 1146.4 @.@ 8.8 53.7 0.00¢ ©.e00 1.672 1.672
20016185 1.622 1.828 0.0 -1.1 4,11 4,18 a.e 0.08 1142.2 a.@ 8.9 52.1 0.00e @.ee0 1.622 1.622
208010166 1.573 1.78¢ 8.8 -8.8 4.85 4.13 a.0 0.08 1138.2 8.9 g.8 58.5 0.008 ©.888 1.573 1.573
20010187 1.526 1.648 @.0 -0.6 4.04 4.13 a.e 6.e8 1134.2 @.@ g.e 49.8 0.000 ©.e00 1.526 1.526
20018183 1.438 1.78@ 0.0 -9.3 4.7 4,18 a.e g.08 1138.1 @.@ 8.8 47.5 0.00¢ ©.e00 1.480 1.480@
20816189 1.436 1.738 0.0 8.1 4.06 4,19 a.e g.08 1126.8 @.@ 8.8 46.1 0.00e ©.e00 1.436 1.436
28018118 1.392 1.73@ 8.8 -8.5 3.89 4.83 a.e 0.60 1122.1 8.9 g.8 44.7 0.008 ©.e88 1.392 1.392
28910111 1.3%58 1.738 @.9 -9.4 4.85 4.21 a.e 0.08 1118.1 @.@ Q.8 43.4 0.686 ©.000 1.359 1.35@
2081e112 1.463  1.648 13.7 8.3 4,11 4,27 a.e 0.08 1119.7 7.9 2.8 47.8 0.00e @.e15 1.447 1.463
20016113 1.552 1.688 4.3 -0.3 3.94 4,16 a.e g.08 1117.6 2.5 g.e 58.7 0.00¢ @.ee4 1.547 1.552
20018114 1.531 1.73@ 8.8 -8.4 3.90 4.87 a.0 B.60 1113.7 8.0 B.8 49.1 0.008 ©.880 1.531 1.531
208010115 1.485 1.5%¢ @.8 -8.2 3.93 4.12 a.0 g.0e 1189.8 8.9 Q.o 47.7 0.000 ©.e00 1.485 1.485
20018116 1.448 1.682 0.0 -9.2 3.95 4,15 a.e 0.08 1185.9 @.e 8.8 46.2 0.00¢ ©.e00 1.448 1.440
20016117 1.397 1.5%¢ @.0 -0.7 4,13 4.36 a.e g.08 1181.7 @.@ g.e 44,8 0.00¢ @.eee 1.397 1.397
20018118 1.355 1.68@ @.8 -8.8 4.14 4.39 a.0 B.60 1897.6 8.0 B.8 43.5 0.008 ©.888 1.355 1.355
208010119 1.314 1.048 @.89 -8.9 4.13 4.39 a.0 g.0e 1993.4 8.9 Q.o 42.2 0.000 ©.eee 1.314 1.314
20018128 1.274  1.5%@ 0.0 8.6 4,11 4,39 a.e 0.08 1889.3 0.e 8.8 48.9 0.00¢ @.ee0 1.274 1.274
20816121 1.277  1.648 3.1 8.1 4.08 4,37 a.e g.08 1e86.6 1.7 g.e 41.4 0.e0¢ e@.eee 1.277 1.277
20018122 1.258 1.5%@ @.8 8.7 3.79 4.87 a.0 B.60 1082.8 8.0 B.8 48.1 0.000 ©.880 1.250 1.250
208010123 1.212  1.51@ @.8 8.8 4.08 4.31 a.0 g.0e 1878.8 8.9 Q.o 38.9 0.000 ©.ee0 1.212 1.212
2ae1e124 1.285 1.51@ 2.2 1. 3.83 4.14 a.e 0.08 1e76.8 1.2 8.8 39.8 0.00¢ ©.e00 1.285 1.285
20818125 1.177  1.5%8 @.@ -9.1 3.89 4,22 a.e g.08 1672.1 a.@ g.e 37.8 g.ee¢ e@.eee 1.177 1.177
20016126 1.159 1.588 1.3 8.4 3.77 4.1@ a.e 0.08 1668.9 @.7 8.9 37.4 0.eee e@.eee 1.159 1.159
208010127 1.129 1.61@ 8.8 @8.4 3.79 4.14 a.0 0.08 1865.1 8.9 g.8 36.2 0.008 ©.888 1.129 1.129
20010128 1.895 1.548 @.8 8.0 4.3 4.41 a.e 6.e8 1861.1 @.@ g.e 35.2 0.000 ©.000 1.895 1.895
20018129 1.124  1.518 4.9 8.4 3.97 4.36 a.e g.08 1859.4 2.7 8.8 36.7 0.00¢ @.ee0 1.124 1.124
20816130 1.188 1.58@ 0.0 8.6 4.02 4.43 a.e g.08 1@55.4 @.e 8.8 35.6 0.00¢ ©@.eee 1.188 1.188
208018131 1.875 1.38¢ 8.8 8.8 4.04 4.46 a.e 0.60 1851.3 8.9 g.8 34.5 0.008 ©.888 1.875 1.875
20016281 1.842 1.928 @.9 -1.6 3.94 4.37 a.e 0.08 1847.4 8.8 Q.8 33.5 0.086 ©.000 1.842 1.842
20010282 1.e11 1.382 0.0 -9.5 4,11 4,58 a.e 0.08 1843.3 a.e 8.8 32.5 0.00¢ ©.ee0 1.11 1.e11
20816283 8.981 1.3 0.0 8.3 4.09 4.58 a.e g.08 1639.2 a.e 8.8 31.5 0.00¢ ©.e00 ©.981 9.981
20018204 @8.951 1.38¢ 8.8 8.3 4.01 4.51 a.e 0.60 1835.2 8.9 g.8 38.5 0.008 ©.888 ©8.951 8.951
HBV-Bilate SubCatchment 1

Mater Balance [njyear] - HeV-Bilate Sub[atchment_l (HRIPS

ater balance |mm/year|:
. / Nater Balance [mw/year):
Sum Qsim 4113.66682317771 T
Sum Qsin

Sum Qobs 4604, 221944237 ls

Sun Precipitation  1028.77389843166 Snlobs Al LT

Sum AET 351.077986532052 Sum Precipitation  1808.77389843166

Sum PET 1574, 26859225167 Sum AET 343, 18195750561

Contribution of Q8  0.266484802532725 Sum PET 1574, 26859225167

(ontribution of Q1 .259866323250866 Contribution of (0 0.278626963994361

(ontribution of Q2 0.47704387421641 Contrdbution of Q1 0.25804383176182

Coodness of fit: (ontriution of Q1 0.463509203043799

Coeff1c1erl1tlof determination  0.55323164€750898 Goodhess f fit:

Model efficiency ~~0.500466160775123 (efficirt of detrnivetion D SARLATHLLTY

Kling-Gupta efficiency 8.465864812787963 oy :

lodel efficlency 8500779097538

Kling-Gupta efficiency ('non-parametric’
Efficiency for log(Q) 8.393365419805449
Flow weighted efficiency
Mean difference 498.555121059288
Volume Error  8.893455370527195
MARE Measure  @.0208286160307086
Lindstrom Measure 0.489811637827842
Spearman Rank 8.748834993380273

)

8.694234991436507

0.453262669146715

KLing-Gupta efficiency 0.43115246%57516

Kling-Gupta efficiency (‘non-parametric')  0,6316L0744010507
Efficiency for log(Q) @.36746753613932
Flow ueighted efficiency  0.479L741604003¢

306. 141976894213
0.9291 0583972480

Mean difference
Volume Error
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Appendix A10: HBV Light model simulation result of the study area

Date Qsim Qobs CHRIP IMERG
(in situ) Qsim(Bias corrected) Qsim(Bias corrected)
20010101 1.2 1.8 15 15
20010102 1.8 1.8 1.7 1.7
20010103 1.7 1.9 1.7 1.7
20020204 2.4 0.9 3.3 6.0
20020205 2.4 0.9 3.1 5.9
20020206 2.3 1.0 3.0 5.6
20030307 4.7 1.3 6.9 7.0
20030308 4.6 1.3 6.9 7.0
20030309 4.6 1.3 6.8 6.9
20040409 12.3 5.4 12.8 12.4
20040410 15.1 55 13.6 13.1
20040411 17.2 5.8 16.6 13.7
20050513 29.5 219 29.2 31.0
20050514 28.7 17.4 28.3 304
20050515 28.0 19.6 27.7 30.0
20060616 13.8 15.0 16.4 15.8
20060617 13.1 14.8 15.7 155
20060618 14.1 14.6 14.9 155
20070719 145 329 12.7 16.2
20070720 14.8 317 131 15.6
20070721 14.6 23.2 12.6 15.5
20080822 19.9 328 22.0 18.7
20080823 20.0 38.3 21.2 18.4
20080824 20.7 29.9 20.1 17.7
20090925 16.1 24.6 12.9 14.1
20090926 15.5 17.2 14.1 14.1
20090927 15.4 16.4 13.7 13.9
20101028 8.6 12.1 10.3 8.2
20101029 85 11.9 10.3 8.1
20101030 8.4 11.7 9.9 8.1
20111201 7.4 12.4 9.4 8.6
20111202 7.3 9.7 9.1 8.5
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