386

© IWA Publishing 2011 Hydrology Research

|

42.5

|

2011

Estimation of ﬂow in ungauged catchments by coupling
a hydrological model and neural networks: case study
A. H. Saliha, S. B. Awulachew, J. Cullmann and Hans-B. Horlacher

ABSTRACT
The prediction of hydrological variables for ungauged basins is still a big challenge. Regionalization is
the most widely used method to date, which relates parameters of watershed models to catchment
characteristics. Relating catchment characteristics to watershed model parameters is too difﬁcult for
distributed hydrological models, due to the heterogeneous nature of catchments. A regional model
was proposed by coupling a Kohonen neural network (KNN) and distributed Water Balance
Simulation Model (WaSiM-ETH) to estimate ﬂow in ungauged basin. KNN was used to delineate a
hydrological homogeneous group based on predeﬁned physical characteristics of catchments and
WaSiM-ETH was applied to generate daily stream ﬂow. Twenty-six subcatchments of the Blue Nile
River basin, Ethiopia, were grouped into ﬁve hydrological homogenous groups, each with its own full
set of optimized WaSiM-ETH parameters. In the regional model, the KNN assigned the ungauged
catchment into one of the ﬁve hydrological homogenous groups. The whole set of optimized WaSiM
parameters from the homogeneous group (which the ungauged river belongs to) were transferred to
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the ungauged river and WaSiM-ETH was used to compute the ﬂow for this ungauged river. The
regional model generally overestimated the low ﬂow. In general, the results for validation
subcatchments showed the regional model is satisfactory in transferring information from data-rich
to data-poor catchments.
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INTRODUCTION
In seeking to address the challenges of water resources and

the need for hydrological information for Africa is increas-

environmental degradation issues across a basin, a major

ing, technical and human capacities are declining as the

difﬁculty is encountered with those basins for which little

reduction in the number of meteorological stations in

or no hydrometric data are available. These basins are pre-

Africa during the last 30 years conﬁrms (Bonifacio &

dominantly in developing country regions, where climatic

Grimes ; Oyebande ).

variability and basin development activities are undertaken

As watershed models become increasingly sophisti-

with limited data. This frequently leads to the depletion of

cated, there is a need to extend their applicability to

water resources, ecosystem degradation and poor quality

ungauged catchments. Transfer of hydrologic characteristics

of life (IAHS ).

of watersheds from data-rich or ‘donor’ catchments to data-

Most rivers in Africa are either ungauged or have limited

poor environments is one of the most fundamental chal-

hydro-meteorological data due to poorly developed hydro-

lenges in the ﬁeld of hydrology. Sivapalan () argues

metric networks and lack of human and ﬁnancial

that the new IAHS decadal initiative on ‘Predictions in

resources to develop and maintain such networks. While

Ungauged Basins’ (PUB) (see Hubert et al. ) represents

doi: 10.2166/nh.2011.157
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a grand challenge for the ﬁeld of hydrology that forces us to

methods such as in the study by Yu & Yang () where

deal with questions that are ‘deep, grand and practical’.

cluster analysis and principal component analyses were

Sivapalan () further argues that ‘PUB, sans calibration,

employed

remains a difﬁcult, unsolved problem, demanding urgent

homogeneous regions. Next, drainage area was used to

resolution and requiring signiﬁcant new breakthroughs in

develop a regional ﬂow duration curve model, which was

data collection, process knowledge and understanding’.

in turn used to calibrate the watershed model at an

to

break

the

region

into

hydrological

In the past decade, there has been a signiﬁcant increase

ungauged site. Such a hybrid approach can beneﬁt

in research relating to the regional calibration of watershed

from advances relating to the deﬁnition of hydrological

models to enable their use at ungauged sites. Bloschl &

homogeneous regions.

Sivapalan (), Abdulla & Lettenmaier (), Sefton &

Shu & Burn () suggested that geographically close

Howarth (), Xu & Singh (), Post & Jakeman

catchments are not necessarily homogeneous in terms of

(), Seibert (), Xu (), Fernandez et al. ()

hydrological response. There are methods like L-moments

and Kokkonen et al. () provide reviews of the use of

technique, Ward’s cluster and K-means, which are rec-

regional hydrologic methods for estimating watershed

ommended by different researchers, to identify hydrological

model parameters at ungauged sites.

homogeneous groups. More recently, modern informatics’

Although each previous study attempted to regionalize

tools, such as the fuzzy C-means method and artiﬁcial

different watershed models, most studies to date (with the

neural networks (ANNs), have been applied to form groups

exception of Fernandez et al. ) follow the same general

and to allocate ungauged catchments to an appropriate sub-

approaches. As stated in Fernandez et al. (), a water-

region using site characteristics (Hall & Minns ; Hall

shed model is ﬁrst calibrated to whatever climate and

et al. ). These techniques may identify subregions

stream ﬂow data are available for the region of interest.

that are not necessarily geographically contiguous. Zhang &

This step is followed by the application of a regional hydro-

Hall () compared four methods to delineate hom-

logic method, which attempts to relate the optimized

ogenous regions based on catchment characteristics. They

watershed model parameters to watershed characteristics.

have applied a geographical approach (residual methods),

Even when one attempts to regionalize a very reasonable

Ward’s cluster method, the fuzzy C-means method and a

and parsimonious watershed model, results are still mixed

Kohonen neural network (KNN) to 86 sites in the Gan

(Post & Jakeman ). Schaake et al. () further demon-

River Basin in China. They have found similar groupings of

strated that a very large number of watersheds are necessary

sites into subregions for all except the geographical approach

to obtain a meaningful relationship between watershed

(residual methods). However, of the three techniques, only

model parameters and watershed characteristics. It is also

the KNN method provides the number of groups as well as

too difﬁcult, if not impossible, to ﬁnd these relationships

deﬁning their membership and is therefore to be preferred.

for distributed type of watershed models. Nevertheless,

Other methods follow a trial and error procedure to obtain

there is a need for distributed watershed models to take

the number of hydrological homogeneous groups.

care of the spatial variability of climate, land use, soil and

Despite the difﬁculty encountered due to limited or no
hydrological data, planning and design of water resources

topographic features.
Vogel () pointed out two promising approaches for

projects must be undertaken for ungauged basins. In this

regionalization. The ﬁrst promising approach in data-

paper, a regional model was proposed by combining a self-

sparse environments is to assign a priori values to the water-

organising map (SOM) with a water-balance simulation

generalized

model (WaSiM-ETH) to estimate ﬂow in ungauged catch-

homogeneity classiﬁcation of watersheds based on land

ments of the Blue Nile (Abay) River basin in Ethiopia. In

use, soil types, climate conditions and runoff ratios. The

the proposed regional model, SOM/KNN was used to identify

idea is to cluster or group watersheds into ‘hydrological

hydrological homogeneous groups based on pre-deﬁned phys-

homogeneous’ regions. Another promising approach to

ical characteristic of the catchments and WaSiM-ETH was

hydrologic regionalization involves the use of hybrid

used to compute daily stream ﬂow.

shed

model

parameters

using
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WaSiM-ETH model parameters using an automatic model
parameter estimation method (PEST), and validation catch-

Figure 1 presents the general framework of the proposed meth-

ments (Vali) to validate the regional model (see the lower

odology. In the regional model, the selected watershed model

part of Figure 1). If two or more members are involved for-

(WaSiM-ETH) and self-organizing map (NeuroShell2) were

WaSiM-ETH model calibration, the selected members

coupled to estimate ﬂow in ungauged catchments. SOM in

are calibrated simultaneously to generate a single set of

the NeuroShell2 was trained for selected physical catchment

WaSiM-ETH model parameters for a particular group.

characteristics of rivers in the case study area. The selected

That means each hydrological homogeneous group has its

physical catchment characteristics, which can be derived

own full set of optimized (after calibration and validation

from a digital elevation model (DEM), land use map and soil

of the regional model) WaSiM-ETH model parameters

map, should also be available for ungauged catchments.

(OWPs) which are stored in the database component of

These characteristics are presented to NeuroShell2 in the

the regional model and can be retrieved for an ungauged

input layer and then propagated to the output layer. The

catchment.

neuron in the output layer is evaluated. The network weights

The trained SOM is run again for a new set of physical

are adjusted during training. This process is repeated for all pat-

catchment characteristics of the ungauged catchments in the

terns for a number of epochs chosen (see SOM training part of

input layer (see the red broken line in Figure 1 above). The

Figure 1). One output neuron is the winner. This winner neuron

trained SOM assigns the ungauged catchments into one of

– in our case catchments similar to each other with respect to

the hydrological homogeneous groups formed previously,

the selected physical catchment characteristics – has a value

based on the similarity of the physical characteristics of

of 1 and all others 0, or the actual values can be extracted in

the ungauged to a particular group. The regional model

the output layer. After the completion of SOM training, the

transfers the whole set of optimized WaSiM-ETH model

number of groups (say group 1, group 2, etc.) and member of

parameters from the homogeneous group (which the

catchments in each group can be extracted from the output

ungauged catchment belongs to) to the ungauged river and

ﬁle. How well a Kohonen network classiﬁes data is dependent

WaSiM-ETH eventually generates daily ﬂow for this

upon how well we set the parameters such as number of

ungauged catchment. A small program in visual basic Micro-

epochs, neighbourhood size, initial weight and learning rate.

soft access environment was written to facilitate the above

Catchments in each hydrological homogeneous group
were split into calibration catchments (Cali), to calibrate

procedure (see Appendix, available online at http://www.
iwaponline.com/nh/042/0157.pdf).
WaSiM-ETH
WaSiM-ETH (Schulla ) is a Water-balance Simulation
Model, which has both physically based and conceptual
model components. It is a distributed hydrological model
that performs calculations per grid cell and per sub-basin.
The spatial resolution of the grid cell can range from
metres to kilometres with the highest resolution in time
for modelling the hydrological process being 1 min. Because
of the physical basis of many WaSiM-ETH components, the
model can generally be applied to various basins in a wide
range of environmental conditions all over the world
(Schulla & Jasper ).
WaSiM-ETH uses physically based algorithms for the

Figure 1

|

General framework of the proposed regional model.
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Potential evapotranspiration

saturation time, solution of the one-dimensional (1D)
Richards equation for the description of the soil water

There are three possibilities in WaSiM-ETH to compute

ﬂuxes in the unsaturated zone or the topographic model

potential evapotranspiration: Penman–Monteith method
;

Brutsaert

),

(TOPMODEL) approach. WaSiM-ETH has interpolation

(Monteith

facilities for meteorological data. Depending on the avail-

(Wendling ) and Hamon method (in Federer & Lash

Wendling

method

ability of meteorological information, WaSiM-ETH uses

). In the Penman–Monteith method, many meteorologi-

different methods to compute potential evapotranspiration.

cal variables such as temperature, relative humidity,

Actual evapotranspiration is obtained by the respective

sunshine hour duration and wind speed are involved and

reduction of potential evapotranspiration according to the

this method is chosen if all variables are available for the

actual soil moisture content. WaSiM-ETH routs the channel

study area. In the study area considered in this paper,

ﬂow by means of a translation module with simple storage

where only temperature data are available as a long-time

built in to account for diffusion. Groundwater dynamics is

series, in the Hamon method was chosen. The default

portrayed by a 2D module or with an optional lumped con-

empirical constants in the Hamon method, valid for north-

ceptual approach. WaSiM-ETH is subdivided into several

ern Switzerland and cited in Schulla & Jasper (), were

submodels as depicted in Figure 2. The TOPMODEL

modiﬁed accordingly to ﬁt the case study area. For details

approach for unsaturated ﬂow and the lumped conceptual

refer to Habte et al. ().

groundwater approach for saturated ﬂow were selected for
the case study area due to lack of reliable information on

Interception

soil and aquifer, respectively.
For most of the submodels, WaSiM-ETH offers several

Interception storage is deﬁned as the storage of precipitation

alternative methods which depend on the availability of

on vegetation and on the soil surface. A simple bucket

the input data to compute the same variable. A complete

approach is used with a capacity depending on the leaf

model description is given in Schulla & Jasper ().

area index, the vegetation coverage and maximum height

Unless otherwise stated, the following methods (which are

of the water at the leaves.

used in this paper) are based on work by Schulla & Jasper
().

Inﬁltration
WaSiM-ETH uses the inﬁltration approach described in
Green & Ampt () and estimation of saturation time of
Peschke (). The time of saturation and then the accumulated inﬁltration are calculated until the end of the time-step.
If the soil surface is saturated at the end of the time-step, in
the next time-step only the accumulated inﬁltration will be
calculated provided that the constant precipitation intensity
is sufﬁciently high. The exceeding amount is surface runoff.
Soil model TOPMODEL approach
As noted in Schulla & Jasper (), the modelling of the
soil water-balance and of runoff generation is carried out
using a modiﬁed variable saturated area approach (Beven &
Kirkby ) extended by capillary rise and interﬂow. The

Figure 2

|

Adopted WaSiM-ETH model structure (modiﬁed from Schulla & Jasper 2000).
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opposed to the modelling of classes of similar indices, as in

where qv is vertical ﬂow rate (mm), Si is local saturation

the original TOPMODEL. The base for the model is the

deﬁcit (mm), Kcorr is a scaling factor for considering unsatu-

spatial distribution of the topographic index Cs. Using this

rated soils and preferred ﬂow paths (dimensionless), m is a

index, the potential extent of saturation areas can be esti-

recession model parameter (mm) and kf is saturated hydrau-

mated depending on the mean saturation deﬁcit within the

lic conductivity (mm/h).
The base ﬂow is calculated for each sub-basin as a

basin:

whole:
at
Cs ¼ ln
T0 tan β t

ð1Þ

where Cs is topographic index (dimensionless), βt is slope
angle (m/m), Ks is saturated hydraulic conductivity (mm/h),

QB ¼ expðγ þ ln Tcorr Þ expðSm =mÞ
¼ Tcorr eγ eSm =m

ð4Þ

at is speciﬁc catchment area per unit length of a grid cell

where QB is base ﬂow (mm/time-step), γ is mean topo-

(this is the area draining through 1 m of the edge of a grid

graphic index (dimensionless), m is recession model

cell in m2/m) and T0 (m2/s) is saturated local hydraulic

parameter (mm), Sm is mean saturation deﬁcit for a (sub-)

transmissivity (T0 ¼ ∫ Ks dh).
Surface runoff is created for each grid cell as the sum of
inﬁltration excess along the topographic gradient towards
the river. Surface runoff is routed to the sub-basin outlet
by subdividing the basin into ﬂow time zones. Flow time
zones are zones of equal ﬂow times for surface runoff to
reach the sub-basin outlet. Retention is approached by
applying a single linear storage to the surface runoff in the

basin (mm), and Tcorr is transmissivities scaling factor
(dimensionless).
The summation of surface runoff for actual time-step,
which is the content of the lowest time zone, base ﬂow
and interﬂow, yields the total runoff.
The TOPMODEL soil model, which contains the most
sensitive parameters (Schulla & Jasper ), is controlled
by nine parameters (recession parameter for base ﬂow m,

last ﬂow time zone, with storage constant kD:

correction factor for the transmissivity of the soil Tcorr, cor-

^ D ½1  expðΔt=kD Þ
QDi ¼ QDi1 expðΔt=kD Þ þ Q

recession constant for surface runoff kD, maximum storage

rection factor for vertical percolation Kcorr, single reservoir
ð2Þ

where QDi is transformed surface runoff in time-step i (mm),
Δt is time-step (h), QDi1 is transformed surface runoff in
^ D is surface runoff in the time-step i
time-step i  1 (mm), Q
within the lowest ﬂow time zone (mm) and kD is single
linear recession constant for surface runoff (h).
Interﬂow is calculated in deﬁned soil layers depending
on suction, drainable water content, hydraulic conductivity

capacity of the interﬂow storage SHmax, single reservoir
recession constant for interﬂow kH, precipitation intensity
threshold for generating preferential ﬂow into the saturated
zone Pgren, scaling of the capillary rise/reﬁlling of soil storage from interﬂow rk and fraction of snowmelt which is
surface runoff cmelt) and two initial conditions. The two
initial conditions are the content of the interﬂow storage
and the initial saturation deﬁcit.

and gradient for each grid cell separately, and then averaged
over space. The TOPMODEL approach considers interﬂow

Kohonen neural network (KNN)

using a conceptual approach. As for surface runoff, the interﬂow storage is ﬁlled dependent on the local saturation

A hydrological homogeneous group can be deﬁned as an

deﬁcit. To consider retention of the interﬂow, a single

open system consisting of basins that have a high degree

linear storage is treated similarly as surface runoff with

of similarity from the point of view of hydrological charac-

recession constant kH instead of kD in Equation (2).

teristics and/or catchment characteristics. KNN also

The vertical ﬂow rate (percolation) can be computed as:

known as the SOM, which was introduced by Teuvo Kohonen in 1982 and is a realistic, although very simpliﬁed,

qv ¼ Kcorr kf expðSi =mÞ
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non-linear mapping technique, which has the ability to learn

presented to the net. Every node is examined to calculate

without being shown correct outputs in sample patterns.

which node’s weights are most like the input vector. The win-

This means that the Kohonen network is presented with

ning node is commonly known as the best-matching unit

data but the correct output that corresponds to those data

(BMU). The radius of the neighbourhood of the BMU is calcu-

is not speciﬁed, unlike many other types of network. It is

lated. Any nodes found within this radius are deemed to be

more efﬁcient with pattern association and it serves as a

inside the BMU’s neighbourhood (see Figure 3(b)). Each

clustering tool of high-dimensional data and for visualizing

neighbourhood node’s weights are then adjusted to make

purposes. These networks are able to separate data into a

them more like the input vector. The closer a node is to the

speciﬁed number of categories.

BMU, the more its weights are altered. This whole process is

SOM has been applied by many authors, including

then repeated a large number of times.

Foody () and López-Rubio et al. () for pattern recognition or classiﬁcation. Cai et al. () use standard SOM
for classifying ﬂow conditions in the unsaturated zone.
Their experiments resulted in a good correspondence
between the SOM classiﬁcations and visual observations.
The identiﬁcation of catchments may be regarded as an
example of the wider problem of classiﬁcation of data sets.
Hall & Minns () indicated the feasibility of employing

Steps in SOM training
Generally, the SOM is trained iteratively. Each iteration k
involves an unsupervised training step using a new sample
~ i as follows:
vector ~
xSOM and the weight vectors m

•

Initializing the weight vectors: Prior to training, each

regions. Zhang & Hall () have successfully applied

node’s weights must be initialized. Typically these initial
~ i will be set to small standardized
weight vectors m

SOM to delineate homogenous regions based on catchment

random values.

a KNN for the classiﬁcation of hydrological homogeneous

characteristics.

•

The architectural structure of KNNs is shown in

Search for the BMU: At each iteration k, one single
sample vector ~
xSOM ðkÞ is randomly chosen from the

Figure 3(a). It consists of components called input nodes

input data set and its distance εi to the weight vectors

or neurons and map nodes. Associated with each input

of the SOM is calculated as:

node is a weight vector of the same dimension as the
input data vectors that connect to each map node and a

~ ik ¼
εi ¼ k~
xSOM ðkÞ  m

speciﬁc topological position in the map space. None of the

n
þm
X

j

j

ðxSOM ðkÞ  mi Þ2 :

ð5Þ

j¼1

map nodes connect to each other. The weights of the neurons are initialized either to small random values or sampled
evenly from the subspace spanned by the two largest principal component eigenvectors.
Training of SOM occurs over several steps and many iterations. The weights of each node are ﬁrst initialized and then a
vector is chosen at random from the set of training data and

~ i is closest to the
The neuron whose weight vector m
input vector ~
xSOM ðkÞ is the ‘winner’, i.e., the BMU at c
~ c ðkÞ,
(see Figure 3(b)) represented by the weight vector m
which is the smallest of the Euclidean distance.

•

Determining the BMU’s local neighbourhood: After the
BMU has been determined, the next step is to calculate
which of the other nodes are within the BMU’s neighbourhood. All these nodes will have their weight
vectors altered/updated in the next step. A unique feature
of the Kohonen learning algorithm is that the area of the
neighbourhood reduces over time. This can be accomplished by making the radius of the neighbourhood

Figure 3

|

(a) Structure and basic principle of rectangular topology of SOM and (b)
neighbourhood radius of the BMU.
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The cooperation between neighbouring neurons – a
unique feature of the SOM algorithm – ensures a fast conver-

().

gence and a high accuracy in approximating functional
k=kmax

σðkÞ ¼ σð0Þe

ð6Þ

relationships. Even though the exponential decays described
in Equations (7) and (8) for the neighbourhood radius σ(k)

•

Adjusting the weights: If a node is found to be within the
neighbourhood then the weight vector of this node and
the BMU are updated. The rule for updating the weight
vector of unit i is given by:
~ i ðk þ 1Þ ¼ m
~ i ðkÞ þ αs ðkÞhci ðkÞ½~
~ i ðkÞ
m
xSOM ðkÞ  m

and the learning rate αs(k) are purely heuristic solutions,
they are adequate for a robust formation of the self-organizing map (Kohonen ).
NeuroShell2, which use the KNN module to process a
data ﬁle through a trained neural network to produce the

ð7Þ

network’s classiﬁcations for each pattern in the ﬁle, was
selected to cluster hydrological homogeneous groups in
the case study area. The SOM network used in NeuroShell2

where k denotes the iteration step of a training procedure,

is a type of unsupervised network, which has the ability to

αs(k) is the learning rate at step k and hci(k) is the so-

learn without being shown correct outputs in sample pat-

called neighbourhood function which is valid for the

terns. These networks are able to separate data into a

actual BMU at c; it is a non-increasing function of k and

speciﬁed number of categories.

of the distance dci of unit i from the BMU at c. The Gaussian
function is widely used to describe this relationship:

CASE STUDY: BLUE NILE (ABAY) RIVER BASIN
d2ci =2σ 2 ðkÞ

hci ðkÞ ¼ e

ð8Þ
The area of the Abay basin is about 200,000 km2 and the

where σ is the neighbourhood radius at iteration k and
dci ¼ k~
rc  ~
ri k is the distance between map units c and i on

total perimeter is 2,440 km. The basin is located in the

the map grid. The neighbourhood radius σ corresponds to

approximately between latitude 7 450 N and 12 460 N and

the neighbourhood relationship Ni.

longitude 34 060 E and 40 000 E, is generally rectangular in

centre and west of Ethiopia, as shown in Figure 4. It lies
W

W

W

W

The learning rate αs(k) should also vary with the increas-

shape and extends about 400 km from north to south and

ing number of training steps as indicated in Equation (6).

about 550 km from east to west. It accounts for almost

Kohonen () suggested starting at an initial value αs(0)

17.1% of Ethiopia’s land area and about 50% of its total

with a value close to 1 and then to decrease gradually

average annual runoff (BCEOM et al. ). The Abay

with an increasing number of training steps k.

River rises in the centre of the catchments and develops

Figure 4

|

Location of the hydro-meteorological stations in the study area.
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its course in a clockwise spiral in a deep gorge, collecting

Water Resources for this study. Additional daily runoff

tributaries along its 922 km length from Lake Tana to the

data for some gauging stations in Anger and Dedessa sub-

Sudan border. The elevation of the basin ranges from

basins (1986–1993) and Lake Tana sub-basin (1986–2005)

490 m a.s.l. at the Sudan border to 4,230 m a.s.l. at the

were collected from the same Ministry. About nine gauging

summit of mountain Guna. Annual rainfall varies between

stations in the Dabus subcatchment, which has different sur-

about 800 and 2,220 mm, with a mean of about 1,420 mm.

face water hydrology from the rest of the rivers in the Blue

High rainfall is found in the southern part of the

Nile river basin, were excluded from this regionalization

basin where it persists over a relatively long period (April–

technique. After checking their homogeneity and the con-

October). A second area of relatively high rainfall lies on

sistency of the runoff data series, only runoff time series

the centre of the basin and has a shorter, more pronounced

from 26 gauging stations were of relatively good quality

wet season. In the east, rainfall is relatively low but follows a

and were selected for regionalization. Daily precipitation,

bimodal pattern with peaks in April/May and July/Septem-

daily maximum and daily minimum temperatures from 33

ber. Rainfall generally declines towards the northwest over

meteorological stations were collected for the same period

the eroded hills and plains. The mean temperature of the

from Ethiopian National Meteorological Service Agency.

W

basin is 18.5 C, with mean minimum and maximum daily

To check the performance of the model to generate daily

temperature of 11.4 and 25.5 C, respectively. Average

stream ﬂow for gauged rivers in the case study area, WaSiM-

annual potential evapotranspiration is estimated to be

ETH was applied at a spatial resolution of 90 × 90 m2. The

1,310 mm (BCEOM et al. ).

hydro-meteorological data, land use and soil data were pre-

W

pared as per the format of the WaSiM-ETH through Arc-GIS
Rainfall–runoff model simulation

and Tanalys. The snow accumulation component was disabled, as there is no snow in the study area.

Almost all operational gauging stations of tributaries of the

With the exception of cmelt (fraction of snowmelt model

Abay river basin (see Figure 4) are located along the main

parameter), which is not valid for the case study area, the

road from Addis Ababa, capital city of Ethiopia, to different

remaining eight model parameters of the soil model of TOP-

routes of cities of Bahir Dar, Gondor, Jimma and Assosa and

MODEL-approach were calibrated intensively by coupling

are located upstream of the main rivers, which capture a

WaSiM-ETH to the automatic parameter estimation pack-

small portion of the sub-basin ﬂow. From an accessibility

age PEST. PEST is a non-linear model-independent

point of view, their locations are best. From the hydrological

parameter estimation tool that uses two approaches. The

point of view, however, some of the gauging stations are

standard method uses the Gauss–Marquardt–Levenberg

located on unstable section of the river. For some gauging

(GML) algorithm. This method is fast and stable as it

stations, the carrying capacities of the channel are limited

switches between the steepest gradient. The drawback of

to hold above-average ﬂows. Such phenomena such as depo-

this method is that it might become ‘stuck’ in local

sition of debris and siltation on the vertical staff gauge and

minima, depending on the surface of the error and the

inadequacy of tandem vertical staff gauge to measure low

start values for the optimization run. The second approach

ﬂows were observed during ﬁeld visits to gauging stations

available in PEST is the global Shufﬂed Complex Evol-

in the Lake Tana sub-basin. The quality of measured hydro-

ution-University of Arizona (SCE-UA) search algorithm

metric data from such gauging stations is questionable.

(Duan et al. ). This algorithm is capable of ﬁnding the

Detailed assessments and recommendations of the gauging

global minimum of the objective function. However, it

stations in the Blue Nile river basin can be found in

requires substantially more effort in terms of computer pro-

BCEOM et al. ().

cessing unit (CPU) time. The second approach was

There are more than 100 gauging stations in the Blue
Nile river basin that have daily runoff records. However, 7

embedded in WaSiM-ETH for the case study area considered in this study.

years (1993–1999) of daily runoff records from 40 gauging

The calibration of the model was assessed by comparing

stations can be collected from the Ethiopian Ministry of

measured and model output discharge at the selected
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Identiﬁcation of hydrological homogeneous groups

Nash–Sutcliffe (N–S) efﬁciency criteria (Nash & Sutcliffe
) given by:

Physical catchment characteristics which are also available
for ungauged catchments, such as catchment area (km2),

P

2

NS ¼ 1  Pi

ðQsim;i  Qobs;i Þ
 Þ2
ðQobs;i  Q

i

ð9Þ

obs

dominant land use (%), dominant soil type (%), slope (%),
longest distance from the most upstream to the outlet of
river (km), weighted average topographic index, weighted

where Qsim,i is the simulated discharge at time-step i, Qobs,i is

the observed discharge at time-step i and Q
is the mean

average elevation (m) and shape of the catchment were

observed discharge.

Figure A1 for description). This information was extracted

obs

The model performance was compared with the soil

selected to identify hydrological homogeneous groups (see
from a 90 m × 90 m grid DEM using ARC-GIS.

water assessment tool SWAT2005 and the HBV (Hydrolo-

The physical characteristics of the selected catchments

giska Byråns Vattenbalansavdelning) model. Shimelis et al.

were imported to NeuroShell2. Sixteen neurons that include

() have applied the SWAT2005 hydrological model

catchment area (km2), slope (%), longest distance from the

for prediction of stream ﬂow in the Lake Tana sub-basin.

most upstream point to outlet of the catchment (km), dimen-

The model was calibrated and validated using Sequential

sionless weighted topographic index, weighted average

Likelihood

elevation (m), dimensionless shape of the catchment, ﬁve

Uncertainty Estimation (GLUE) and Parameter Solution

dominant soil types (%) and ﬁve dominant land uses (%)

(ParaSol) algorithms. Wale et al. () have used the

were presented in the input layer of the KNN. The number

HBV to map a relationship between rainfall and runoff

of neurons (number of similar groups or clusters) in the

Uncertainty

Fitting

(SUFI-2),

Generalized

and to regionalize the HBV model parameters to the
Lake Tana sub-basin. Table 1 presents the performance of
WaSiM-ETH, SWAT2005 and HBV model for the same
case study area.
Although it is difﬁcult to conclude that WaSiM-ETH
performed better than the other two models due to the
differences in calibration and validation periods, it is evident
from Table 1 and Figure 5 that WaSiM-ETH performed well
in both calibration and validation periods. Figure 5 depicts
time series of observed and simulated (WaSiM-ETH
model) daily ﬂow at Gilgel Abay River gauging station
during calibration and validation periods. Results of the performance of WaSiM-ETH for other rivers in the case study

Figure 5

|

area can be found in Habte et al. ().

Table 1

|

Gilgel Abay observed and simulated daily discharge for calibration and validation period.

Performance of the WaSiM-ETH, the HBV and the SWAT2005 hydrological models for two rivers in the Lake Tana sub-basin (cal: calibration; val: validation)

Gilgel Abay

Gumera
R2

N–S
Models

Cal

Val

WaSiM-ETH

0.79

0.78

0.80

0.78

0.73

0.70

0.72

0.71

HBV

0.85

0.77

–

–

0.72

0.80

–

–

SWAT2005 using ParaSol

0.73

0.71

0.80

0.78

0.61

0.61

0.71

0.70
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R2

N–S
Val

Cal

Val

Cal

Val
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rectangular topology of the output layer was ﬁrst taken as 14

Donder, Ardy, Andassa, Buno Bedele, Belo and Guder

(and is decided by the program as it progresses).

rivers were grouped under group 2. Most rivers in South

Initial neighbourhood size and initial weight were taken

Gojam sub-basin of the Blue Nile River (Birr, Temcha,

as 13 and 0.5, respectively. The number of epochs was

Dura, Lower Fetta, Fetta rivers and Neshi River in Fincha

increased from 1,000 to 10,000. The neighbourhood size

sub-basin) were pooled together in group 3. Most rivers in

was decreasing with learning until during the last training

Lake Tana sub-basin (Gilgel Abay, Koga, Gumera, Gilgel

event i.e. when the neighbourhood size became zero. At

Beles river in Beles sub-basin and Chemoga river in South

this time only the winning neuron’s weights were changed

Gojam sub-basin) were clustered in group 4. Group 5 com-

and the learning rate became very small, which indicates

prised rivers in the Muger sub-basin (Muger, Alelitu, Sibilu

that clusters have been deﬁned.

rivers) and rivers in Jemma sub-basin (Robi Jida and Robi
Gumero rivers).
The regional model was validated; validation catchments in each group had ﬂow data that had not

RESULTS AND DISCUSSION

been involved in the calibration of the model. The
Following the procedure and initial parameters in NeuroShell2, the selected 26 subcatchments were grouped into
ﬁve hydrological homogeneous groups (see Figure 6).
Accordingly, four rivers (Main Belles, Uke, Great Anger
and Dedessa near Dembi) were clustered into group 1.

regional model performance is evaluated by Nash–Sutcliffe

(N–S)

and

coefﬁcient

of

determination

(R 2)

efﬁciency criteria between observed and simulated ﬂows.
Table 2 depicts optimized regional model parameters for
groups 1–5.
Tables 3–5 show the results of the proposed regional
model. The shaded catchment(s) in the tables were used as
calibration catchments for each group and the remaining
catchments were used as validation catchments. The validation periods are different for different validation
catchments, depending on the availability of runoff data.
In the same tables, daily runoff was aggregated into 10-day
and monthly time-steps. An improvement of regional
model performance was observed from daily to 10 days
and then to monthly time-steps. This is mainly due to the
fact that the sum of plus and minus errors in the daily
time-steps were signiﬁcantly reduced in the aggregation process. For visual inspection, Figures 7–9 show daily measured
and regional model output for selected validation catch-

Figure 6

Table 2

|

|

Five hydrological homogeneous groups in the case study area.

ments in each group.

Optimized WaSiM-ETH model parameters

Optimized regional model parameters
Group

m (102)

Tcorr (105)

Kcorr (103)

kD (102)

Group 1

5.78

0.149

1.46

2.02

Group 2

8.93

0.92

0.09

3.73

58

Group 3

6.57

7.21

0.25

1.06

20

2.75

Group 4

4.28

6.49

4.81

4.96

5.8

Group 5

3.81

0.45

2.36

0.70

1.22
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SHmax

3.6

kH (101)

Pgren

rk

1.09

10

0.01

3.68

10

1

10

0.5

0.94
11.4

1.26
10

1
1
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Table 5

|
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|
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Regional model performance for subcatchments in group 5

Regional model performance R 2 (N–S)
Daily

Hydrology Research

Regionalized model performance R 2 (N–S)
Monthly

Group 1

Daily

10 days

Monthly

Group 5

Uke

0.82 (0.60)

0.85 (0.62)

0.88 (0.62)

Robi Jida

0.61 (0.52)

0.85 (0.55)

0.92 (0.60)

D. Nr. Demb

0.69 (0.55)

0.79 (0.70)

0.83 (0.71)

Robi Gumero

0.69 (0.44)

0.89 (0.50)

0.95 (0.77)

Great Anger

0.83 (0.72)

0.87 (0.75)

0.89 (0.75)

Muger Nr Chancho

0.58 (0.45)

0.74 (0.49)

0.83 (0.65)

Main Beles

0.57 (0.59)

0.74 (0.74)

0.80 (0.79)

Aleltu Nr Chancho

0.62 (0.52)

0.81 (0.57)

0.88 (0.59)

Sibilu Nr. Chancho

0.74 (0.59)

0.81 (0.75)

0.85 (0.50)

Donder

0.74 (0.65)

0.83 (0.85)

0.93 (0.89)

Ardy

0.63 (0.50)

0.89 (0.73)

0.92 (0.79)

Andassa

0.50 (0.46)

0.80 (0.64)

0.85 (0.70)

Buno Bedele

0.77 (0.75)

0.79 (0.75)

0.82 (0.78)

Bello

0.68 (0.60)

0.76 (0.70)

0.82 (0.77)

Guder

0.73 (0.67)

0.80 (0.70)

0.85 (0.71)

Group 2

four other rivers in the same group were used as validation
catchments. The R 2 values of the validation catchment
range from 0.50 to 0.73, from 0.70 to 0.80 and from 0.82
to

0.85

for

daily,

10-day

and

monthly

time-steps,

respectively.
In group 3, daily records (1993–1999) for rivers Fetta and

Table 4

|

Regional model performance for subcatchments in group 3 and group 4

Birr near Jiga, which are located south of Lake Tana sub-basin,
were calibrated simultaneously. The remaining four rivers in

Regional model performance R 2 (N–S)
Daily

10 days

the same group were reserved for validation of the regional
Monthly

Group 3

model. Validation rivers in this group are geographically
close to each other and their R 2 values range from 0.53 to

Birr Nr. Jiga

0.53 (0.51)

0.71 (0.66)

0.83 (0.78)

0.73, from 0.62 to 0.85 and from 0.65 to 0.89 for daily, 10-

Temcha

0.59 (0.56)

0.81 (0.78)

0.88 (0.82)

day and monthly time-steps, respectively.

Dura

0.75 (0.61)

0.82 (0.77)

0.85 (0.80)

In group 4, daily records (1993–2005) for rivers Gilgel

L. Fetta

0.73 (0.70)

0.85 (0.82)

0.89 (0.87)

Abay and Gumera, which are located in Lake Tana sub-

Neshi

0.59 (0.52)

0.62 (0.55)

0.68 (0.55)

basin, were calibrated simultaneously. Gilgel Abay has a

Fetta

0.76 (0.70)

0.89 (0.77)

0.95 (0.81)

relatively long dataset of good quality and demonstrated

Chemoga

0.63 (0.44)

0.80 (0.48)

0.89 (0.52)

validation rivers in this group range from 0.59 to 0.70,

G. Beles

0.70 (0.60)

0.88 (0.80)

0.91 (0.80)

from 0.72 to 0.88 and from 0.78 to 0.91 for daily, 10-day

G. Abay

0.81 (0.80)

0.90 (0.86)

0.93 (0.91)

and monthly time-steps, respectively.

Koga

0.59 (0.56)

0.72 (0.70)

0.78 (0.80)

In group 5, daily records (1995–1999) of Robi Gumero and

Gumera

0.72 (0.67)

0.82 (0.76)

0.86 (0.90)

Sibilu near Chancho Rivers, which are located in the eastern

Group 4

the best R 2 value. The coefﬁcient of determination of the

part of the Blue Nile river basin, were calibrated simulIn group 1, daily runoff records (1985–1999) for river Uke

taneously. The remaining three catchments were used as

were used during the calibration process; the remaining rivers

validation catchments and their R 2 values range from 0.58 to

Dedessa near Dembi, Great Anger and Main Beles were used

0.62, from 0.74 to 0.89 and from 0.83 to 0.92 for daily, 10-

2

as validation catchments for this group. Their R value ranges

day and monthly time-steps, respectively. The regional model

from 0.51 to 0.83, from 0.74 to 0.87 and from 0.80 to 0.89 for

was validated for validation catchments in group 5 only from

daily, 10-day and monthly time-steps, respectively.

1995 to 1999, due to a lack of hydro-meteorological data.

In group 2, daily runoff records (1987–1999) for rivers

As can be seen from Tables 3–5, the results for rivers in

Buno Bedele and Donder, which are geographically not

groups 1–4 are better than those of the results of rivers in

close to each other, were calibrated simultaneously and

group 5. This is mainly due to the existence of a large
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Figure 7

|

(a) Measured and regionalized model out put of Dembi river (validation of group 1) and (b) measure and regionalized model out put of Ardy river (validation of group 2).

Figure 8

|

(a) Measured and regional model out put of Lower Fetta river (validation of group 3) and (b) Measured and regional model out put of Gilgel Belles river (validation of group 4).

number of meteorological stations (temperature and rainfall) for rivers in groups 1–4.
For the sake of comparison, the regional model was
applied to gauged and ungauged catchments in the Lake
Tana sub-basin (see Figure 6) to estimate total ﬂow to
Lake Tana. The estimated mean annual total inﬂow to
Lake Tana of this study was compared with other studies
by SMEC (), Gieske et al. () and Wale et al.
(). SMEC () and Gieske et al. () have estimated inﬂow from the ungauged catchment as the rest
term of the water balance of Lake Tana; in this research
and that of Wale et al. (), a regional model has been
developed.
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Measured and regional model out put of Robi Jiga river (validation of group 5).
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Wale et al. () regionalized HBV-IHMS rainfall–

model’s overestimation of the lower part of the hydrograph.

runoff model parameters with catchment characteristics by

The value of H0 corresponds to zero discharge in the stream,

using single and multiple regressions for tributary rivers in

which is a hypothetical parameter to ﬁt the rating curve and

the Lake Tana sub-basin, Ethiopia. They calibrated the rain-

cannot be measured in the ﬁeld. It is observed that in some

fall–runoff model and formed regional models for runoff

gauging stations in the Dedessa subcatchments where the

data series from 1993 to 2000 for Ribb, Gumera, Gilgel

datum correction H0 is above 0.5, the rating curve implied

Abay, Megech and Kiliti rivers. They have validated their

zero ﬂow for some months whereas, in reality, there were

regional model for the same ﬁve rivers for runoff time

substantial amounts of ﬂow during those months.

series from 2001 to 2003.

Results of the proposed regional model were compared

The mean annual total inﬂow to Lake Tana by SMEC

with the results from other methods applied to the Lake

(), Gieske et al. (), Wale et al. () and results

Tana sub-basin to estimate total ﬂow (from gauge and

of our proposed regional model are 5028, 5487, 6699 and

ungauged rivers in the Lake Tana sub-basin) and the pro-

6523 × 106 m3, respectively.

posed

regional

model

gave

reasonable

results.

The

proposed regional model can therefore be applied to each
proposed artiﬁcial reservoir and to Lake Tana in the case

CONCLUSIONS

study area to estimate ﬂow.

Daily, 10-day and monthly stream ﬂow were estimated using

cal datasets of good quality from a large number of

a regional model which combine KNNs and WaSiM-ETH.

meteorological stations in the study area. Our proposed

By using KNNs with pre-deﬁned physical catchment charac-

regional model could be used for any river basin following the

teristics of 26 selected subcatchments of the Blue Nile river

steps described in this paper. In general, the validation perform-

basin, ﬁve hydrological homogeneous groups were formed.

ance showed that the proposed regionalization technique is

A set of optimized WaSiM-ETH model parameters for

quite satisfactory in transferring information from data-rich

each group were obtained by calibrating one or more sub-

catchments to data-poor catchments or ungauged catchments,

catchments from each group using an automatic model

vital for any water resources development activities in the basin.

Results could be improved with longer hydro-meteorologi-

calibration method. The whole set of optimized WaSiMETH model parameters were then transferred to ungauged
catchments. Except for subcatchments in group 5, results
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