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Abstract: So far, many attempts have been made to identify the relation between discharge and suspended
sediment load.Empirical relations such as sediment rating curves are often applied to determine the average
relationship between discharge and suspended sediment load. This type of models generally underestimates
or overestimateswhen sediment load are estimated from water discharge using  least  squares  regression of
log-transformed variables.To avoid this drawback, it is proposedto employthe HBMO algorithm as a new
alternativetool foroptimization of this curve.Model obtained from this algorithmis compared with similar
evolutionary algorithm,GA and two different sediment rating curves. The daily streamflow and suspended
sediment concentration data from Mad River Catchment near Arcata, USA are used as a case study.Statistics
and graphsindicate thatthe HBMO algorithmperforms better than other models in estimation of suspended
sediment concentration in the particular datasets used in this study.
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INTRODUCTION Where S is suspended sediment load (ton/day), Q is water

Determination of sediment load or transport rate is Asselman [2] concluded that the coefficients a andb in
important to a wide range of water resources projects, Eq. (1) have no physical meaning.But Peters-Kummerly [3]
such as the design of dams and reservoirs, sediment and and Morgan [4] expressed that the a-coefficient
pollution transport in  rivers and lakes, channel design represents an index of erosion severity. High a-values
and maintenance. For these reasons, the 20  century indicate intensively weathered materials, which can easilyth

witnessed a large number of studies on the development be transported.  According  to  Peters-Kummerly  [3], the
of approaches for modeling and estimating the sediment b-coefficient represents the erosive power of the river,
transport phenomenon. with large values being indicative for rivers where a small

One of the simplest and the most popular empirical increasein discharge results in a strong increase in erosive
relationship for estimationof sediment load is based on power of the river.
the rating curve.A sediment rating curve describes the This relationship in spite of simplicity and general
average relation between discharge and suspended use has some disadvantages that  refer  to  the  accuracy
sediment concentration  for  a  certain  location  Eq. (1). of  the  fitted  curve,  when least squares regression of
The sediment rating curve method is attributed to log-transformed is used to  optimize  thecoefficients.
Campbell and Bauder [1] who observed that the Linear regression modeling is anappropriate form for
relationship between the logarithm of sediment linking variables because in general the parameters have
concentration and the logarithm of discharge is some kinds of meaning  or  interpretation. Nevertheless,
approximately linear. it is known that the main drawbacks of the linear

S  = aQ (1) restrictive  assumption  such  as  normality,  linearity  andSRC1
b

discharge (m /s) and a andb are regression coefficients.3

regression models are their lack of flexibility and some
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constantvariance. Many studies have been carried out to Dorigo [14] proposed the ant colony optimization (ACO)
reveal theseinaccuracies of the statistical method used to algorithm as a typical, successful swarm-based
fit  the  sediment-rating  curve.  Ferguson  [5,  6],  Jansson optimization approach, where the search algorithm is
[7] concluded that the sediment load of a river islikely to inspired by the behavior of real ants.Honey-bee mating
be underestimated   when   concentrationsare   estimated may also be considered as a typical swarm-based
from water discharge using least squares regression of approach to optimization in which the search algorithm is
log-transformed variables. Ferguson [5] suggested that inspired by the process of mating in real honey-bee.
this bias represents a major cause of the error associated Abbass [15, 16] presented the main algorithmbased on the
with rating curve estimates and that it can be largely honey-bee marriage process. Since then, it has been used
removed by applying a simple correction factor based on on a  number  of  different   applications. Bozorg Haddad
the standard error of the estimate of the logarithmic et al. [17] demonstrated the efficiency and applicability of
regression. the HBMO algorithm by applying it to well-known

S = a. CF.Q (2) single reservoir operation problem and compared theSRC2
b

where CF = exp (2.65s ) and s is the standard error of the algorithm (GA). Moreover, Afshar et al. [18] used the2

regression equation in log . HBMO algorithm in optimum operation of a single10

In recent years, soft computing methods have been reservoir in a continuous domain.
widely employed in estimation of sediment transport rate. This paper proposes the honey-bee mating
Black box methods have been used more than other optimization (HBMO) algorithm as a flexible tool for
techniques in this area. Forinstance, Cigizoglu [8] estimation of the suspended sediment  concentration.
investigated the accuracy of a single ANN in estimation This method has no limitations in the form of normality,
and forecasting of daily suspended sediment data and linearity and constant variance. The present paper is
compared the results with other prediction techniques. organized in the following order: Section 2 is devoted to
Cigizoglu & Kisi [9] developed methods to improve ANN the general description of honey-bee mating optimization
performance in suspended sediment estimation. Sen et al. algorithm. Section 3 represents main steps of the
[10] proposed  a  relationship  between  sediment  load application of the HBMO algorithm in estimation of
and discharge by using two-step application of suspended sediment concentration. The capability of the
perceptron   Kalman   filtering.   Othernew   soft HBMO algorithm in estimation of suspended sediment
computing methodsare the evolutionary and heuristic concentration is tested by using of a case study in
approaches,which have been observed only a few section 4.  In  section  5,  the  HBMO  algorithm  results
studies, existed related to the use of these algorithms in are compared to those of GA as an  evolutionary
the field of sediment transport estimation. Altunkaynak algorithm and two different sediment rating curves.
[11] applied GA to optimize the rating curve coefficient. Results represent that  the  HBMO  algorithm  can  find
Babovic [12] used GP approach for new formulation the the best known solution in relative to other methods.
bed concentration of suspended sediment. Aytek et al. Thus, the HBMO algorithm appears to be a suitable
[13] successfully modeled the suspended sediment approach for estimation of suspended sediment
transport by using GP technique. concentration.

Several biological and natural processes have been
influencing methodologies in science and technology in Overview of Honey-bee Mating Algorithm
an increasing manner in the past years.Feedback control The  Basic  Concept  of  the  Honey  Bee  Mating
processes, artificial neurons, the DNA molecule Optimization: A honeybee colony typically consists of a
description and similar genomics matters, studies of the single egg-laying long-lived queen, anywhere from zero to
behavior of natural immunological systems and more, several thousand drones (depending on the season) and
represent some of the very successful domains of this usually10,000–60,000 workers [19]. Queens are specialized
kind in a variety of real world applications. In this way,in in egg laying. A colony may contain one queen or more
the recent years, behavior of social insects, such as ants during its life cycle, named as monogynous or
and bees, as swarm intelligence for the purpose of search polygynous colonies, respectively. Only the queen bee is
and  problem  solving,  were  successfully  modeled. fed ‘‘royal jelly’’, which is a milky-white colored, jellylike

mathematical optimization problems as well as a renowned

solutions with those from analytical methods and genetic
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substance. ‘‘Nurse bees’’ secrete this nourishing food Prob(Q, D) = exp[- (f )/S(t)], (3)
from  their  glands  and  feed  it to their queen. The diet of
royal jelly makes the queen bee bigger than any other bee
in the hive. A queen bee may live up to 5 or 6 years,
whereas worker bees and drones never live more than 6
months. There usually several hundred drones that live
with the queen and worker bees. Mother Nature has given
the drones’ just one task, which is to provide the queen
with some sperm. After the mating process, the drones die
[20].

Drones are the fathers of the colony. They are
haploid and act to amplify their mothers’ genome without
altering their genetic composition, except through
mutation. Therefore, drones are considered as agents that
propagate one of their mother’s gametes and function to
enable females to act genetically as males. Workers
specialized in brood care and sometimes lay eggs. Broods
arise either from fertilized or unfertilized eggs. The former
represent potential queens or workers, whereas the latter
represent prospective drones [18].

In the marriage process, the queen(s) mate during
their mating flights far from the nest. A mating flight starts
with a dance performed by the queen who then starts a
mating flight during which the drones follow the queen
and mate with her in the air. In each mating, sperm reaches
the spermatheca and accumulates there to form the
genetic pool of the colony [19].

The queen is pursued by a large swarm of drones
(drone comets), when copulation occurs. Insemination
ends with the eventual death of the drone and the queen
receiving the ‘‘mating sign.’’ The queen mates multiple
times but the drone, inevitably, only once. These features
make bee mating the most spectacular mating among
insects [18].

The mating–flight can be visualized as a set of
transitions in a state-space (the environment) where the
queen moves between the different states in some speed
and mates with the drone encountered at each state
probabilistically. At the start of the flight, the queen is
initialized with some energy–content and returns to her
nest when the energy is within some threshold from zero
or when her spermatheca is full [15].

In developing the algorithm, the functionality of
workers is restricted to broodcare and therefore, each
worker may be represented as a heuristicwhich acts to
improve and/or take care of a set of broods (i.e., as
feeding the futurequeen with royal jelly). A drone mates
with a queen probabilistically using anannealing function
as [15]:

where Prob (Q,D) is the probability of adding the sperm of
drone D to the spermatheca of queen Q (that is, the
probability of a successful mating); (f ) is the absolute
difference between the fitness of D (i.e., f(D)) and the
fitness of Q (i.e., f(Q)); and S(t) the speed of the queen at
time t. It is apparent that this function acts as an
annealing function, where the probability of mating is
high when the queen is still at the beginning of her mating
flight, therefore her speed is high, or when the fitness of
the drone is as good as the queen’. After each transition
in space, the queen’s speed and energy decays according
to the following equations:

(4)

(5)

where  is a factor  [0,1] and is taken as 0.95 in our
implementation and step is the amount of energy
reduction after each transition.

Workers that used to improve the brood’s genotype
may represent a set of different heuristics. The rate of
improvement in the brood’s genotype, as a result of a
heuristic application to that brood, defines the heuristic
fitness value.

The fitness of the resulting genotype is determined
by evaluating the value of the objective function of the
brood genotype and/or its normalized value. It is
important to note that a brood has only one genotype.

Thus, an HBMO algorithm maybe constructed with
the following five main stages:

The algorithm starts with the mating flight, where a
queen (best solution) selects drones probabilistically
toform the spermatheca (list of drones). A drone then
selected from the list randomly for the creation of
broods.
Creation of new broods (trial solution) by crossover
the drone’s genotypes with the queens.
Use of workers (heuristics) to conduct local search
on broods (trial solutions).
Adaptation of worker’s fitness, based on the amount
of improvement achieved on broods.
Replacement of weaker queens by fitter broods.

The algorithm starts withthree user-defined
parameters and one predefined parameter. The predefined
parameter is the number of workers (W), representing the
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number of heuristics encoded in the program. However,
the predefined parameter may be used as a parameter to HBMO parameters Value

alter the number of active heuristics if required; that is, the
user may choose the first heuristic, where W is less than
or equal to the total number of heuristics encoded in the
program. The three user-defined parameters are the
number of queens, the queen’s spermathecasize
representing the maximum number of mating per queen in
a single mating flight and the number of broods that will
be born by all queens. The energy and speed of each
queen at the start of each mating flight is initialized at
random. A set of queens   is  then  initialized  at  random.
A randomly selected heuristic is then used to improve the
genotype of each queen, assuming that a queen is usually
best bee. A number ofmating flights are then undertaken.
In each mating flight, all queens fly based on the
energyand speed of each, where both energy and speed
are generated at random for each queenbefore each
mating flight commences. At the start of a mating flight, a
drone is generated randomly and the queen is positioned
over that drone. The transition made by the queen
inspace is based on her speed which represents the
probability of flipping each gene in the drone’s genome.
At the start of a mating flight, the speed may be higher
and  the queen  maymake  very large steps in space.
While the energy of the queen decreases, her speed
decreases and as a result, the neighborhood covered by
the queen, decreases. At each step in the space, the
queen mates with the drone encountered at that step
using the probabilistic rule in Eq. (3). If the mating is
successful (i.e., the drone passes the probabilistic
decision rule), the drone’s sperm is stored in the queen’s
spermatheca. To sum up, the algorithm starts with a
mating flight where a queen selects a drone with a
predefined probabilistic rule. By cross-overing the
drone’s  genotypes  with  the  queen’s,  a   new brood
(trial solution) is formed which later can be improved,
employing workers to conduct local search [18].

When  all  queens  complete  their  mating  flight,
they start breeding. For a required number of broods, a
queen is selected in proportion to her fitness and mated
with a randomly selected sperm  from  her  spermatheca.
A worker  is chosen in proportion to its fitness to
improve the resultant brood. After all broods have been
generated, they aresorted according to their fitness. The
best brood replaces the worst queen until there is no
brood that is better than any of the queens. Remaining
broods are then killed and a new mating flight begins until
all assigned mating flights are completed or convergence
criteria are met.

Table 1: Values of parameters in HBMO algorithm

Gene or drones sperm (decision variable) 2

Hive size 200

Number of queens 2

Capacity of spermatheca 20

Speed of Queen at first of flight Randomly ? [0.5 1]

Speed reduction schema (cooling schema) 0.9

Maximum number of iterations 1000

Fig. 1: The chromosome and decision variables

Application of HBMO in Estimation of Suspended
Sediment Concentration: This section represents main
steps of the application of the proposed algorithm in
estimation of thesuspended sedimentconcentration in
detail.It is important to note that in prediction
formula(rating curve) a and b are decision variables that
must be optimized. Also, table 1 presents the values or
intervals of some parameters used in this algorithm. It is
important to note that, the values of following table are
found after employing the trial and error method.

Step 1: Membersrepresentation (Bees): There are two
representation modelsfor candidate solution: 1)
continuous  model,  2)  stringmodel, which can be either
in the form of discrete or binary representation. In this
study,we have used string model in the form  of  binary
for representation of members. Figure 1, illustrate the
decision variables and their lengths.

Step 2: Definition  of  the  Model Inputs  Parameters:
The  algorithm  starts   with   three  user-defined
parameters and one predefined parameter. The
predefinedparameter is the number of worker (W),
representing the number of heuristics encoded in the
program.  However,  the predefined parameter may be
used as a parameter to alter the number of active
heuristics if required; that is, the user may choose the first
heuristic, where W is less than or equal to the  total
number  of  heuristics  encoded  in  the  program. The
user-defined parameters are the number of the  queens,
the queen’s spermathecasize representing the maximum
number of broods that will be born by all the queens. The
speed of each queen at the start of each mating flight is
initialized at random.
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Fig. 2: Selection of crossover point

Step 3: Random Generation of a Set of Initial Solutions:
In this stage, a set of initial solutions for aandb variables,
alike figure 1 are generated randomly.

Step 4: Calculation of the Objective Function Arcata/Eureka US EPA meteorological station
Andselection of Queen: After generation of a set of initial
solutions mentioned in the previous stage, initial
solutions are ranked based on objective function and the
bestsolution is selected as queen.The objective function
of this study is to minimize the total deviation of
observedsuspended sediment (O ) from the Estimated (E ):j j

O.F. = min  (|O  -E |) (6)j j

Step 5: Mating Flight: As mentioned in overview stage,
simulated annealing is employed to select the set of
solutions from the search space to make a mating pool for
possible information exchange between the best present
solution (queen) and the selected trial solutions.

Step 6: Breeding Process: After the mating flight,
generating of new solutions are began by employing
predefined crossover operators and heuristic functions
between the best solution and the trial solutions
according to their fitness values. In this study, for binary
representation, single point andtwo points crossover are
used to produce the offsprings. As example, Figure 2
represents the circumstance of implementation of the two
points crossover.

Step 7: Feeding Selected Broods and Queen with the
Royal Jelly by Workers: In this stage, workersimprove
the newly generated set of solutions by employing
different heuristic functions according to their fitness
values. For binary representation of chromosomes, a bit
position is mutated by simply flipping its value.

Step 8: New queen selection: In each iteration, if the new
best solution is better than the queen,itreplacesthe queen.

Step 9: Checking the termination criteria
Data used: The daily flow and suspended sediment
concentration time series data of Mad River  near  Arcata,

Fig. 3: Location of the Mad River USGS station and

Table 2: The statistical parameters (overall mean, x , standard deviation,mean

s , coefficient of variation C , skewness coefficient, c , minimum,x v sx

x  and maximum, x ) for training and testing data of the dailymin max

flow and suspended sediment concentration

Data set Data type X S C C X Xmean x v sx max min

Training Flow (m /s) 50 102 2.54 4.55 968 0.23

Sediment (mg/l) 293.8 669.8 2.28 4.59 6330 1
Testing Flow (m /s) 31.7 52.1 1.64 2.72 306 0.33

Sediment (mg/l) 220 550 2.5 5.36 60 2

at California (USGS Station no. 11481000, latitude
40°54’35”, longitude 124°3’35”) operated by the US
Geological   Survey   (USGS)   are   used   in   the  study.
The   drainage   area   at   this   site   is    1256.14   km .2

Daily  time  series  of   river  flowand  sediment
concentration   for    these    stations    were   downloaded
from the web server of the USGS (http://www.webserver.
cr.usgs.gov/sediment).  Figure  3  represents   the
locations   of   the   Mad   River  USGS  sediment
stationand  Arcata/Eureka  meteorological station.
The731daily  flow  and  suspended  sediment
concentration   data    (1971    and   1972   water  years)
were  used  for  training  and  the  remaining  365  daily
records (1973 water year) were used for testing. The daily
statistical parameters ofstream flow and sediment
concentration data are shown in Table 2. It can be seen
that the skewness of the flow and sediment data is
considerably high.

The  SRC1  and  SRC2  techniques  were  applied to
the training  data  set.  The  following  formulas  were
found   to   offer   the   best   statisticalmeasures   to  fit
tothe training dataset for the two techniques,
respectively:

S  = 4.819Q (7)t t
0.974

S  = 1.402(4.819Q ) (8)t t
0.974
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RESULTS AND DISCUSSION algorithm,  produces the highest R  (0.79) and the smallest

The comparison between theHBMO algorithmand criteria for the best parameters of the GA are 0.873, 285
other models are presented in Table 3. This table includes (mg/l) and 91(mg/l), respectively. On the other hand, it is
the set of a andbparameters and corresponding seen that, the accuracy of the SRC2 with bias term is
performance criteria obtained from training and testing better than the SRC1 model.
data, respectively. In this study, the determination Comparison between models from the viewpoint of
coefficient  (R ),  root  mean  square  errors  (RMSE)  and the peak sediment concentration estimationis presented2

mean absolute errors (MSE) were employed as in Table 4. Here, models are compared by means of the
performance criteria. According to Karunanithi et al. [21], mean absolute relative errors (MARE) statistics of the
the R  represents the linear dependence between peak sediment concentration values. As it is seen from the2

observations and correspondingestimates. table, the HBMO algorithm followsthe peak value closer
WhereasRMSE and MSE measure the goodness-of-fit than the GA, SRC1 and SRC2.The HBMO algorithm has
relevant to high and moderate sediment values, the best accuracy (27%) and the SRC1 has the worst
respectively.In this study, the main model performance accuracy (59%).
criteriaare the RMSE and MSE. The best solution is As an additional performance criterion, total sediment
selected by considering these criteria. load of the whole testing period, was also considered.This

For GA optimization, similar to HBMO algorithm, comparison in accumulated sediment load plays an
binary representation with two point crossover function, important role in reservoir management.The total sediment
initial population=200, crossover rate=0.8,mutation loads estimated by the HBMO algorithm (838127 tons),
rate=0.01 and maximum number of iteration=1000, along GA (774106 tons), SRC1 (490094 tons) and the SRC2
with the roulette wheel as selection procedure were (687112 tons) were 16%, 22%, 51% and 31% less, than the
adopted. Unlike the regression technique, the observed value (992725 tons), respectively. As it is clear,
evolutionary algorithms are flexible due to the random all models underestimate the total sediment load, however,
sampling procedure and have more than one solution the HBMO algorithm approximates the corresponding
point, instead of constant solution. It can be obviously observed total sediment load value closer than other
seen from this table that the results obtained by the models.
HBMO algorithm and GA are more suitable than the SRC1 Figure 4 represents the graphical expression of
and SRC2 models. It also seems that the HBMO algorithm results in the form of scatter plot. This figure is drawn by
performs relatively better than the GA. For comparison, means of the best values of parameters found from the
the  best  values  of  parameters  found  from  the  HBMO HBMO algorithm and GA optimization. It can be seen from

2

RMSE (268 mg/l) and MAE (89 mg/l), whereas, these

Table 3: Result obtained by the HBMO and GA for 10 different runs
HBMO GA
------------------------------------------------------------------------------------------- -------------------------------------------------------------------------------------

Run # A B R RMSE MAE A b R RMSE MAE2 2

1 3.10039 1.1715 0.785 268 94 2.89737 1.1547 0.782 295 90
2 3.14727 1.1278 0.778 307 92 4.21304 1.1025 0.774 281 97
3 4.23230 1.1101 0.775 274 99 4.13818 1.1012 0.774 285 96
4 3.13110 1.1600 0.783 276 92 2.98166 1.1593 0.783 285 91
5 3.13010 1.1803 0.786 261 96 3.24702 1.1013 0.774 330 94
6 2.42952 1.2150 0.790 268 89 3.14275 1.1100 0.775 327 93
7 3.10540 1.2005 0.788 253 102 3.54375 1.1348 0.779 279 94
8 2.70389 1.1863 0.787 273 90 2.34645 1.1499 0.782 342 94
9 2.61416 1.1886 0.788 280 90 3.14976 1.1027 0.775 334 94
10 2.10009 1.2008 0.788 309 89 4.13449 1.0638 0.767 322 96
Average 2.96942 1.1741 0.785 272 92 3.379447 1.1180 0.777 304 92
Best 2.42952 1.2150 0.790 268 89 2.98166 1.1593 0.783 285 91
Worst 4.23230 1.1101 0.775 274 99 4.13449 1.0638 0.767 322 96
ST Dev 0.005 15.92 4.39 0.005 23.09 2.21
SRC1 4.81900 0.974 0.748 386 107
SRC2 6.75624 0.974 0.748 324 105
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Table 4: Comparison between the HBMO, GA, SRC1 and SRC2 peak-estimations for the test phase
Relative error (%)

Observed sediment ------------------------------------------------------------------------
peaks (>1000 mg/l) SRC1 SRC2 HBMO GA SRC1 SRC2 HBMO GA
1010 183 257 227 226 -82 -75 -78 -78
1130 408 573 618 588 -64 -49 -45 -48
1270 979 1372 1837 1664 -23 8 45 31
1370 440 617 667 643 -68 -55 -51 -53
1380 791 1108 1408 1291 -43 -20 2 -6
1400 569 797 933 872 -59 -43 -33 -38
1580 811 1137 1454 1331 -49 -28 -8 -16
1650 758 1063 1336 1227 -54 -36 -19 -26
1800 1149 1611 2245 2015 -36 -11 25 12
1940 597 838 993 925 -69 -57 -49 -52
2120 688 965 1184 1094 -68 -54 -44 -48
2170 1222 1713 2424 2168 -44 -21 12 0
2200 696 976 1201 1110 -68 -56 -45 -50
2520 766 1074 1354 1243 -70 -57 -46 -51
2590 1190 1668 2344 2100 -54 -36 -9 -19
2720 795 1114 1417 1299 -71 -59 -48 -52
2920 1031 1446 1962 1771 -65 -50 -33 -39
3500 1271 1782 2545 2271 -64 -49 -27 -35
5860 1141 1600 2225 1998 -81 -73 -62 -66
MARE(%) 59 44 27 33

Fig. 4: Scatter plots of the observed and estimated suspended sediments in test period.

the fit-line equations in figure 4 (assume that the equation The bestconvergence rate to near optimal solution as
is y = a x + a ) that the a  coefficient for the HBMO a function of number of function evaluations, employing0 1 0

algorithm is   closer   to   1,   with   a   lower   bias   value the HBMO algorithm and a developed GA, is presented in
(a  = 61.02), than those of the others. This confirms that Figure 5. In most of the cases, the HBMO algorithm1

the HBMO algorithm produces a better estimate than converged to near optimal solution faster than GA,
other models. resulting in a better finalsolution.
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Fig. 5: Thebest convergence rate over ten different runs for both HBMO and GA algorithms.

CONCLUSION 3. Peters-Kummerly, B.E., 1973. Untersuchungenuber

Estimates of sediment yield are required in a wide Schwebstoffen in einigen Schweizer Flu¨ssen.
spectrum of problems such as the design of dams, Geographica Helvetica, 28: 137-151.
transportof sediment and pollutants in rivers and lakes, 4. Morgan, R.P.C., 1995. Soil erosion and conservation.
determination of the effects of watershed management 2 Edition. Longman Group Limited, London.
and environmental impact assessment. Asimple and direct 5. Ferguson,  R.I.,  1986.  River  loads  underestimated
relationship between Q and S is the sediment rating by   rating    curves.    Water    Resources   Research,
curvein which the parameters often are optimized by 22: 74-76.
regression technique. Alternatively in this study, these 6. Ferguson, R.I., 1987. Accuracy and precision of
parameters are obtained by HBMO algorithms that methods for estimating river loads. Earth Surf.
produce many sets of parameters providing a relationship Processes and Landforms, 12: 95-104. 
between Q and S. The results suggest that, the heuristic 7. Jansson, M., 1985. A comparison of detransformed
approaches may provide a superior alternative to logarithmic regressions and power function
regression techniques.In addition, results obtained from regressions.GeografiskaAnnaler, 67A: 61-70.
the HBMO algorithm were well comparable with those 8. Cigizoglu, H.K., 2004. Estimation and forecasting of
obtained by well-developed GA.Numeric errors and daily suspended sediment data by multi-layer
graphics have also shown that the HBMO algorithm perceptrons.     Advances     in    Water   Resources,
provides better solutions than GA and regression 27: 185-195.
techniques with respect to the errors calculated by RMSE 9. Cigizoglu, H.K. and O. Ki i, 2006. Methods to
and MAE.Otherheuristic algorithms such as, Particle improve the neural network performance in
Swarm and Ant Colony may also be used for this problem suspended sediment estimation. Journal of
and their accuracies can be compared with each other. Hydrology, 317: 221-238.
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