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Neural network river forecasting with multi-objective fully
informed particle swarm optimization
Riccardo Taormina and Kwok-wing Chau

ABSTRACT
In this work, we suggest that the poorer results obtained with particle swarm optimization (PSO) in
some previous studies should be attributed to the cross-validation scheme commonly employed to
improve generalization of PSO-trained neural network river forecasting (NNRF) models. Crossvalidation entails splitting the training dataset into two, and accepting particle position updates only
if ﬁtness improvements are concurrently measured on both subsets. The NNRF calibration process
thus becomes a multi-objective (MO) optimization problem which is still addressed as a single-
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objective one. In our opinion, PSO cross-validated training should be carried out under an MO
optimization framework instead. Therefore, in this work, we introduce a novel MO variant of the
swarm optimization algorithm to train NNRF models for the prediction of future streamﬂow
discharges in the Shenandoah River watershed, Virginia (USA). The case study comprises over 9,000
observations of both streamﬂow and rainfall observations, spanning a period of almost 25 years. The
newly introduced MO fully informed particle swarm (MOFIPS) optimization algorithm is found to
provide better performing models with respect to those developed using the standard PSO, as well
as advanced gradient-based optimization techniques. These ﬁndings encourage the use of an MO
approach to NNRF cross-validated training with swarm optimization.
Key words

| FIPS, multi-objective, neural network river forecasting, NNRF, particle swarm
optimization, PSO

INTRODUCTION
Neural network river forecasting

applications have been collectively termed neural network
river forecasting (NNRF) in a recent paper by many promi-

Artiﬁcial neural networks (ANNs) have been successfully

nent authors of the ﬁeld (Abrahart et al. ), and this work

employed as black-box modeling tools in many hydrological

positions itself within this area of research. NNRF models

contexts, mostly due to their intrinsic non-linear properties

are known to perform favorably against conceptual models

and adaptive behavior that grant them the ability to cope

(Tokar & Markus ; Carcano et al. ; Nayak et al.

with the non-linear processes usually found in hydrology.

), and although the latter enjoy physical interpretation,

Common examples range from rainfall forecasting (Lin &

studies have shown that it is possible to identify hydrological

Wu ; Wu et al. ), to groundwater modeling (Couli-

sub-processes within a trained ANN architecture (Wilby

baly et al. ; Adamowski & Chan ; Taormina et al.

et al. ; Jain et al. ; Jain & Kumar ). Different

), water resources management (Adamowksi & Karapa-

ANN architectures have found use among hydrologists. In

taki ) and water quality modeling (Banerjee et al. ),

particular, feed-forward neural networks (FNNs) have

although most applications deal with rainfall-runoff model-

been largely employed due to their proven performances,

ing and streamﬂow forecasting (De Vos & Rientjes ;

consolidated training methods and universal approximation

Islam ; Shamseldin ; Wu & Chau ). The latter

capability (Maier & Dandy ). When carrying out the
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training process to map the unknown input–output relation-

(, ) employed PSO-trained FNNs for real-time pre-

ship into the FNN architecture, the preferred techniques are

diction of the water stage in the Shing Mun River, Hong

ﬁrst and second-order local search methods (Maier et al.

Kong. The results showed that PSO-trained networks were

), such as the conjugate gradient (CG) and the Leven-

more accurate than those optimized using common back-

berg–Marquardt (LM) method.

propagation or the LM algorithm. In addition, the author
proposed the combination of PSO and LM in a split step

Particle swarm optimization for NNRF model

approach (Chau ). This paradigm combines the advan-

development

tages of global search capability of PSO algorithm in the
ﬁrst step, and local fast convergence of the LM algorithm

Although extremely fast, even the most advanced local

in the second step. The mixed approach was able to attain

search methods are prone to being trapped in local

a higher accuracy than the two algorithms on their own.

minima, especially in complex problems with a rough

Although these initial studies suggested that the PSO is

error surface and many local optima. Valid alternatives to

able to perform better model calibration compared to

the local search approach are represented by global search

derivative-based techniques, the opposite conclusions were

schema such as genetic algorithms (Chen & Chang ;

drawn by Piotrowski & Napiorkowski () for a recent

Zhang et al. ), and the more recent particle swarm

case study involving streamﬂow discharge forecasting in

optimization (PSO) method (Eberhart & Kennedy ;

the Annapolis River catchment, Nova Scotia (Canada). In

Kennedy ; Poli et al. ). Although slower than

their work, the authors show that LM training yielded

local search methods, global search techniques can escape

more accurate FNN models in much less time with respect

local minima. When employed for training neural networks,

to several global optimization techniques, including two

global optimization methods perform a parallel multipoint

advanced variants of the PSO which are known to outper-

search on the error surface in which each point represents

form the standard version of the algorithm on benchmark

a hypothesis on the conﬁguration of the network par-

tests. The authors therefore strongly advocate for the use

ameters. The degree of ﬁtness of each candidate solution is

of local search techniques to develop NNRF models by

computed based on the network predicted output, and a

means of differentiable objective functions, as long as a

new generation of the population is created according to

multi-start approach is implemented to reduce the chances

different updating rules. In the PSO algorithm, the popu-

of getting stuck in poor minima.

lation is made up by particles that behave like a storm of
birds collectively looking for prey. In an iterative fashion,

Objective of this study

the position of each particle changes with a certain velocity,
which is a function of the best position reached so far by the

Due to the limited number of reported applications, this pre-

particle as well as the best position found among all the par-

sent study is an attempt to shed light on the real

ticles in its neighborhood. In recent times, the PSO

effectiveness of swarm optimization techniques as a cali-

algorithm has gained popularity in the ﬁeld of hydrology

bration algorithm for NNRF models. In particular, we

due to its simplicity and computational efﬁciency, and suc-

focus on how generalization is ensured in PSO-trained

cessful applications are already available in the literature.

neural networks, an aspect which has been overlooked so

However, most applications deal with the optimization of

far and that could possibly explain the poorer performances

conceptual hydrological models (Gill et al. ; Scheer-

of swarm optimization in some applications. Generalization

linck et al. ; Zhang et al. ) and decision making

is the ability of an ANN model to produce accurate approxi-

for water resource management (Reddy & Kumar ;

mations of the output variable given inputs that were not

Montalvo et al. ; Guo et al. ). Only a few appli-

included in the training dataset. When gradient-based

cations concerning the use of swarm optimization for

search methods are used to calibrate the ANN, model gener-

NNRF applications are available in the literature, and

alization is usually ensured through early stopping (ES)

results are limited and somewhat contradictory. Chau

(Coulibaly et al. ). ES entails the division of the training
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dataset in two subsets to form an independent validation

calibration. Indeed, since the acceptance rule for particle

dataset. The calibration is performed by minimizing the

position update employs the objective functions deﬁned on

objective function on the training dataset, but it is stopped

both datasets, the implementation of cross-validated training

once the performances in the validation dataset start to

should be addressed as a MO optimization problem. This is

deteriorate, a signal that the model is now ﬁtting the

the object of the present paper, in which a novel MO variant

random noise in the data rather than the underlying

of the swarm optimization algorithm is employed for the

relationship between the variables. A similar split-set

development of NNRF models. The proposed algorithm

approach is employed to prevent over-ﬁtting in PSO-trained

MO fully informed particle swarm (MOFIPS) is a Pareto-

NNRF models. Speciﬁcally, cross-validation is implemented

based extension of the single-objective (SO) fully informed

by allowing particle position updates only if ﬁtness improve-

particle swarm (FIPS) optimization technique (Mendes

ments are concurrently recorded on both the training and

et al. ). The MOFIPS is ﬁrst shown to outperform

the validation dataset (Piotrowski & Napiorkowski ),

other evolutionary-based MO techniques on benchmark

in analogy with stopped training. We suggest that this

tests, and then used to train NNRF models for the prediction

approach is wrong in two respects. In the ﬁrst place, it is

of future streamﬂow discharges in the North Fork of the

entirely possible for a particle to move to a location charac-

Shenandoah River, Virginia (USA). The MOFIPS is found

terized

temporarily

to provide better performing models with respect to those

underperforming on the validation dataset. This could be

developed using the standard PSO, as well as four advanced

easily seen by running the PSO to minimize only the train-

gradient-based optimization techniques, namely three var-

ing errors while recording the evolution of the validation

iants of the CG method and the LM algorithm. A

performances at the same time, as done in Figure 1 for a

comparative analysis on different regular topologies shows

given particle in a trial experiment. The image shows how

that the effectiveness of the MOFIPS is subjected to how

the validation error decreases in the long run although it

particles are arranged within the swarm. This work suggests

goes up several times during the optimization process.

that MO training methods could substantially improve the

Therefore, it is likely that preventing those trajectories

generalization ability of NNRF models through cross-

resulting in temporary deterioration of validation perform-

validation, encouraging further research in this direction.

by

better

generalization

while

ances might severely hinder the optimization process,
especially in the early stages. Most importantly, unlike
stopped training there is no effective difference in how the

METHODS

training and the validation datasets are used in PSO-ANN
Particle swarm optimization
In recent times, the PSO method (Eberhart & Kennedy ;
Kennedy ; Poli et al. ) has gained popularity
in many ﬁelds of science and engineering due to its computational efﬁciency, and relative simplicity of implementation
compared to other global optimization approaches. When
the PSO is employed for ANN training each particle
represents a different hypothesis on the optimal set of parameters of the network, and consists of an n-dimensional
vector where n is the number of parameters in the model.
In the standard form of the PSO, the search is performed
by updating the current position X t of each particle in the
n-dimensional parameter space with a velocity V t that in
Figure 1

|

Training and validation errors in non-cross-validated PSO-ANN training.
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best position among all the particles in its neighborhood up

the Type 1’ constriction formulation of the PSO by ﬁrst

to time t–1. The best positions of the particles are expressed

noting that (2) is equivalent to:

in terms of highest ﬁtness, or minimum value of the
employed objective function which for ANN training is

V t ¼ χ ðV t1 þ φðP m  X t1 ÞÞ

(3)

usually chosen as a function of the squared errors between
the ANN approximations on a given dataset. If P i is the
best position for ith particle up to time t–1, and G is the
global best position in the particle’s neighborhood, the canonical PSO algorithm in its Type 1 constriction formulation
(Clerc & Kennedy ) as:
V t ¼χ(V t1 þU [0, φ1 ]⊗(P i X t1 )þU [0, φ2 ] ⊗ (GX t1 ))
(1)
X t ¼ X t1 þ V t

for φmax ¼ 4:1 and
 φ 
φ1 ¼ U 0, max
2

(4a)

 φ 
φ2 ¼ U 0, max
2

(4b)

φ ¼ φ1 þ φ2

(4c)

(2)
Pm ¼

where

⊗

is

the

point-wise

vector

multiplication;

U ½0, φi , i ¼ 1, 2 is a n-dimensional vector of uniformly
distributed random numbers between 0 and φi ; χ is a constrictionh coefﬁcient
that ensures convergence and is given

pﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃi
by χ ¼ 2= φ  2 þ φ2  4φ , where φ ¼ φ1 þ φ2 > 4. A
common choice that guarantees convergence is to set
φ1 ¼ φ2 ¼ 2:05, so that φ ¼ 4:1 and χ ¼ 0:7298. The particle

titioning in (4a)–(4d) to obtain:


φ
φk ¼ U 0, max ∀k ∈ N
jN j
φ¼

of the performances on the training dataset is not associated
validation dataset (Piotrowski & Napiorkowski ).

X

φk

(5a)

(5b)

k ∈N

the case of cross-validated ANN training, if an improvement
with a reduction of its generalization performances on the

(4d)

The FIPS formulation is obtained by modifying the par-

position update in Equation (2) is accepted only if the new
location is characterized by a higher ﬁtness value, or in

φ1 ⊗ P i þ φ2 ⊗ G
φ

P
Pm ¼

kP
∈N

W ðkÞφk ⊗ P k
W ðkÞφk

(5c)

k ∈N

where P k is the best position found by the kth neighbor of
Fully informed PSO

the particle to be updated, and W ðkÞ is a weighting factor
which is a constant value or a function of some relevant

The canonical version of the PSO entails that velocity

characteristic of the kth particle, such as its ﬁtness or its

updates are performed by considering only the position

Euclidean distance from the particle being updated.

of the best particle in the neighborhood and a particle’s
best position. However, it has been suggested that considering

the positions

of the

other

particles

in

Swarm topology

the

neighborhood may beneﬁt the search process carried out

The swarm topology is deﬁned as the layout of particles con-

by the swarm as a whole (Mendes et al. ). This is

nections forming the neighborhoods. Although dynamic

the idea behind the FIPS variant of the PSO in which

topologies with changing neighborhoods have been

the best position of all the particle neighbors is taken

employed, for the remainder of the discussion they will be

into account for the velocity update (Mendes et al.

considered ﬁxed during the optimization process, unless

). The equations for the FIPS can be obtained from

otherwise speciﬁed. The ﬁrst topology employed in the
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PSO algorithm is the ball of Figure 2(a), a fully connected

employed in the PSO, FIPS topologies may or may not

graph where each particle neighborhood comprises all the

include it.

other particles in the swarm. Other topologies were later
introduced (Kennedy ; Kennedy & Mendes ; Poli

The MOFIPS algorithm

et al. ) such as the ring (Figure 2(b)), lattices (Figure 2(c)),
or clustered geometries (Figure 2(d)), as well as custom topol-

In MO optimization (MO) problems, several conﬂicting

ogies and random graphs. Each topology provides a different

objective functions have to be minimized concurrently

balance between the exploration and exploitation phase of

(Deb ). In this study, we address cross-validated PSO-

the search, and their performances may vary greatly depend-

ANN training as a bi-objective optimization problem in

ing on the optimization problem at hand. The same topology

which the two objective functions to minimize are the

is found to affect the search process in a very different way

mean-squared-errors (MSEs) of the ANN approximations

depending on which version of the swarm optimization algor-

on the training (MSET) and validation dataset (MSEV),

ithm is being employed. For instance, the ball topology

respectively. The two MSEs are conﬂicting since an

hastens convergence and penalizes variety in canonical

improvement of one statistic due to over-ﬁtting will result

PSO since one global best is selected for all the particles in

in a loss of performance on the other dataset. The most

the swarm. On the other hand, the same arrangement greatly

common strategy employed to solve MO problems is that

promotes diversity in the FIPS since every particle contrib-

of Pareto-optimality (Gill et al. ; Reddy & Kumar

utes to the movement of each other particle in the swarm.

). Due to the existence of multiple objective functions,

In addition, while the particle’s own position is always

the ﬁnal outcome returned by a Pareto-based algorithm is

Figure 2

|

Examples of swarm topologies: (a) ball; (b) ring; (c) lattice; (d) cluster.
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not a unique solution, but rather a set of equally good candi-

Pareto-front are not stored separately in an archive but

dates presenting different trade-offs with respect to the

they are added to the original swarm topology, which is

objectives. These solutions are said to be non-dominated

now allowed to change. This is shown in Figure 4 for a

or Pareto-efﬁcient, meaning that there is no other candidate

swarm with four particles and one leader L. The directed

showing simultaneously a higher ﬁtness value in each of

connections originating from L indicate that the particles

the objective functions to minimize. When plotting the

in the Pareto-front are not subjected to the inﬂuence of the

values of the objective functions against each other, the set

other particles, therefore they will not move during the

of non-dominated solutions describe a frontier known as

optimization step and their velocity is set to zero. Leading

the Pareto-front, which is displayed in Figure 3 for the

particles are instances of the non-dominated positions

cross-validated PSO-ANN training case. A successful algor-

found during the search, acting as guides or centers of attrac-

ithm should return a set of solutions which are close to

tion for the entire swarm. The Pareto-front is updated at

the real Pareto-front and equally distributed along the fron-

each iteration by including new non-dominated positions

tier. MO generalizations of the PSO (MOPSO) algorithm

until a maximum size M of the front is reached. After this

usually implement the Pareto-based approach by maintain-

maximum is reached, the update will be carried out after

ing a set of non-dominated particle positions with respect

taking into account the crowding distance associated with

to the swarm, known as leading or guiding particles. The

each non-dominated position. The crowding distance is a

positions of these particles are stored separately for refer-

measure of the density of non-dominated positions in a cer-

ence, and the archive is updated constantly by including

tain area of the objective function space. It has been ﬁrstly

new non-dominated solutions and excluding those which

introduced as part of the non-dominated sorting genetic

end up being dominated at each optimization step. When

algorithm II (NSGA-II) to foster diversity among possible

the archive grows too big, clustering and trimming oper-

solutions (Deb et al. ). The MOFIPS promotes diversity

ations are carried out to retain those representative

in the Pareto-optimal set by retaining only the ﬁrst M pos-

solutions offering the most uniform spread along the

itions with the highest crowding distances and discarding

Pareto-front. The other particles in the swarm can access

the others. To improve swarm convergence and prevent

the archive and direct their search by picking up sensible

local minima entrapment a turbulence factor is introduced

leaders through a variety of selection schemes (Reyes-

in the form of a polynomial mutation operator (Deb ).

Sierra & Coello Coello ). In this study, we introduce a

The MOFIPS algorithm thus described requires the speciﬁ-

MOFIPS based on Pareto-dominance, which represents an

cation of three more parameters with respect to the single

extension of the single objective FIPS algorithm described

objective FIPS. These are the maximum number M of par-

in earlier paragraphs. The leading particles forming the

ticles in the Pareto-front, as well as the percentage μ of

Figure 3

|

Pareto-front for the PSO-ANN training case.
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particles dimensions subjected to turbulence, and the par-

(SPEA) (Zitzler & Thiele ). The comparison is carried

ameter η controlling the probability distribution of the

out on a set of both unconstrained and constrained test pro-

polynomial operator. Preliminary trials not reported here

blems for which the Pareto-optimal set is known. For the

have shown that simplifying the FIPS equations results in

purpose of this study, only MOFIPS performances for

better MOFIPS performances. In particular, the abstract

unconstrained optimization were considered. In particular,

position P m in Equation (5c) is now computed as a basic

the MOFIPS algorithm was tested for the unconstrained ver-

weighted sum of its neighbors’ best positions (ﬁxed neigh-

sion of the SCH, FON, ZDT1, ZDT2, ZDT3 and ZDT6

bors plus leading particles). In particular, each dimension

problems. The performances were estimated using the

of the kth neighbor best position P k is multiplied by the


P
same weight φk = k ∈N φk , where φk is a uniform

same two performance measures employed in Deb et al.

random number between 0 and 1. The MOFIPS formulation

both the convergence to a known Pareto-optimal set and the

can be thus expressed as:

spread among the solutions returned by the algorithm.

(), which are particularly effective in directly evaluating

These two measures are, respectively, called the converV t ¼ χ ðV t1 þ φmax ðP m  X t1 ÞÞ

(6a)

gence metric Υ and the diversity metric Δ. A value of zero
of Υ entails perfect convergence of the algorithm solutions

X

Pm ¼

k ∈N

P



φk

k ∈N

φk

to a chosen subset of points in the optimal Pareto-front.

Pk

(6b)

Accordingly, a zero value for the diversity metric Δ will
identify that a set of solutions spans uniformly the entire
Pareto-front, including the extremes. The reader is referred

X t ¼ X t 1 þ V t

(6c)

to the original paper for information on how these two
metrics are actually computed. For fair comparison with

MOFIPS performances on benchmark tests

the results reported in the study, the same maximum of
25,000 function evaluations was set as the termination cri-

MOFIPS performances were assessed on the experiments

terion for each MOFIPS simulation run. In Tables 1 and 2,

proposed in Deb et al. () for testing the NSGA-II algor-

the mean and variance of the two performance measures

ithm, one of the most widely used MO evolutionary

are reported for NSGA-II, SPEA and PAES as featured in

algorithms (MOEAs) these days. In their work, the authors

the work by Deb et al. (). The statistics for a MOFIPS

compare the real and binary-coded version of the NSGA-II

conﬁguration are also displayed for comparisons. This con-

against two other common MOEAs, namely the Pareto-

ﬁguration represents a ring-structured swarm with 20

archived evolution strategy (PAES) (Knowles & Corne

particles, two neighbors per particle, a maximum size of

) and the strength Pareto-evolutionary algorithm

the Pareto-front M of 20 particles, with turbulence

Table 1

|

Mean (ﬁrst row) and variance (second row) of the convergence metric Υ (in bold text the lowest value recorded for each test problem)
SCH

FON

ZDT1

ZDT2

ZDT3

ZDT6

NSGA-II real-coded

0.003391
0.000000

0.001931
0.000000

0.033482
0.004750

0.072391
0.031689

0.114500
0.007940

0.296564
0.013100

NSGA-II binary-coded

0.002833
0.000001

0.002571
0.000000

0.000894
0.000000

0.000824
0.000000

0.043411
0.000042

7.806798
0.001667

SPEA

0.003403
0.000000

0.125692
0.000038

0.001799
0.000001

0.001339
0.000000

0.047517
0.000047

0.221138
0.000449

PAES

0.001313
0.000003

0.151263
0.000905

0.082085
0.008679

1.126276
0.036877

0.023872
0.000010

0.085469
0.006664

MOFIPS

0.003167
0.000000

0.001055
0.000000

0.003840
0.000002

0.002237
0.000001

0.003925
0.000000

0.011751
0.000818
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Mean (ﬁrst row) and variance (second row) of the diversity metric Δ (in bold text the lowest value recorded for each test problem)
SCH

FON

ZDT1

ZDT2

ZDT3

ZDT6

NSGA-II real-coded

0.477899
0.003471

0.378065
0.000639

0.390307
0.001876

0.430776
0.004721

0.738540
0.019706

0.668025
0.009923

NSGA-II binary-coded

0.449265
0.002062

0.395131
0.001314

0.463292
0.041622

0.435112
0.024607

0.575606
0.005078

0.644477
0.035042

SPEA

1.021110
0.004372

0.792352
0.005546

0.784525
0.004440

0.755148
0.004521

0.672938
0.003587

0.849389
0.002713

PAES

1.063288
0.002868

1.162528
0.008945

1.229794
0.004839

1.165942
0.007682

0.789920
0.001653

1.153052
0.003916

MOFIPS

0.254751
0.003146

0.373575
0.006032

0.382408
0.004072

0.375675
0.004741

0.498458
0.002196

0.432655
0.050052

parameters μ and η of 0.2 and 20, respectively. From the

ahead forecasting of river discharge in the North Fork

analysis of the results in the tables, it can be seen that

of the Shenandoah River, a ﬁfth-order stream of 169 km

MOFIPS compares extremely well against all the other

that drains an area of around 6,930 km2 of north eastern

MOEAs. The MOFIPS consistently outperforms every

Virginia. Daily river discharge observations are available

other algorithm in terms of the diversity metric Δ for each

from a gauging station in Strasburg, while daily precipi-

of the benchmark problems. Signiﬁcant improvements are

tation data are collected from a meteorological station

not only recorded against the less performing PAES and

in Waterloo sited around 35 km upstream from the gau-

SPEA, but also with respect to both versions of the NSGA-

ging

II. Results are also very promising when the convergence

discharge and rainfall were retrieved from the US Geo-

metric Υ is considered. The MOFIPS shows best conver-

logical Survey database, ranging from May 1985 to the

gence in half of the benchmarks problems (FON, ZDT3

end of December 2009. A sample of the recorded times

and ZDT6), with PAES coming ﬁrst once (SCH), and the

series is given in Figure 6.

station.

Around

9,000

observations

of

river

binary version of the NSGA-II twice (ZDT1 and ZDT2).
In addition, the MOFIPS appears to be the most balanced
among all the algorithms, showing good convergence for

RESULTS AND DISCUSSION

all benchmarks.
Input and model selection

STUDY AREA

The original time series were initially pre-processed to
remove outliers and additional inputs were formed by

The effectiveness of the MOFIPS for developing cross-

means of aggregating operators. In particular, 3-day and

validated NNRF models will be tested against SO

7-day moving averages of ﬂow observations, as well as

swarm optimization algorithms and gradient-based tech-

3-day and 7-day cumulated precipitation, were employed

niques on a streamﬂow forecasting application in the

to form a total of six input variables. Lagged time series

Shenandoah River watershed. The Shenandoah River is

up to 3 days were considered so that the total set of

a ﬂood-prone river in Virginia, USA, and is the principal

inputs comprised a total of 18 potential candidates. The

tributary of the Potomac River. The Shenandoah River is

input and output variables were rescaled in the [–1, 1]

originated by the conﬂuence of two tributaries, the South

range to facilitate ANN training, and the dataset was

Fork and the North Fork, which join their courses north-

then split into a training (40% of available dates), a vali-

east of the city of Front Royal in Warren County

dation (40% of available dates) and a test dataset (20% of

(Figure 5). In this work, we are concerned with 1-day

available dates). A constructive forward selection (CFS)
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Figure 5

|

Location of the Shenandoah River.

Figure 6

|

Sample of recorded total precipitation and streamﬂow discharge.
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scheme (Maier et al. ) was then implemented to select

30 particles that were disposed to form a ball of 30 neigh-

the optimal number of hidden neurons of the FNN, as well

bors, a ring of 30 particles with two neighbors each, a 6-by-

as the optimal combination of inputs among all candidates.

5 bi-dimensional lattice, and a clustered arrangement with

The CFS entails an incremental trial-and-error strategy

ﬁve niches of six particles each. For the MOFIPS case,

where an initial ANN with minimal complexity is trained

these topologies were tested with or without including

n times separately, each time having only one of the n can-

each particle in its own neighborhood. These cases will

didate variables as the sole input. The most signiﬁcant

be respectively identiﬁed as MOFIPS-w and MOFIPS-wo

input is chosen according to an optimality criterion, and

for the remainder of the discussion. The maximum

the search continues by looking for the next input among

number M of Pareto-front particles as well as the parameter

the remaining n–1 candidates to add to the model. This

η controlling the turbulence probability distribution were

procedure is repeated iteratively until the inclusion of

set to 30, while the percentage of particles subjected to tur-

further inputs does not yield any improvement of the

bulence was set to μ ¼ ð1=number of weightsÞ ≅ 0:023.

optimality criterion. When this event occurs, the ANN is

Each PSO/MOFIPS case was run a total of 20 times for

ﬁrst augmented with an additional neuron to its hidden

1,000 iterations, and a distribution of the performances

layer, and the search for new inputs is resumed from

on each dataset was obtained by extracting the best per-

where it had stopped. The search continues if adding a

forming particle of each run. The best performing

new input to the augmented model results in improved per-

solution for each PSO run was obtained by selecting the

formances, otherwise the CFS process is terminated and

particle with the best validation performances. On the

the model obtained at the previous step is returned. To

other hand, a strategy had to be developed to select a sol-

improve the reliability of the CFS scheme, the optimality

ution from the Pareto-front returned by each MOFIPS

criterion in this study was chosen as the median value of

run. Each solution in the Pareto-front is by deﬁnition

the validation MSEs obtained by training each ANN

equally efﬁcient with respect to the objectives; however,

model with 100 restarts. Due to the computational effort

the solutions at extremes of the frontier are more likely

needed to perform the CFS, the ANNs were trained using

to over-ﬁt one of the two datasets. Accordingly, the sol-

the LM method, which is the fastest training technique

utions located around the knee of the Pareto-front should

employed in this study. The optimal model returned by

theoretically have better generalization performances,

the CFS scheme was found to have six hidden neurons

especially if the algorithm is able to return a dense and

and ﬁve input variables, namely the streamﬂow discharges

equally spaced set of solutions. Although more sophisti-

up to 3 days ahead (t–1, t–2 and t–3), the rainfall measured

cated selection schemes could be implemented, in this

the previous day (t–1), and the 3-day cumulated rainfall

work, the optimal solution of each MOFIPS run was

computed at time t–3. The total number of weights (includ-

chosen as the one located at the knee of the frontier. The

ing ANN biases) in the optimal model was 43.

statistical comparison of PSO and MOFIPS performances
is reported in Table 3 for each employed topology in

Comparison of PSO and MOFIPS algorithms’

terms of the Nash–Sutcliffe coefﬁcient of efﬁciency

performances

(COE). Other goodness-of-ﬁt measures were employed for
the comparison, but these results were not reported since

The optimal model returned by the CFS scheme was

they will not add further insights to the analysis. From a

trained with SO PSO as well as the MOFIPS algorithm

ﬁrst glance at Table 3, it appears that the NNRF models

to check whether addressing cross-validated ANN training

trained with the MOFIPS algorithm clearly outperform

as a MO problem would result in improved performances.

than those obtained with standard PSO. With the excep-

The comparison was carried out using the four particle

tion of one topology, the median values of the COEs are

arrangements in Figures 2(a)–2(d) so to assess the impact

around 5% higher on the training and validation datasets,

of different topologies on the quality of the developed

and over 11% higher on the test dataset. These ﬁgures

NNRF model. All the employed topologies were made of

suggest that the MO approach to PSO-ANN training
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Training

Validation

Test

COE

COE

COE

Best

Worst

Median

Mean

STD

Best

Worst

Median

Mean

STD

Best

Worst

Median

Mean

STD

PSO
0.791

0.666

0.757

0.750

0.033

0.788

0.663

0.777

0.767

0.032

0.722

0.432

0.663

0.649

0.068

Ring

0.768

0.633

0.728

0.725

0.034

0.787

0.648

0.741

0.737

0.032

0.697

0.432

0.615

0.610

0.066

Lattice

0.785

0.704

0.746

0.744

0.021

0.784

0.724

0.753

0.753

0.018

0.714

0.531

0.637

0.629

0.045

Clustered

0.778

0.696

0.749

0.746

0.023

0.793

0.697

0.764

0.758

0.025

0.719

0.526

0.646

0.633

0.047

Ball

0.771

 0.025

0.753

0.714

0.174

0.772

 0.001

0.757

0.719

0.170

0.678

 0.008

0.634

0.604

0.145

Ring

0.805

0.754

0.784

0.783

0.012

0.792

0.765

0.782

0.781

0.008

0.741

0.662

0.704

0.704

0.021

Lattice

0.802

 0.029

0.783

0.743

0.182

0.795

 0.001

0.782

0.743

0.175

0.734

 0.004

0.708

0.670

0.160

Clustered

0.795

0.761

0.784

0.781

0.011

0.793

0.768

0.782

0.782

0.006

0.730

0.655

0.697

0.696

0.021

Ball

0.773

 0.022

0.753

0.716

0.174

0.779

 0.003

0.755

0.719

0.170

0.678

 0.004

0.637

0.607

0.146

Ring

0.790

0.748

0.777

0.775

0.011

0.794

0.754

0.780

0.779

0.010

0.732

0.629

0.686

0.688

0.027

Lattice

0.802

0.752

0.787

0.782

0.015

0.793

0.757

0.784

0.779

0.010

0.732

0.609

0.717

0.702

0.033

Clustered

0.803

0.762

0.786

0.784

0.012

0.798

0.760

0.780

0.781

0.009

0.731

0.645

0.710

0.699

0.028

MOFIPS-w

MOFIPS-wo
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introduced in this work provides more successful NNRF

updates, the CG with Polak–Ribiére (CGP) updates, and

models. The analysis of the results for each topology

the LM method. All these algorithms are included in the

shows that the efﬁciency of both PSO and MOFIPS

Neural Network Toolbox of the Matlab® computing suite,

depends on the adopted swarm arrangement. In particular,

which has also been employed to implement the swarm

the PSO seems to be more efﬁcient when the ball topology

optimization algorithms of this work. All the local search

is employed. This could be attributed to the higher conver-

methods were run with 100 restarts in order to prevent

gence speed provided by this arrangement under the PSO

poor minima entrapment, and the algorithm parameters

framework with respect to the other topologies. On the

were set as suggested by Matlab®. In Table 4, the NNRF

other hand, the increased ﬂow of information among

performances for the prediction of the Shenandoah River

neighbors penalizes the ball topology for both the

discharges are reported in terms of COE, root MSE

MOFIPS cases. These results are consistent with those

(RMSE), and the ratio of the RMSE to the standard devi-

obtained by comparing the PSO and FIPS algorithms on

ation (RMSE/STDEV). The values shown are for the best

benchmark trials (Mendes et al. ), although the

model in terms of validation performances selected

MOFIPS employs an alternative formulation of the fully

among those returned by each algorithm after 100 restarts.

informed velocity update (Equation (6b)). All the other can-

The second column of Table 4 reports the computational

didate topologies are more or less successful and there are

time needed by each algorithm to perform all the restarts.

no signiﬁcant differences between the MOFIPS-w and

It can be seen that the model obtained with the LM algor-

MOFIPS-wo cases. However, the MOFIPS-wo lattice com-

ithm outperforms all those obtained with the other local

bination is arguably the one providing the best results

search methods on each dataset, except for the CGF-

overall, with the MOFIPS-wo clustered geometry coming

trained ANN that shows basically the same performances

a close second.

on the test dataset. Nonetheless, while the LM is the fastest
algorithm, the CGF is the slowest and it needs a much

Comparison of MOFIPS and gradient-based algorithms’

longer computational time to provide the model with this

performances

level of accuracy. The superiority of the LM over CG
methods was also reported in other studies (Hamed et al.

After showing the superiority of MOFIPS over standard

; Adamowski & Karapataki ). The last row of

PSO for cross-validated training, an experiment was carried

Table 4 shows the performances of a MOFIPS run for com-

out to assess how the proposed MO approach would com-

parison with the gradient-based techniques. The results

pare against four of the most advanced local search

were obtained with the MOFIPS-wo lattice conﬁguration,

algorithms employed for NNRF development and ANN

this time after running 4,000 iterations to ensure conver-

training (Hamed et al. ; Chen & Chang ; Ada-

gence. The optimal MOFIPS solution was selected

mowski & Karapataki ). These algorithms are the

according to the scheme presented in the previous para-

scaled CG (SCG), the CG with Fletcher–Reeves (CGF)

graph. From the analysis of the results, it emerges that

Table 4

|

Comparison of PSO and gradient-based techniques for cross-validated ANN training
RMSE (m3/s)

RMSE/STDEV

COE

Training algorithm

Time (s)

Training

Validation

Test

Training

Validation

Test

Training

Validation

Test

LM

541

12.283

12.917

9.091

0.418

0.475

0.520

0.810

0.800

0.729

SCG

2,344

12.919

13.260

9.316

0.440

0.488

0.533

0.790

0.789

0.716

CGP

2,387

14.233

13.789

9.989

0.484

0.507

0.572

0.745

0.772

0.673

CGF

3,075

12.865

13.138

9.145

0.438

0.483

0.523

0.792

0.793

0.726

MOFIPS-wo lattice

956

12.232

13.147

8.822

0.416

0.484

0.505

0.812

0.793

0.745
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the MOFIPS algorithm compares well against the gradient-
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SUMMARY AND CONCLUSIONS

based methods both in terms of time and model accuracy.
Although slower than the LM, the MOFIPS is able to

In this study, we propose a MO approach for cross-validated

provide the NNRF with best generalization ability in 1/3

swarm optimization training of ANNs to be used for stream-

to 1/2 of the time employed by the CG algorithms to

ﬂow forecasting purposes. We suggest that addressing cross-

perform 100 restarts. The improvements provided by the

validated training as a SO problem may hinder the optimiz-

MOFIPS on the test dataset range from a minimum of

ation process performed by the swarm as it penalizes the

2% for the LM to a maximum of 10% for the CGP,

exploratory behavior of the algorithm. In addition, the speci-

which is the worst performing algorithm. More insights

ﬁcation of two different objective functions in the

on the relative NNRF performances can be obtained by

acceptance rule for particle position update renders the

inspecting the hydrograph ﬁttings graphically, as done in

optimization problem intrinsically MO, thus it should be

Figure 7 for a sample of the training dataset. It can be

treated as such. We therefore introduce a MOFIPS and

seen that the NNRF model obtained by the MOFIPS and

employ it to calibrate a NNRF model for a streamﬂow pre-

the LM tend to better approximate the peaks in streamﬂow

diction application in the Shenandoah River watershed.

discharge due to rainfall. On the other hand, all the

After validating MOFIPS performances on benchmark

neural networks seem to perform equally well in predicting

tests, the algorithm is ﬁrst tested against the standard PSO

the falling limbs of the hydrographs after a storm event.

on the case study application. After assessing the superiority

The CGP-trained model seems to suffer from timing

of the proposed MO approach over SO cross-validated train-

errors in predicting the streamﬂow peaks. This is more

ing, the performances of the MOFIPS algorithm on the case

likely to happen when there is an excessive imbalance

study application are checked against those of four

in the relative importance of past streamﬂow input

advanced gradient-based techniques in multi-start mode.

features over rainfall ones, suggesting that 100 restarts

The NNRF model produced by the MOFIPS algorithm is

were not sufﬁcient for the CPG algorithm to escape poor

found to outperform those built with all the other gradient-

minima.

based algorithms, including the LM method. With the

Figure 7

|

Comparison of model predictions.
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exclusion of the LM, such improvements are obtained with a
signiﬁcant reduction in the computational costs, especially
in comparison to the slower methods of the CG family.
Although further research is needed to thoroughly assess
the effectiveness of the proposed MO training scheme for
NNRF development, the ﬁndings of this work are certainly
encouraging with respect to some results remarking the
inferiority of SO swarm optimization (Piotrowski & Napiorkowski ). In this regard, it would be particularly
interesting to check whether similar MO schemes can
beneﬁt NNRF training when other global optimization
algorithms are used.
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