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occurs due to the limited evaluation of the ANN performances over just one or few network
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ANN architecture space is performed. The best classifier among all, which is trained over a dataset of
river macroinvertebrate specimens, is then used in the MUVIS framework for the efficient search and
retrieval of particular macroinvertebrate peculiars. Classification and retrieval results present such a
high accuracy that can match experts' ability for taxonomic identification.
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Abstract-- Aguatic ecosystems are continuously threatened by a growing number of human induced changes.
Macroinvertebrate biomonitoring is particularly efficient in pinpointing the cause-effect structure between slow and subtle
changes and their detrimental consequences in aquatic ecosystems. The greatest obstacle to implementing efficient
biomonitoring is currently the cost-intensive human expert taxonomic identification of samples. While there is evidence
that automated recognition techniques can match human taxa identification accuracy at greatly reduced costs, so far the
development of automated identification techniques for aquatic organisms has been minimal. In this paper, we focus on
advancing classification and data retrieval that are instrumental when processing large macroinvertebrate image datasets.
To accomplish this for routine biomonitoring, in this paper we shall investigate the feasibility of automated river
macroinvertebrate classification and retrieval with high precision. Besides the state-of-the-art classifiers such as Support
Vector Machines (SVMs) and Bayesian Classifiers (BCs), the focus is particularly drawn on feed-forward artificial neural
networks (ANNs), namely multilayer perceptrons (MLPs) and radial basis function networks (RBFNSs). Since both ANN
types have been proclaimed superior by different investigations even for the same benchmark problems, we shall first
show that the main reason for this ambiguity lies in the static and rather poor comparison methodologies applied in most
earlier works. Especially the most common drawback occurs due to the limited evaluation of the ANN performances over
just one or few network architecture(s). Therefore, in this study, an extensive evaluation of each classifier performance
over an ANN architecture space is performed. The best classifier among all, which is trained over a dataset of river
macroinvertebrate specimens, is then used in the MUVIS framework for the efficient search and retrieval of particular
macroinvertebrate peculiars. Classification and retrieval results present such a high accuracy that can match experts’
ability for taxonomic identification.

Index Terms-- Biomonitoring, classification, radial basis function networks, multilayer perceptrons, Bayesian Networks,
Support Vector Machines, Benthic macroinvertebrate.

I. INTRODUCTION

IT is an unfortunate fact that aquatic ecosystems are facing a growing number of anthropogenic

pressures operating at several temporal and spatial scales (e.g. eutrophication, global warming).
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Well planned biomonitoring is essential to detect the cause-effect structure between the often
subtle pressures and their ecosystem consequences. The resulting growing global need to
implement more biomonitoring is apparent but due to the cost-intensive human expert taxonomic
identification of samples, this need cannot currently be met. Automatic and semi-automatic
signal and image processing techniques have been successfully applied in similar fields of
application to solve such challenges. For instance, automatic image recognition techniques of
aquatic phytoplankton have been shown to match human taxa identification accuracy at a greatly
reduced cost [1]. Despite their obvious potential, the development of automated taxa
identification techniques has long been hampered by the reluctance of taxonomic experts to
embrace alternative methods of taxa identification. A detailed review on advances in automated
taxa identification [2] deemed misconceptions, the lack of vision and the lack of enterprise more
limiting to the development of automated taxa identification than actual practical constraints.
Research on automated recognition of aquatic organisms has mainly concentrated on plankton
[3], while automated classification and particularly retrieval of freshwater macroinvertebrates has
received little attention [4]. In a recent work based on SVMs [5] on a set of river
macroinvertebrates, mean correct classification rates of 88.2% and 75.3% have been achieved in
training and test sets, which match the levels of human accuracy for other aquatic taxonomic
groups [6].

In this paper, the primary goal is to develop a low-cost, automated and accurate benthic
macroinvertebrate classification and retrieval system for routine biomonitoring. In order to
accomplish this we shall investigate the state-of-the-art classifiers such as Support Vector

Machines (SVMs), Bayesian classifiers (BCs) and two most common feed-forward artificial

! This work was supported by the Academy of Finland, project No. 213462 (Finnish Centre of Excellence Program (2006 - 2011)
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neural networks (ANNSs): multilayer perceptrons (MLPs) and radial basis function networks
(RBFNs). SVMs are known to be efficient classifiers, i.e. they can classify test cases with a high
accuracy. BCs are simple to implement, and they are often efficient classifiers, i.e. they classify
test cases almost as accurately as more sophisticated and complicated classifiers, see e.g. [7].
Particular focus will be drawn on feed-forward ANNs since earlier work on classification of
aquatic organisms has shown that neural networks usually outperform decision trees [8] and
other classical statistical techniques [1]. ANNs have proven to perform complex classification
tasks, provided that a proper structure for the network is selected and a suitable training
technique is applied to a sufficiently representative set of data. In order to achieve the highest
retrieval performance possible, among all classifiers investigated, the best classifier, which
achieves the minimum classification error (CE) in the test (validation) set, thus showing the
utmost generalization ability, will then be used for retrieval within a Benthic macroinvertebrate
image database. Finally, in order to achieve a low-cost application and avoid computationally
extensive features, we use only a simple and basic feature extraction technique composed of
mainly geometrical and statistical features. In this way the efficiency of the classifiers will also
be clearly investigated and tested against the limited discrimination power of those simple
features.

A certain ambiguity arises when comparing the performance of ANNSs or to search for the best
ANN type or configuration among many alternatives. For instance most of the biomedical
applications of ANNs use the well-known MLPs [9]. Some promising results have also been
gained with another basic type of feed-forward ANN, the RBFNs [10]. Compared to MLPs, the
internal operation of RBFNSs is easier to comprehend and faster training algorithms are available

for them [11]. However, the use of RBFNSs for practical purposes is still quite limited. One of the
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reasons is certainly that the comparison results between the two ANN types are varying and
sometimes even contradictory. Several articles report better results with RBFNs than MLPs with
applications in function approximation [12], image segmentation [13], speaker recognition [14],
modeling of rating curves in hydrology [15], etc. Yet some articles have found MLPs to perform
better than RBFNs when applied to, for example, remote sensing classification [16] and
automatic speech recognition [17]. Several comparisons of MLPs and RBFNs have also been
conducted within the biomedical domain, but the results are equally varying.

To address this problem, we shall first show that the major cause for such inconsistencies is
due to the fact that the evaluation methodologies used are limited or rather deficient and often
biased. For instance, in most comparative evaluations of MLPs and RBFNs, only one or few
network architecture(s) are considered. We shall demonstrate that there are significant variations
between performances of different architectures especially with MLPs. If this simple fact is
omitted, it can lead to either of the ANN types to be better on nearly any problem. Moreover, the
training method for both network types, the well-known back-propagation (BP) yields
significantly varying network parameters (weights and biases) after each training session and thus
a limited number of training runs cannot yield statistically significant performance measures and
accurate evaluations. In order to clarify such varying or even contradictory results of the previous
studies, we first propose an accurate and in-depth performance assessment approach for
comparing these two common network types. In the current work, we evaluate the classification
error (CE) over the training and the test sets and as performance criteria we use the mean and the
minimum errors that an ANN classifier of a particular type can achieve. We also analyze the
variations of these errors among different architectures for each network type in order to

investigate the dependence of the classification performance on the variations of the network
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configurations. In the proposed assessment scheme, to avoid the bias of the network architecture
used, rather than focusing on only one or few architectures, we propose that the evaluations are
performed over an architecture space containing a large variety of ANNs, e.g. from the simplest
single-layer perceptrons (SLPs) to the MLPs with several hidden layers and several neurons; and
similarly, from the simplest RBFNs with few hidden neurons to networks with many hidden
neurons.

Following performance evaluation of ANN classifiers using the proposed assessment
methodology and comparison with the other two common classifier types (SVMs and BCs), the
best classifier, which vyields the best generalization capability (the lowest CE in the
test/validation set) is then integrated into the search engine of the MUVIS [18] and used for the
(dis-) similarity distance computation within the similarity-based queries. In this way we shall
demonstrate that the retrieval performance can be significantly improved, particularly as
compared to the traditional query methods.

The rest of the paper is organized as follows. Section Il surveys the related work on all
classifiers used in the present work and discusses briefly their training methods. The proposed
approach for feature extraction, classification and retrieval in macroinvertebrate databases with
the detailed discussion over the proposed assessment system for evaluating ANN classifiers are
presented in Section Ill. Section IV provides the classification and retrieval experiments
conducted over Benthic macroinvertebrate image databases and discusses the results. Finally,

Section V concludes the paper and proposes topics for future research.
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Il. RELATED WORK

A. Support Vector Machines

SVMs are a modern computational data analysis method to classify data mainly to two
classes [19] - [21]. The idea is to find a hyperplane that optimally separates a given dataset, i.e,
has the maximal margin between the data points and the hyperplane. In the linear case this is
illustrated in Figure 1. To handle non-linearly separable cases the so called “kernel trick” is used.
Instead of finding the hyperplane directly in the given feature space, a nonlinear mapping
(transformation) is applied to the data. In this usually higher dimensional space it is possible to
build a linear hyperplane to separate two classes optimally instead of possibly poorer
classification opportunities in the original dimension (e.g. see conceptual illustration in Figure 2).

This results in a non-linear classifier in the original feature space.
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Figure 2:Non-separable sets and transformation to a non-linear classifier.
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Classes refer to different macroinvertebrate species in the current context. Since this is a
multiclass problem, (i.e., there are more than two classes) SVMs have to be extended to handle
such problems. Up to date multiclass classification with SVMs is an ongoing topic in the
research community. There are two main approaches for multiclass extensions. One approach is
based on training several binary classifiers and combining their results. It is possible to divide the
training data of c classes to ¢ sub-problems so that the training data of each class is separated
from the union of the other c-1 classes and this dichotomy is alternately repeated for all c
divisions. A separate SVM is then trained for each of c divisions. The other approach considers
all the data at once in a single optimization task (e.g. see [22] and [23]). In [24] the former
approach was found slightly more practical.

In this work we apply SVM implementation as described in [25] that uses the following “one-
against-one” methodology (also described in [26]) for multiclass problems. The training
problem is divided into c(c-1)/2 sub-problems so that each pair of classes is used to train one
classifier that separates those two classes. In classification a voting strategy is used. Each of the
c(c-1)/2 classifiers is applied to the data (feature) point x which is then assigned to the class with

the majority of the resulting predictions.

B. Bayesian Classifiers

Bayesian classifier (BC) is a traditional method for classifying data of several classes using
features of class individuals and prior knowledge of proportions of each class. The rules on
which classification decisions are based are expressed in terms of probabilities [19].
Mathematically speaking, we consider the class w of an individual to be a random variable

having valuesw,,..., w, and corresponding probabilities P(w,),..., P(w,), which are called prior

probabilities. Furthermore, features of each class, x ={x,.., X, }, are assumed to be generated by
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a statistical model, whose distribution, in the case of continuous features, is expressed by the

probability density function (or likelihood) f(x|vvi). This model can, for example, be a

multinormal distribution. Our interest is focused on the posterior probability, that is the
probability of each class given the features x of an individual. According to Bayes’ rule, this

posterior is formulated as,

F (xw, )P(w,
P(wi[x) = —(Xh;v'()x) W) @

where f (x) is the probability density function of features x. An integral part of the posterior is
the product of the likelihood and the prior while f (x) can be interpreted as a scaling factor. When
making the decision of the class of an individual with its features x, the natural choice is to

choose the class for which the posteriorP(wi|x) IS maximum. This is the so-called Bayesian

decision rule and it can be shown that it minimizes the average error probability. When training
the Bayesian classifier, the statistical model of features needs to be estimated from the training
samples. For instance in the case of Gaussian features the Bayesian decision rule of classification
is simply reached by estimating the mean and covariance matrix for each class that are extracted

from the training samples.

C. Artificial Neural Networks
An ANN consists of a set of connected processing units, usually called neurons or nodes.
ANNSs can be described as directed graphs, where each node performs some activation function
to its inputs and then gives the result forward to be the input of some other neurons until the
output neurons are reached. ANNs can be divided into feed-forward and recurrent networks
according to their connectivity. In a recurrent ANN there can be backward loops in the network

structure, while in feed-forward ANNSs such loops are not allowed. Furthermore, feed-forward
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ANNSs are usually organized into layers of parallel neurons and only connections between
adjacent layers are possible. All layers besides the input and output layers are called hidden
layers. The input layer is just a passive layer, where no computations are carried out and it is not
counted to the total number of layers. The active neurons perform an activation function f of the

form,

N|71
v = f[ZW',-kyF "1—9&} @
i1

where y?'is the output of neuron k of layer |, when pattern p is fed to the ANN, N'"is the total
number of neurons in layer I-1, vv’jk is the connection weight between neuron j in layer I-1 and

neuron k in layer |, 6; is the bias of the neuron k in layer I. For the first processing layer (the

pl-1
j

layer right after the input layer) vy =yj"’0 is naturally the j™ dimension of the input

pattern X" ={X1p,---,Xf,---,X,ﬂi } The number of input neurons N, and the number of output

neurons N, for ANNs are defined by the problem, while the number of hidden layers and the

number of neurons in each hidden layer is somehow decided usually by an expert and with

respect to the problem. A sample feed-forward ANN is illustrated in Figure 3. It has three layers

(two hidden layers and the output layer). Figure 3 also shows the connection weights szl and the

bias 6* for the first neuron in layer 2.
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Figure 3: An example of fully-connected feed-forward ANN.

The most common ANN type is the multilayer perceptron (MLP) [9]. It is a feed-forward
network, which contains one or more layers of hidden neurons. The degree of neuron
connectivity is usually high and the neurons have nonlinear activation functions, but the
nonlinearity is smooth (differentiable everywhere). The use of nonlinear activation functions is
essential because otherwise the MLP could always be reduced to a single-layer perceptron (SLP)
without changing its capabilities. A commonly used activation function is the tangent hyperbolic
(tanh) function which is defined as follows:

- N

e
pl _ I \,pl-1 I
e—<vk”") where v = E W Y — 6 (3)
+ j=1

p.l p.l e _
o =tanh(v.,") =

e(vf")

Another popular type of feed-forward ANN is the radial basis function (RBF) network [10],
which has always two layers in addition to the passive input layer: a hidden layer of RBF units
and a linear output layer. Only the output layer has connection weights and biases. The activation

function of the k™ RBF unit is defined as

X —
Y. - (/{II ukll} (@)

2
Oy
where ¢ is a radial basis function or, in other words, a strictly positive radially symmetric

function, which has a unique maximum at N-dimensional center, and whose value drops
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rapidly close to zero away from the center. o, is the width of the peak around the center y, . The
activation function gets noteworthy values only when the distance between the N-dimensional
input X and the center x4, ,|X — s, is smaller than the width o,. The most commonly used

activation function in RBFNSs is the Gaussian basis function defined as,

|X =4 ”2 (5)
=exp| ——— |,
Ye DL 20'k2
where x4, and o, are the mean and standard deviation, respectively, and || || denotes the

Euclidean norm. More detailed information about MLPs and RBFNs can be obtained from [9].

D. The Back-propagation Algorithm

Back-propagation (BP) [27] is the most commonly used training technique for feed-forward
ANN:Ss. It is a powerful supervised training technique which has been used in pattern recognition
and classification problems in many application areas. BP has the advantage of applying directed
search and has strong local search ability. However, BP is just a gradient descent algorithm in the
error space, which can be complex and may contain many deceiving local minima (multi-modal).
Therefore, BP gets most likely trapped into a local minimum, making it entirely dependent on the
initial (weight) settings. There are many BP variants and extensions trying to address this
problem, [9], [28], [29], yet the performance and computational cost of each algorithm varies
with respect to the problem at hand; and the question of which ANN architecture (number of
layers and interconnections, number of nodes, etc.) should be used for a particular problem still

remains unanswered. The BP algorithm can be summarized as follows:

1. Initialize the weights W'jk and biases 6, randomly. For RBF-networks initialize also the peak
centers x4, and o, .

2. Feed pattern p to the network and compute the output y,”' of each neuron.
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3. Calculate the error between the computed output y,”° of each output neuron and the desired

output tf as e)° =t —y °.

p
4. For each neuron k, calculate the partial derivatives a@% where EP"is the total error energy
k

defined as EP =%Z(ek"'°)2 and h, is a uniform symbol for each parameterw, ,6,, . and o,.

keo
The name of the back-propagation algorithm comes from the fact that one starts to calculate the
local gradients from the output layer and then iteratively proceed backwards toward the input
layer. The formulas for calculating the local gradients for MLPs and RBFNs can be found in [9]
and [30], respectively.

5. Update the parameters as follows:

OE? (6)
ohy

h(t+)=h -7
where 7 is the learning rate parameter.
6. Repeat steps 2-5 until some stopping criteria is reached.

One complete presentation of the training set is called an epoch. Usually many epochs are
required to obtain the best training results, but, on the other hand, too many training epochs can
lead to over-fitting. In the above realization of the BP algorithm the network parameters are
updated after every training sample. This is called the online or sequential mode. The other

possibility is the batch mode, where all the training samples are first presented to the network

i - 13
and then the parameters are adjusted so that the total training error E = —ZZ(ek“"")2 , Where P
p=1 keo

is the number of training samples, is minimized instead of E”. The sequential mode is often
favored over the batch mode as it requires less storage space. Moreover, the sequential mode is

less likely to get trapped in a local minimum as updates at every training sample make the search
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stochastic in nature. However, the stochastic aspects also make it difficult to derive theoretical
conditions for the convergence of the sequential BP mode, while for the batch mode the
convergence to a (local) minimum can be guaranteed under simple conditions. Also most of the
existing improvement strategies are based on the batch mode.

In this study we use sequential BP mode for MLP training and SuperSAB enhancement [31] of
the BP algorithm when training RBFNs. The main difference in SuperSAB is that it modifies the
update-values for each parameter according to the sequence of signs of the partial derivatives.
This only leads to a faster convergence, while the problems of a hill-climbing algorithm are not

solved. Further details about BP and SuperSAB can be found in [31] and [32], respectively.

I1l. CLASSIFICATION AND RETRIEVAL IN MACROINVERTEBRATE DATABASES

A. Dataset Creation and Feature Extraction

The Benthic macroinvertebrate image dataset used in this work consists of 1350 images
representing 8 different taxonomical groups: Baetis rhodani, Diura nanseni, Heptagenia
sulphurea, Hydropsyche pellucidulla, Hydropsyche siltalai, Isoperla sp., Rhyacophila nubila and
Taeniopteryx nebulosa. Members from the same taxonomical group were imaged by a flatbed
scanner, digitized, normalized and eventually each macroinvertebrate in each scan was saved as
an individual image. Three individuals from four taxonomical classes are shown in Figure 4 and
demonstrate some crucial properties of the data: specimens are semi-rigid so that the actual shape
may vary from one sample to another. Furthermore, there can be overlapping, repetitions,
rotations, scaling and variations in the intensity levels, all of which make the classification
problem even more challenging and the need for a powerful classifier is imminent to match the

accuracy of expert-level human classification.
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(A) (B) (©) (®)] (E) (F)
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Figure 4: Three samples from Baetis rhodani (top: A, B, C), Diura nanseni (top: D, E, F), Hydropsyche
pellucidulla (bottom: A, B, C) and Heptagenia sulphurea (bottom: D, E, F) classes.

Feature extraction and selection depend on the data and the classifier used. As such, features
can be seen as a part of the classifier system itself. However, such feature selection in case of
images has remained empirical science as there are many possible features and an enormous
amount of their combinations. Examples of classical features are various edge, curve, ridge, blob,
and corner based features, shape descriptors [33] such as various moments and Fourier
descriptors, simple textural features such as histograms of intensity, gradient [5] and gray-scale
co-occurrences [34]. Current state-of-the-art feature extraction methods include Local Binary
Patterns [35], Gabor packet based methods [36], Co-occurrence matrices [37], scale invariant
features of SIFT algorithm [38] and various other orientation based features such as in [39].

Among all these possibilities, in order to achieve a low-cost solution and to demonstrate the
efficiency of the proposed classifier for similarity-based retrieval, we have applied a simple and
basic feature extraction technique composed of mainly geometrical and statistical features. 15-D
features of each macroinvertebrate image are extracted by using ImageJ [40], which is a public
domain, Java-based image processing program. The following set of 15 features are selected by
using ImageJ’s built in measurement and analysis functions: pixel value (grayscale) statistics

{u,0, Mode, Median, IntDen, Kurtosis, Skewness} and geometric features {Area, Perimeter,
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Width, Height, Ferret, Major, Minor, Circularity}, for which ImageJ performs a simple
thresholding operation to extract the binary mask of each macroinvertebrate sample. The detailed
description of these features can be found in [40]. In a pre-processing step, each feature vector is
then normalized to have a zero mean and linearly scaled into [-1, 1] interval before being

presented to the classifier.

B. The Assessment Methodology for Feed-forward ANNs

In order to objectively assess the performance of MLPs and RBFNs, we apply exhaustive BP
training over a wide variety of network architectures whilst keeping in mind that too complicated
configurations may not be applicable in practice. In this way we can avoid the bias or possible
effect of a particular network on the performance, while many of the aforementioned studies
failed to do so as they were mostly performed using only one or few fixed network
architecture(s). For training, the tangent hyperbolic activation function given in Eq. (3) was used
with MLPs while the Gaussian basis function given in Eq. (5) was used with RBFNSs.

The architecture space for MLPs may be defined over a wide range of configurations, i.e. say
from a SLP to complex MLPs with many hidden layers and neurons. Suppose that a range is
defined for the number of layers, {L,.;,, L,,..; and another for the number of neurons for each

layer I, {N..,N!_%}. Consequently, the architecture space can now be defined with only two

arrays, R, ={N,,Ny..- N> No} and R, ={N,.N; N Ny}, one for minimum

min?** min max?*** max !
and the other for maximum number of neurons allowed for each layer | of a MLP. The size of

both arrays is naturallyL_. +1, where the corresponding entries define the range of neurons

max

possible on the I™ hidden layer for all those MLP configurations, which have an I hidden layer.

L.,=1andL,, =L, can be setto any value meaningful for the problem at hand. The size of
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the input and output layers, {N,, Ny}, are defined by the problem (e.g. {N,, Ny} ={15,8} for the

current work) and remains the same for all configurations in the architecture space, while the

O©CO~NOOOTA~AWNPE

geometric pyramid rule (GPR) [41] may for instance be used as a rough guideline for setting the
range for the number of neurons in each hidden layer. All network configurations in the
architecture space are then enumerated into a hash table with a proper hash function, which
basically ranks the configurations with respect to their complexity, i.e. it associates higher hash
indices to architectures with higher complexity. The hash indices start from the simplest SLP and

proceed to the most complex network configuration with L, —1 hidden layers, each of which

has the maximum number of neurons given inR,,,,.

Table I. Sample MLP architecture space containing 49 MLP configurations.

Ind. Configuration Ind. Configuration Ind. Configuration
0 15x8 16 15x15x4x8 32 15x15x6x8
1 15x8x8 17 15x8x5x8 33 15x8x7x8
2 15x9x8 18 15x9x5x8 34 15x9x7x8
3 15x10x8 19 15x10x5x8 35 15x10x7x8
4 15x11x8 20 15x11x5x8 36 15x11x7x8
5 15x12x8 21 15x12x5x8 37 15x12x7x8
6 15x13x8 22 15x13x5x8 38 15x13x7x8
7 15x14x8 23 15x14x5x8 39 15x14x7x8
8 15x15x8 24 15x15x5x8 40 15x15x7x8
9 15x8x4x8 25 15x8x6x8 41 15x8x8x8
10 15x9x4x8 26 15x9%x6x8 42 15x9x8x8
11 15x10x4x8 27 15x10x6x8 43 15x10x8x 8
12 15x11x4x8 28 15x11x6x8 44 15x11x8x8
13 15x12x4x8 29 15x12x6x8 45 15x12x8x8
14 15x13x4x8 30 15x13x6x8 46 15x13x8x8
15 15x14x4x8 31 15x14x6x8 47 15x14x8x8

48 15x15x8x8

Take, for instance, the following range arrays, R, ={N,,8,4,N } andR,,, ={N,,15,8,N_},
which indicate thatL , =3. If L., =1 then the hash function enumerates all MLP

configurations in the architecture space as shown in Table I for {N,, N }={15,8}. The hash
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function associates index 0 with the simplest network configuration, which is the SLP with no
hidden layers. From indices 1 to 8, all configurations belong to 2-layer MLPs with 8 to 15

neurons in the single hidden layer (as specified in the 2" entries of arrays R_, andR

max)'
Similarly for indices 9 and up, 3-layer MLPs are enumerated in which the number of neurons in

the 1 and 2" hidden layers is varied according to the corresponding entries in R_. andR_ ..

Finally, the most complex MLP with the largest possible number of layers and the highest
number of neurons in each layer is associated with the highest index, d=48. Therefore, all 49
entries in the hash table span the architecture space with respect to the configuration complexity.
Since there is only one hidden layer for RBFNs, the number of hidden neurons can be directly
used for the architecture space indexing. In this work, we used an architecture space consisting of

26 RBFNs containing 10-35 hidden neurons.

C. Training of the Classifiers

Recall that in the Benthic macroinvertebrate image dataset used in this work, 15-D features are

extracted per image and there are 8 classes, which make the input and output layer sizes as

{N,,N,}={15,8}. In order to evaluate the effect of the data partitioning, we created 10 different

training and test partitions over the entire dataset, each with randomly chosen 650 and 700
samples, respectively. Therefore, in each partition the training and test sets contain a random
shuffle of images whilst the test set has the majority (700) of the dataset. Figure 5 presents an
overview of classifier training for a particular training set. In order to accomplish an exhaustive
evaluation of ANN classifiers, 10 independent runs are performed with random parameter
initialization to compute the error statistics for each dataset partition and furthermore, the
training process is performed for each configuration in the architecture spaces so as to

accomplish the proposed assessment methodology as explained earlier. We consider the training
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CE and particularly the test CE, which is the primary objective of the classifier as it shows the
classification accuracy level achieved as well as the generalization capability of each network
type. Both training and test CEs shall then be evaluated by considering the mean and the

minimum errors achieved by each classifier.

Training Set

\ Expert Classifier
Labeling :

Feature
Extraction

adAL SSED

Data Acqusition

«+— FPre-Processing ——»

(7,0, N, w,6,..}

Figure 5: Overview of a classifier training.

For BP training, we have applied 10000 epochs for the training of both types of ANNs. The
increase and decrease factors of BP (SuperSAB) operations over RBFNSs are set to 1.05 and 0.25,
respectively. The learning rate for MLP training is set to 0.002. Such parameters for BP (high
iteration number and quite low learning rate / increase factor) are purposefully set to prevent
oscillations and to ensure convergence to a local optimum.

The support vector machines are applied with RBF kernel and automatic parameter selection.

The critical parameters for this kernel, C and y, are selected using cross validation and parallel

grid search. In cross validation the data is split into several folds. Then each fold is in turn

considered as a validation set for the rest of the data. The parameter selection is done by testing

15

the parameter space Cxy using a grid of, C=27,27,.,2" and y =27",27",...,2%. Parameters

resulting in highest cross-validation accuracy are used for the training. This approach is similar to
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what is described in [42] .
Finally, BCs are trained in such a way that the priors are set to be equal for each class. As the
statistical model of features the multinormal distribution is used when the classification rule is

reached by estimating the mean and covariance matrix of each class from the training sample.

IV. EXPERIMENTAL RESULTS

A. Classification Results

The classification performance evaluation of the SVMs and BCs are relatively straightforward
since both techniques have deterministic training methods, which do not depend on (random)
parameter initialization. So the training and test CEs per partition, as enlisted in Table 2, can
directly be used for comparative evaluations. It is clear that both classifiers show comparable
performance over the test sets. Yet minimum training CEs are achieved only by SVMs

performing consistently better classification results than BCs within the training sets.

Table 2: Train and test classification error statistics for SVMs and BCs per dataset partition. The best
(minimum) error statistics are highlighted.

Partitions Training CE Test CE
SVM BC SVM BC
Par-1 0.0108 0.0308 0.0729 0.0571
Par-2 0.0169 0.0338 0.0486 0.0714
Par-3 0.0123 0.0369 0.0571 0.0714
Par-4 0.0123 0.0492 0.0786 0.0657
Par-5 0.0092 0.0338 0.07 0.0786
Par-6 0.0108 0.0338 0.0614 0.0728
Par-7 0.0077 0.0276 0.0643 0.0786
Par-8 0.0077 0.0323 0.06 0.06
Par-9 0.0108 0.0338 0.0529 0.0728
Par-10 0.0123 0.04 0.0514 0.0728

In order to perform a comprehensive and systematic assessment of the performance of ANN

classifiers, we plot the error statistics (both training and test CEs) versus hash indices for each
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configuration in the architecture space(s). Note that a hash index simply corresponds to the
number of hidden (Gaussian) neurons for RBFNs and see Table I for the architecture space used

for MLPs. Due to space limitations we present results only on two partitions (1 and 3).

0.025 T T T T T T

T
‘ —+— Par-1 Min. —— Par-1 Mean - Par-3 Min. & Par-3 Mean‘

0.1 T T T T T
|+ Par-1 Min. —— Par-1 Mean o Par-3 Min. - Par-3 Mean

Figure 6: MLP Train (top) and test (bottom) CE statistics vs. hash index plots for partitions 1 and 3.

Figure 6 presents the training and test CE statistic plots obtained from MLP training over the
dataset partitions 1 and 3. Both plots clearly demonstrate that the MLP classification
performance significantly depends on the network configuration used since particularly the mean
training CEs vary among different MLPs more than 15%. Note that several MLP configurations
achieved 0% CE in the training set and less than 5% CE in the test set. Among all partitions, the
best MLP configuration, which achieves the minimum test CE (~3.57% corresponding to the
train CE ~0.77%) is obtained from the training of the partition 3, as indicated in the bottom plot

of Figure 6 (with index 13, equivalent to 3-layer MLP configuration 15x12x4x8).
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Figure 7: RBF train (top) and test (bottom) CE statistics vs. hash index plots for partitions 1 and 3.

Figure 7 presents the training and test CE statistics plots obtained from RBF training over the
same partitions (1 and 3). Note that the effect of different dataset partitioning is quite visible
here, i.e. different RBFN configurations yield the poorest classification performance (i.e. the two
peaks in the CE plot), as shown in the top plot of Figure 7. It is also worth mentioning that
compared to MLPs, RBFNs usually exhibit a monotonous and stable performance level, that is
somewhat independent from the network configuration even though (both training and test) CEs
get slightly lower as the network complexity (number of Gaussian neurons) rises. Yet RBFNs
exhibit the poorest classification performance level among all classifiers. This is in fact an
expected outcome since BP is just a gradient descent algorithm on the error space, and besides
weights and biases (as these are the only parameters computed for MLPs), it furthermore
computes 15-D centroids and variance per Gaussian neuron for RBFNs. In this case, the error
surface obviously becomes extremely complex and contains massive amount of deceiving local

minima. Therefore, BP in RBFN training most likely gets trapped into a local minimum earlier,



O©CO~NOOOTA~AWNPE

CLASSIFICATION AND RETRIEVAL ON MACROINVERTABRATE IMAGE DATABASES 22

making its classification performance entirely dependent on the initial settings.

The overall classification results, first of all, show that training and test performances of both
ANN types depend on the network architecture used and the dataset partitioning applied, each of
which has varying effects on the two performance criteria employed. This justifies the use of the
proposed assessment technique for both ANN types, MLPs and RBFNs, over Benthic
macroinvertebrate image dataset. Among all classifiers, the overall best classification
performance is obtained with the MLP configuration mentioned earlier and it is therefore, used to

improve the retrieval results, as detailed next.

B. Retrieval Results

The retrieval process in MUVIS [43] is based on the traditional query by example (QBE)
operation. The features of the query item are used for (dis-) similarity measurement among all the
features of the visual items in the database. Ranking the database items according to their
similarity distances yields the retrieval result. The traditional (dis-) similarity measurement in
MUVIS is computed by applying a distance metric such as L2 (Euclidean) between the feature
vectors of the query and the (next) database item. So in Benthic macroinvertebrate image
database, this corresponds to computing the Euclidean distance between two 15-D feature
vectors. In order to obtain the highest retrieval performance, we have chosen the MLP classifier
with the best generalization ability (i.e. the 3-layer MLP, which achieved the overall minimum
test CE for partition-3, with the following configuration: 15x12x4x8). When the classifier is used,
the same (L2) distance metric is now applied to the class vectors at the output layer to compute
the (dis-) similarity distance between the query and the (next) database image. Since the classifier
has an elegant discrimination capability among different class members, in this way the retrieval

performance can further be improved.
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The gold standard (or ground truth) data is available for the entire dataset we used. Basically a
retrieved image is relevant if it has the same class type (macroinvertebrate type) as with the query
image. For each query we used a search window, which is equal to the number of images
belonging to the query’s class. In order to measure the retrieval performance, we used an
unbiased and limited formulation of Normalized Modified Retrieval Rank (NMRR(q)), which is
defined in MPEG-7 as the retrieval performance criteria per query (q). It combines both the
traditional hit-miss counters; Precision and Recall, and further takes the ranking information into

account as given in the following expression:

N (q)

R(K)

AVR(q) = k:lil @ and W =2N(q)

2AVR(q)—N(q)—1<1
2W-N(@)+1 (7

iNMRR(q)

ANMRR=4t <1
Q

where N(q) is the minimum number of relevant (via ground-truth obtained by an expert in the

NMRR(q) =

field) images in a set of Q retrieval experiments, R(k) is the rank of the k™ relevant retrieval
within a window of W retrievals, which are taken into consideration during each query, g. If there
are less than N(q) relevant retrievals among W then a rank of W+1 is assigned for the remaining
(missing) ones. AVR(Q) is the average rank obtained from the query, g. Note that if the first N(q)
retrievals are all relevant, then NMRR(q)=0, and the best retrieval performance is thus achieved.
On the other hand, if no relevant item is retrieved among W then NMRR(g)=1, as the worst case.
Therefore, the lower NMRR(q) is, the better (more relevant) the retrieval for the query, g.
ANMRR is just the average of NMRR scores for all queries. Along with ANMRR, we also used
average precision (AP) measure and both measures are computed querying all (1350) images in

the database within a retrieval window equal to the number of ground truth images, N(q) for each
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query g. This henceforth makes the AP identical to average Recall and average F1 measures, too.

With the traditional approach (without classifier), we obtain ANMRR = 0.4757 and AP =
0.4912, indicating in fact a quite poor retrieval performance due to the limited discrimination
power of the simple features used. With the use of the classifier, the retrieval performance has
been improved to the level of ANMRR = 0.0397 and AP = 0.9558. This eventually presents such
a delicate solution that matches and even may surpass the accuracy of human experts when

identifying macroinvertebrate specimens.

Traditional qA With Classifier Traditional qB With Classifier
. - o

Figure 8: Four sample queries of Baetis rhodani (qA), Hydropsyche pellucidulla (qB), Heptagenia sulphurea
(qC) and Rhyacophila nubila (gD) with (right) and without (left) using classifier. Top-left is the query image as
well as the first retrieved image. Each irrelevant retrieval is marked with a red ‘X’

For visual evaluation, Figure 8 presents four typical retrieval results (from the snapshot of the
first page of MUVIS-MBrowser application) with and without using the proposed classifier. Note
that the retrieval results with the traditional approach are highly erroneous since many members

of irrelevant classes are retrieved even within the first 12 ranks. With the use of classifier, all
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retrievals in the first page (as well as in the second and third pages that are not shown therein due

to space limitations) are relevant.

V. CONCLUSIONS

In this paper, we addressed the problem of cost-intensive manual taxonomic classification and
retrieval of macroinvertebrate specimens by investigating the best classifier among powerful
state-of-the-art automatic classifiers. Among many alternatives, in order to demonstrate the
efficiency of the classifier and to propose a low cost solution, we have intentionally extracted
basic and simple features from the Benthic macroinvertebrate images. With the proper
normalization, the deterministic classifiers, SVMs and BCs achieved training and test CEs much
lower than 10%. Particularly SVMs performed quite well in the training sets, i.e. ~1% CE.

The performance of both types of ANN classifiers was evaluated by using a novel assessment
methodology, which can evaluate training (error minimization) and test (generalization)
performances of both ANN types, MLPs and RBFNs, with respect to different network
configurations whilst considering two statistical criteria, the mean and the minimum errors within
a certain number of training runs. The experimental results clearly demonstrate that both training
and generalization performance depend on the network configuration and the data partitioning
between training and test sets. The fact that most of the earlier comparative studies evaluate
network performances over only one or few network configurations, may lead to the erroneous
selection of either of the ANN types as the winner for any given problem. The proposed method
for performance assessment of ANN classifiers can also be used for other types of ANNs with
different training techniques and in other application areas. This is subject to our future work,

which will focus on comparison not only the ANN types but also different training methods such
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as BP versus evolutionary algorithms, particularly Genetic Algorithms and Particle Swarm
Optimization [44].

With the proposed in-depth assessment, the best classifier in terms of test (validation)
classification performance is obtained among MLPs and then used for the purpose of improving
similarity-based retrievals within the MUVIS framework. The retrieval results from the extensive
query experiments show that a high performance in retrieval accuracy is achieved, particularly

when compared to the traditional (without classifier) retrieval methodology.
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