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Abstract

In this paper, we tackle the problem of model selection when misclassification costs
are unknown and/or may evolve. Unlike traditional approaches based on a scalar
optimization, we propose a generic multi-model selection framework based on a
multi-objective approach. The idea is to automatically train a pool of classifiers
instead of one single classifier, each classifier in the pool optimizing a particular
trade-off between the objectives. Within the context of two-class classification prob-
lems, we introduce the ”ROC front concept” as an alternative to the ROC curve
representation. This strategy is applied to the multi-model selection of SVM classi-
fiers using an evolutionary multi-objective optimization algorithm. The comparison
with a traditional scalar optimization technique based on an AUC criterion shows
promising results on UCI datasets as well as on a real-world classification problem.

Key words: ROC front, multi-model selection, multi-objective optimization, ROC
curve, handwritten digit/outlier discrimination.

1 Introduction

Tuning the hyper-parameters of a classifier is a critical step for building an
efficient pattern recognition system as this crucial aspect of model selection
strongly impacts the generalization performance. In the literature, many con-
tributions in this field have focused on the computation of the model selection
criterion, i.e. the value which is optimized with respect to the hyperparame-
ters. These contributions have led to efficient scalar criteria and strategies used

∗ Corresponding author: Email address: Laurent.Heutte@univ-rouen.fr

Preprint submitted to Elsevier 24 February 2009



to estimate the expected generalization error. One can cite Xi-Alpha bound of
[24], the Generalized Approximate Cross-Validation of [33], the empirical error
estimate of [3], the radius-margin bound of [9] or the maximal-discrepancy of
[2]. Based on these criteria, hyperparameters are usually chosen using a grid
search, coupled with a cross-validation procedure. In order to decrease the
computational cost of grid search, some authors suggest to use gradient-based
techniques (e.g. [4], [25]). In these works, the performance validation function
is adapted in order to be differentiable with respect to the parameters to be
optimized.

All the approaches mentioned above, though efficient, use a single criterion as
the objective during the optimization process. Now, it is well known that a
single criterion is not always a good performance indicator. Indeed, in many
real-world pattern recognition problems (medical domain, road safety, biome-
try, etc...), the misclassification costs are (i) asymmetric as error consequences
are class-dependant; (ii) difficult to estimate (for example when the classifi-
cation process is embedded in a more complex system) or subject to change
(for example in the field of fraud detection where the amount of fraud changes
monthly). In such cases, a single criterion might be a poor performance indi-
cator.

One solution to tackle this problem is to use as performance indicator the
Receiver Operating Characteristics (ROC) curve proposed in [6]. Such a curve
offers a synthetic representation of the trade-off between the True Positive
rate (TP) and the False Positive rate (FP), also known as sensitivity vs.
specificity trade-off. One way to take into account both FP and TP in the
model selection process is to resume the ROC curve into a single criterion,
such as the F-Measure (FM), the Break-Even Point (BEP) or the Area Under
ROC Curve (AUC). However, we will show in the following that we can get
more advantages in formulating the model selection problem as a true 2-D
objective optimization task.

In this paper, our key idea is to turn the problem of the search for a global
optimal classifier (i.e. the best set of hyperparameters) using a single criterion
or a resume of the ROC curve, into the search for a pool of locally optimal
classifiers (i.e. the pool of the best sets of hyperparameters) w.r.t. FP/TP
rates. The best classifier among the pool can then be selected according to
the needs of some practitioner. Consequently, the proposed framework can be
viewed as a multiple model selection approach (rather than a model selection
problem) and can naturally be expressed in a Multi-Objective Optimization
(MOO) framework. Under particular conditions, we assume that such an ap-
proach leads to very interesting results since it enables a practitionner to (i)
postpone the choice of the final classifier as late as possible and (ii) to change
the classifier without a computationally expensive new learning stage when
target conditions change.
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Figure 1 depicts our overall multi-model selection process. The resulting out-
put of such a process is a pool of classifiers, each one optimizing some FP/TP
rate trade-off. The set of trade-off values constitutes an optimal front we call
”ROC front” by analogy with MOO field.

Fig. 1. Multi-model selection framework

The remainder of the paper is organized as follows. In section 2, we detail the
rationale behind the ROC front concept and illustrate how our multi-model se-
lection approach may provide solutions that outperform traditional approaches
in a MOO framework. Section 3 gives an overview of Multi-Objective Opti-
mization strategies and details the algorithm used in the proposed framework
to compute the ”ROC front”. Section 4 presents a particular application of our
approach to the problem of SVM hyperparameter selection and shows that our
method enables to reach more interesting trade-offs than traditionnal model
selection techniques on standard benchmarks (UCI datasets). In section 5,
we discuss ways of selecting the best model from the pool of locally optimal
models. Then, in order to assess the usefulness of our approach, we present in
section 6 its application on a real world classification problem which consists
in a digit/outlier discrimination task embedded in a numerical field extraction
system for handwritten incoming mail documents. Finally, a conclusion and
future works are drawn in section 7.

2 The ”ROC front” concept

As stated in the introduction, a model selection problem may be seen from
a multi-objective point of view, turning thus into a multi-model selection ap-
proach. In the literature, some multi-model selection approaches have been
proposed. However, these approaches aim at designing a single classifier and
thus cannot be considered as real multi-model selection approaches. Caruana
for example proposed in [8] an approach for constructing ensembles of classi-
fiers, but this method aims at combining these classifiers in order to optimize
a scalar criterion (accuracy, cross entropy, mean precision, AUC). Bagging,
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Boosting or Error-Correcting-Output-Codes (ECOC) [17] are also classifier
ensemble methods that can be viewed as producing single classifiers efficient
with respect to a scalar performance metric. In [27], an Evolutionary Algo-
rithm (EA) based approach is applied to find the best hyperparameters of a
set of binary SVM classifiers combined to produce a multiclass classifier.

The approach which is proposed in this paper is different since our aim is not
to build a single classifier but a pool of classifiers, each one optimizing both
FP and TP rates in the ROC space. In such a context, let us recall that a
problem arising when ROC space is used to quantify classifier performance is
their comparison in a 2-D objective space : a classifier may be better for one of
the objectives (e.g. FP) and worse for the other one (e.g TP). Consequently,
the strict order relation that can be used to compare classifiers when a single
objective is only considered becomes unusable and classical mono-objective
optimization strategies can not be applied.

Usually, in ROC space, this problem is tackled using a reduction of the FP and
TP rates into a single criterion such as the Area Under ROC Curve (AUC)
[30]. However, such performance indicators are a resume of the ROC curve
taken as a whole and do not consider the curve from a local point of view.
The didactic example proposed in figure 2 illustrates this statement. One can
see on this figure two synthetic ROC curves. The curve plotted as solid line
has a better AUC value, but the corresponding classifier is not better for any
specific desired value of FP rate (resp. TP). Consequently, optimizing such a
scalar criterion to find the best hyperparameters could lead to solutions that
do not fit the practitioner needs in certain context. A better idea could be
to optimize simultaneously FP and TP rates using a MOO framework and a
dominance relation to compare classifier performance.

Fig. 2. Comparing ROC curves: the solid ROC curve provides a better AUC than
the dashed ROC curve, but is not locally optimal for a given range of specificity
(False Positive Rate).

Let us recall that the dominance concept has been proposed by Vilfredo Pareto
in the 19th century. A decision vector −→u is said to dominate another decision
vector −→v if −→u is not worse than −→v for any objective function and if −→u is
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better than −→v for at least one objective function. This is denoted −→u ≺ −→v .
More formally, in the case of the minimization of all the objectives, a vector
−→u = (u1, u2, . . . , uk) dominates a vector −→v = (v1, v2, . . . , vk) if and only if:

∀i ∈ {1, . . . , k}, ui ≤ vi ∧ ∃j ∈ {1, . . . , k} : uj < vj

Using such a dominance concept, the objective of a Multi-Objective Opti-
mization algorithm is to search for the Pareto Optimal Set (POS ), defined as
the set of all non dominated solutions of the problem. Such a set is formally
defined as the set :

POS =
{

−→u ∈ ϑ/¬∃−→v ∈ ϑ,
−−→
f(v) ≺

−−→
f(u)

}

where ϑ denotes the feasible region (i.e. the parameter space regions where

the constraints are satisfied) and
−→
f denotes the objective function vector. The

corresponding values in the objective space constitute the so-called Pareto
Front.

From our model selection point of view, the POS corresponds to the pool of
non-dominated classifiers (the pool of the best sets of hyperparameters). In
this pool, each classifier optimizes a particular FP/TP trade-off. The resulting
set of FP/TP points constitutes an optimal front we call “ROC front”. This
concept is illustrated with a didactic example as shown in figure 3: let us as-
sume that ROC curves have been obtained from three distinct hyperparameter
sets. This could lead to the three synthetic curves plotted as dashed lines. One
can see on this example that none of the classifiers dominates the others on the
whole range of FP/TP rates. An interesting solution for a practitioner is the
“ROC front” (the dotted solid curve), which is made of some non-dominated
parts of each classifier ROC curves. The method proposed in this paper aims at
finding this “ROC front” (and the corresponding POS ), using an Evolutionary
Multi-Objective Optimization (EMOO) Algorithm. This class of optimization
algorithm has been chosen since Evolutionary Algorithms (EA) are known to
be well-suited to search for multiple Pareto optimal solutions concurrently in
a single run, through their implicit parallelism.

In the following section, a brief review of existing EMOO algorithms is pro-
posed and the chosen algorithm is described.
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Fig. 3. Illustration of the ROC front concept : the ROC front depicts the FP/TP
performance corresponding to the pool of non dominated operating points.

3 Evolutionary Multi-Objective Optimization

As stated earlier, our objective in this paper is to search for a pool of parametrized
classifiers corresponding to the optimal set of FP/TP trade-offs. From a multi-
objective optimization point of view, this set can naturally be seen as the
Pareto Optimal Set and the set of corresponding FP/TP trade-offs is the
ROC front. To tackle such a problem of searching a set of solutions describing
the Pareto front, EA are known to be well-suited. This is why we do not con-
sider in our review the approaches that optimize a single objective using the
aggregation of different objectives into a single one (e.g. the use of the AUC)
or the transformation of some objectives into constraints. For more details
concerning these methods, see for example [16].

3.1 Short review of existing approaches

Since the pioneering work of [31] in the mid eighties, a considerable amount
of EMOO approaches have been proposed (MOGA from [21], NSGA from
[32], NPGA from [23], SPEA from [37], NSGA II from [15], PESA from [12],
SPEA2 [36]). In a study reported in [26] the performance of the three most
popular algorithms (SPEA2, PESA and NSGA-II) are compared. These three
approaches are elitist, i.e. they all use a history archive that records all the
non-dominated solutions previously found in order to ensure the preservation
of good solutions. This comparative study has been performed on different
test problems using as quality measurement the two important criteria of an
EMOO, i.e. the closeness to the Pareto front and the solution distribution in
the objective space. Indeed, achieving a good spread and a good diversity of
solutions on the obtained front is important to give the user as many choices
as possible. The results obtained in [26] (which are corroborated in [36] and
[7]) showed that none of the proposed algorithms ”dominate” the others in the
Pareto sense. SPEA2 and NSGA-II perform equally well in convergence and
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diversity maintenance. Their convergence through the real Pareto Optimal Set
is inferior to that of PESA but diversity among solutions is better maintained.
The study also showed that NSGA-II is faster than SPEA2, because of the
expensive clustering of solutions in SPEA2.

In the context of multi-model selection, computation of the objective values is
often very time consuming since it involves learning and testing the classifier
for each hyperparameter set. Moreover, a good diversity of solutions is neces-
sary since there is no a priori information concerning the adequate operating
point on the Pareto front. That is why we have chosen to use NSGA-II in the
context of our study. We give in the next subsection a concise description of
this algorithm. For more details, we refer to [15].

3.2 NSGA-II

NSGA II is a modified version of a previously proposed algorithm called NSGA
[32]. It is a population-based, fast, elitist and parameter free approach that
uses an explicit diversity preserving mechanism.

Algorithm 1. NSGA-II algorithm

P0 ← pop-init()
Q0 ← make-new-pop (P0)
t← 0
while t < M do

Rt ← Pt ∪Qt

F ← non-dominated-sort(Rt)
Pt+1 ← ∅
i← 0
while |Pt+1|+ |Fi| ≤ N do

Pt+1 ← Pt+1 ∪ Fi

crowding-distance-assignment(Fi)
i← i + 1

end while
Sort (Fi,≺n)
Pt+1 ← Pt+1 ∪ Fi[1 : (N − |Pt+1|)]
Qt+1 ← make-new-pop (Pt+1)
t← t + 1

end while

As one can see in Algorithm 1, the approach starts with the random creation
of a parent population P0 of N solutions (individuals). This population is used
to create an offspring population Q0. For this step, P0 is first sorted using a
non-domination criterion. This sorting assigns to each individual a domination
rank. The non-dominated individuals have rank 1, they constitute the front
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F1. Then, the others front Fi are defined recursively by ignoring the lower
ranked solutions. This ranking is illustrated on the left of figure 4 in the case
of a two-objective problem (f1,f2). Using the results of the sorting procedure,
each individual is assigned a fitness equal to its non-domination level. Then,
binary tournament selection, recombination and mutation operators (see [22]
and [15]) are used to create a child population Q0 with the same size as P0.

Fig. 4. Illustration of the Fi concept (left). Illustration of the crowding distance
concept (right). The black points stand for the dominant vectors, whereas white
ones are dominated.

After these first steps, the main loop is applied for M generations. In each
loop of this algorithm, t denotes the current generation, F denotes the result
of the non domination sorting procedure, i.e F = {Fi} where Fi denotes the
ith front. Pt and Qt denote the population and the offspring at generation t
respectively and Rt is a temporary population.

As one can see, the main loop of the algorithm starts with a merging of the
current Pt and Qt to build Rt. This population of 2N solutions is sorted using
the non domination sorting procedure in order to build the population Pt+1.
In this step, a second sorting criterion is used to keep Pt+1 to a constant size
N during the integration of the successive Fi. Its aim is to take into account
the contribution of the solutions to the spread and the diversity of objective
function values in the population. This sorting is based on a measure called
crowding distance. This measure which is precisely described in [15] is based
on the average distance of the two points on both sides of this point along
each of the objectives. This measure is illustrated on the right of figure 4.
The larger the surface around the considered point, the better the solution
from the diversity point of view. Using such values, the solutions in Rt that
most contribute to the diversity are preferred in the construction of Pt+1.
This step is illustrated in Algorithm 1 through the use of Sort(Fi,≺n), where
≺n denotes a partial order relation based on both domination and crowding
distance. According to this relation, a solution i is better than a solution j if
irank < jrank or if (irank = jrank) and (idistance > jdistance). One can note that
≺n is also used in the tournament operator.

Using this algorithm, the population Pt necessarily converges through a set of
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points of the Pareto front of the problem since non-dominated solutions are
preserved along generations. Furthermore, the use of the crowding-distance
as a sorting criterion guarantees a good diversity in the population [15]. In
the following section, NSGA-II is used in the proposed framework for SVM
multi-model selection.

4 Application to SVM multi-model selection

As explained in the previous sections, the proposed framework aims at finding
a pool of classifiers, optimizing simultaneously FP and TP rates. The approach
can be used for any classifier that uses at least one hyperparameter. In this
section, we have chosen to consider Support Vector Machines (SVM) since it is
well known that the choice of SVM model parameters can dramatically affect
the quality of their solution. Moreover, the problem of SVM model selection
is known to be a difficult problem.

4.1 SVM classifiers and their hyperparameters for model selection

As stated in [28], classification problems with asymmetric and unknown mis-
classification costs can be tackled using SVM through the introduction of two
distinct penalty parameters C

−
and C+. In such a case, given a set of m

training samples xi in ℜn belonging to class yi :

(x1, y1) . . . (xm, ym), xi ∈ ℜ
n, yi ∈ {−1, +1}

the maximisation of the dual lagrangian with respect to the αi becomes :

Maxα

{

m
∑

i=1

αi −
1

2

m
∑

i,j=1

αiαjyiyjK(xi, xj)
}

subject to the constraints:



























0 ≤ αi ≤ C+ for yi = −1

0 ≤ αi ≤ C
−

for yi = +1
∑m

i=1 αiyi = 0

where αi denote the Lagrange multipliers and K(.) denotes the kernel. In the
case of a Gaussian (RBF) kernel, K(.) is defined as :

K(xi, xj) = exp
(

−γ × ‖xi − xj‖
2
)
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Hence, in the case of asymmetric misclassification costs, three parameters have
to be determined to perform an optimal learning of the SVM classifier:

• The kernel parameter of the SVM-rbf : γ.
• The penalty parameters introduced above : C

−
and C+.

In the following, the proposed framework is used in order to select the value
of these three hyper-parameters.

4.2 Application of NSGA-II for SVM model selection

Two particular points have to be specified for the application of NSGA-II to
SVM multi-model selection :

• the solution coding : as said before, three parameters are involved in the
learning of SVM for classification problems with asymmetric misclassifica-
tion costs : C+, C

−
and γ. These three parameters constitute the param-

eter space of our optimization problem. Consequently, each individual in
NSGA-II has to encode these three real values. We have chosen to use a
real encoding of these parameters in order to be as precise as possible.
• the evaluation procedure : each individual in the population corresponds

to some given values of hyperparameters. In order to compute the perfor-
mance associated to this individual, a classical SVM learning is performed
using the encoded parameter values on a learning dataset. Then, this clas-
sifier is evaluated on a test dataset with the classical FP and TP rates as
performance criteria.

One can see on figure 5 a synthetic scheme of our multi-model selection
method.

Fig. 5. SVM Multi-model selection framework
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4.3 Experimental results on UCI datasets

In this subsection, the proposed multi-model selection approach based on the
ROC front concept is evaluated and compared with other approaches on pub-
licly available benchmark datasets [1]. First, the experimental protocol of our
tests is described. Then, the results are shown and compared with some ref-
erence works, and finally several comments on these results are proposed.

Our approach has been applied on several 2-class benchmark datasets pub-
licly available in the UCI Machine Learning repository on which state-of-the-
art results have been published. The number of samples and the number of
attributes for each problem are reported in table 1.

problem # samples # attributes

australian 690 14

wdbc 569 30

breast cancer 699 10

ionosphere 351 34

heart 270 13

pima 768 8

Table 1
Number of samples and number of attributes of the considered 2-class UCI problems.

As we propose a real multi-objective approach, the result of our experiments
is a pool of classifiers describing the ROC Front. Thus, the evaluation of our
approach and more precisely its comparison with other approaches of the
literature is not easy since as mentioned in the introduction, comparing some
results in a multi-dimensional space is a difficult task. Note that there exist
some dedicated measures such as the Set Coverage Metric proposed in [35].
However, to the best of our knowledge, the other referred methods in the
literature always consider a single classifier as a solution for a classification
problem, which makes it difficult to compare our results with those found in
the literature.

Based on this statement, we have therefore chosen to average all the local
performance of the ROC front to produce a way to compare our approach to
existing ones based on AUC. For that, an Area Under the ROC Front (AUF)
is calculated and compared with the Area Under the ROC Curve (AUC) of
the other approaches. We do know that this comparison is not theoretically
correct since the best results of a pool of classifiers are compared with a curve
obtained by varying the threshold of a single classifier. However, the aim of this
comparison is not to show that our approach gives better performance but only
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to highlight the fact that more interesting trade-offs may be locally reached
through the ROC front approach. This comparison may also be justified by
the fact that finally, in both cases, only one classifier with a unique threshold
will be retained for a given problem. We discuss in section 5 how to select the
best model among the pool of classifiers and offer a solution to this problem.

The result of our approach is compared with several works based on the op-
timization of a scalar criterion for various classifiers : [5] (Decision lists and
rules sets), [13] (Rankboost), [19] (Decision trees), [30] (SVMs) and [34] (five
models : naive Bayes, logistic, decision tree, kstar, and voting feature interval).
We refer to these papers for more explanation of the criterion and the model
used.

Concerning the application of our multi-objective strategy, a cross validation
procedure has been performed with 5 folds for each dataset. The results are
presented in table 2, where the first column is the best AUC found until now
among the precited works based on the optimization of a scalar criterion, and
the second one is the AUF of our approach.

problem AUC literature ref. AUF

australian 90.25 ± 0.6 [34] 96.22 ± 1.7

wdbc 94.7 ± 4.6 [19] 99.59 ± 0.4

breast cancer 99.13 [5] 99.78 ± 0.2

ionosphere 98.7 ± 3.3 [30] 99.00 ± 1.4

heart 92.60 ± 0.7 [34] 94.74 ± 1.9

pima 84.80 ± 6.5 [13] 87.42 ± 1.2

Table 2
Comparison of the Area Under the ROC Curve (AUC) in the literature with the

Area Under the ROC Front (AUF).

As expected, one can see that for every dataset the ROC front yielded by the
pool of classifiers leads to a higher area than the area under the ROC curve of
the other single classifiers. As said before, it is important to emphasize that the
AUF cannot theoretically be compared with AUC since the various operating
points of the ROC front cannot be reached by a single classifier. However, this
comparison with methods which directly optimize AUC clearly shows that
our approach enables to reach very interesting local operating points which
cannot be reached at the same time by the AUC-based classifiers. Hence, we
claim that if the good model can be selected among the pool of classifiers, our
approach can lead to better results than AUC-based methods. Despite these
interesting results, the model selection problem still remains partly open since
the choice of the retained classifier among the set of locally optimal classifiers
has to be performed. This crucial final model selection step is discussed in the
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following section.

5 How to select the best model ?

The problem of choosing an operating point in the ROC space is not specific to
the proposed approach. For example, when training a single classifier with an
AUC criterion, the practitioner still has to choose the appropriate threshold
value, i.e. the operating point in the ROC space.

Theoretically, the best operating point must be determined according to Bayes
theory by minimizing the following decision function, known as the expected
cost and defined as :

expected cost(FP,TP) = p(p).(1− TP ).c (N, p) + p(n).FP.c(Y, n)

where p(p) and p(n) are respectively the prior probabilities of (p)ositive sam-
ples and (n)egative samples (class distribution), c(N, p) is the cost of a false
negative error and c(Y, n) is the cost of a false positive error.

Obviously, target conditions (p(p), p(n), c(N, p), c(Y, n)) are rarely all known
at runtime. Consequently, two runtime conditions may be distinguished to se-
lect the best model on the ROC front, depending on whether the misclassifica-
tions costs and the class distributions are known with an acceptable precision
or not.

• If the target conditions are known, then iso-performance lines proposed in
[18] can be used to select the best model. It is based on the projection of
the Bayes decision function onto the ROC space. An iso-performance line
is defined as the set of points providing the same expected cost. The slope
of an iso performance line is given by :

slope =
p(n).c(Y, n)

p(p).c(N, p)

Using this iso-performance line on the ROC space, the optimal operating
point can be found by starting from the upper left corner and moving the
iso-performance line towards the lower right corner. The optimal operating
point is the first intersection between the line and the ROC front. This
method is illustrated on figure 6. We can notice on this figure that the best
classifier can be easily selected.

Note that in this case, as the accuracy can be computed from the target
conditions, a less computational classical scalar-based optimization may be
performed, thus avoiding the whole ROC front to be generated. However,
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Fig. 6. When the target conditions of a given problem are known, representing the
iso-performance line allows to select the appropriate operating point.

if the target conditions are subject to change, generating the whole ROC
front is a suitable solution since the adapted operating point can be eas-
ily changed using the iso-performance line method, without any additional
training stage.
• If the target conditions are unknown at runtime, the expected cost cannot be

evaluated. Consequently, the slope of the appropriate iso-performance line
can not be determined. Then, the only way for choosing the best classifier is
to perform a testing stage in context, i.e. testing each classifier of the ROC
front, and choosing the one that best fits the application constraints. We
present in section 6 a real world problem with this kind of scenario.

One can note that, in the second case, browsing all possible iso-performance
lines could be used in order to ”filter” the ROC-front by removing concavi-
ties. Indeed, classifiers lying on the concavities of the ROC front can not be
theoretically optimal since any performance on a line segment connecting
two ROC points can be achieved by randomly choosing between them [20].
This is illustrated on figure 7. Such an idea has been proposed in [29] to
generate the ROC Convex Hull of a set of classifiers. Consequently, one can
consider that our proposed method enables to find the optimal ROC-CH.

6 Application to a real-world pattern recognition problem

In this section, an interesting example of real-world problem for which our
approach suits better than an AUC-based method is presented.

14



Fig. 7. Browsing all possible iso-performance lines on a non-convex ROC front allows
to filter the non-filled squares the performance of which can be outperformed.

6.1 Digit/outlier discrimination

The work described in this paper has been motivated by the design of a more
complex system that aims at extracting numerical fields (phone number, zip
code, customer code, etc.) from incoming handwritten mail document images
[10, 11] (see fig. 8). The main difficulty of such a task comes from the fact that
handwritten digits may touch each other in the image while some textual parts
sometimes are made of separated or touching characters. Figure 9 gives some
examples of segmented components to deal with. In such a variable context,
segmentation, detection and recognition of a digit and rejection of textual
components must be performed simultaneously.

Fig. 8. Example of an incoming mail document. Numerical fields to extract are
highligthed
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Fig. 9. Examples of digits and outliers. The first line (a) contains shapes which can
be considered as “obvious” outliers. The last line (c) contains digits that should
be accepted as they are, whereas the middle line (b) contains “ambiguous outliers”
(i.e. shaped as digits) that should be rejected by the proposed approach.

In this paper, the proposed approach is applied to a particular stage of the
numerical field extraction system. More precisely, the SVM to be optimized
is used as a fast two-class classifier prior to the digit recognizer itself, aiming
at filtering the “obvious outliers” (see figure 9.a) from all the other shapes
(see figure 9.b and 9.c) in order to avoid a costly digit recognition stage when
it is not necessary. The choice of the SVM classifier has been motivated by
its efficiency in a two-class context. Its objective is to reject as many outliers
as possible, while accepting as many digits as possible. Further stages of the
system deal with digit recognition and ambiguous outlier rejection. This con-
text is a good example of a classification task with asymmetric and unknown
misclassification costs since the influence of a FP or a FN on the whole system
results is unknown at runtime. In the next subsection, the performance of the
proposed system are assessed.

6.2 Experimental results and discussion

In this section, the experimental results obtained using the proposed approach
are analysed. These results are compared with those obtained using a state-
of-the-art algorithm [30], where a SVM classifier is trained with respect to an
AUC criterion. Both NSGA-II and AUC-based approaches have been applied
on a learning database of 7129 patterns (1/3 digit, 2/3 outliers), tested and
evaluated on a test and a validation database of resp. 7149 and 5000 patterns
with the same proportions of digits and outliers. In the case of NSGA-II, the
range values for SVM hyperparameters are given in table 3. Concerning the
NSGA-II parameters, we have used some classical values, proposed in [15].
Among them, one can note that the size of the population has been set to 40
in order to have enough points on the Pareto front. The resulting curves are
presented in figure 10.

Hyperparameter γ C
−

C+

Range 0− 1 0− 5000 0− 5000

Table 3
Range values for SVM hyperparameters
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Fig. 10. FP/TP curves obtained using the two approaches : a set of SVM classifiers
obtained with NSGA-II (ROC Front), and a single SVM classifier trained with AUC
criterion (ROC Curve).

Several comments can be made from the obtained results. First, one can re-
mark that each point of the ROC curve obtained for a single classifier trained
with AUC criterion is dominated by at least one of the point of the ROC
front. Such a result stems from the fact that using an EMOO approach, FP
and TP rates are minimized simultaneously through the variation of the three
involved SVM hyperparameters whereas in the case of an AUC approach,
a single parametrized classifier is trained to optimize every possible FP/TP
trade-offs. Figure 11 is another illustration of the interest of the ROC front
concept. It shows the ROC curves computed from four classifiers which have
been selected using the proposed framework. This figure clearly shows that
the ROC front corresponds to a set of classifiers which are specialized on some
specific ranges of FP/TP trade-offs.

A second remark concerns the possibility when using an EMOO to apply
some constraints on the objective values (as in the parameter space). Such a
possibility is very useful in the context of our application since it enables to
focus on a small part of the ROC front. Indeed, we are particularly interested
by a small part of the ROC front since we want the rejection of a digit be as
rare as possible to prevent errors in the whole recognition process, this would
imply a null False Negative rate (i.e. a 100% TP rate). But on the other hand,
figure 10 shows that a 100% TP rate leads to a FP higher than 50%. Such
a result involves a very time consuming recognition stage, that can not be
accepted regarding our processing time constraints during the decision stage.
Thus, we have applied an lower bound of 97% to the TP rate in order to
obtain an acceptable trade-off between the recognition quality of the system
and the computational constraints. Figure 12 shows the results obtained with
this additional constraint. One can see that such a setting enables to obtain
more diversity among the FP/TP trade-offs in the chosen TP range.
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Fig. 11. Illustration of the ROC front concept on a classification dataset. The solid
lines are the ROC curves computed from 4 of the 40 classifiers selected using the
proposed framework. The performance of the classifiers of the ROC front appear as
’x’

Fig. 12. ROC curve obtained for a True Positive rate between 97 and 100%

6.3 How to select the best model ?

Once the ROC front has been built for our application, the final best model
among the classifiers has to be selected. As discussed in section 5, two scenarii
may occur at runtime, whether the expected cost can be computed or not. In
our digit/outlier discrimination problem, this expected cost cannot be com-
puted since the classification task is embedded in the whole numerical field
extraction application and is evaluated by recall/precision measures. Hence,
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a test stage in context has to be performed by successively embedding each
classifier of the front in the whole system. Table 4 presents the results ob-
tained by the whole numerical field extraction system for several digit/outlier
classifiers of the ROC front, i.e. for several FP/TP trade-offs.

Classifier TP rate in % 98.8 99.04 99.26 99.48 99.76 99.96 100

recall 0.370 0.410 0.440 0.458 0.462 0.481 0.488

precision 0.110 0.130 0.150 0.176 0.246 0.223 0.152

F1-Measure 0.170 0.197 0.224 0.254 0.321 0.305 0.232

Table 4
Recall/Precision values of the whole numerical field extraction system for several
digit/outlier classifiers, represented here by their TP rate.

As one can expected the True Positive Rate has to be very high to provide good
recall and precision values since rejecting a digit may imply to miss a numerical
field. We do not show the results for the classifiers the TP rate of which is lower
than 98.8% since both recall and precision are lower than those presented in
table 4. Finally, given the final application constraints, the system designer is
able to choose the model that best fits the industrial needs. As an example, if
one choose to maximise the F1-measure, the classifier providing TPR=99.76%
will be selected. The results of this real-world application corroborate the idea
that model selection must be considered as long as possible as a multi-objective
optimization task in a pattern recognition system.

7 Conclusion

In this paper, we have presented a framework to tackle the problem of clas-
sifier model selection with unknown and/or evolutive misclassification costs.
The approach is based on a multi-model selection strategy in which a pool of
classifiers is trained in order to depict an optimal ROC front. Using such a
front, it is possible to choose the FP/TP trade-off that best fits the application
constraints. An application of this strategy with Evolutionary Multi-Objective
Optimization for the training of a set of SVM classifiers has been proposed,
with a validation on both UCI datasets and a real-world application on the dis-
crimination of handwritten digits from outliers. Obtained results have shown
that our approach enables to reach better local operating points that state-
of-the-art approaches based on the area under ROC curve criterion. As a con-
clusion, one can say that an AUC-based approach suits pattern recognition
problems where the operating point may vary, whereas our approach better
suit problems where the operating point is supposed to be static.

The proposed approach is simple and generic and can thus be of great interest
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for the practitioner who has to optimize a classifier in the context of unknown
and/or evolutive misclassification costs. It can be applied to other paramet-
ric classifiers (KNN, Neural network, etc.) with other optimization methods
[14]. Moreover, it can be easily extended through the introduction of other
parameters (kernel type) or objectives (number of support vectors, decision
time).

In our future works, we plan to extend the approach to the multiclass problem.
We also plan to apply a multi-objective optimization strategy to the whole
numerical field extraction system, using recall and precision as criteria.
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