
THEORETICAL ADVANCES

Franz Pernkopf

Detection of surface defects on raw steel blocks
using Bayesian network classifiers

Received: 3 October 2003 / Accepted: 18 September 2004 / Published online: 19 November 2004
� Springer-Verlag London Limited 2004

Abstract This paper proposes an approach that detects
surface defects with three-dimensional characteristics on
scale-covered steel blocks. The surface reflection proper-
ties of the flawless surface changes strongly. Light sec-
tioning is used to acquire the surface range data of the
steel block. These sections are arbitrarily located within a
range of a few millimeters due to vibrations of the steel
block on the conveyor. After the recovery of the depth
map, segments of the surface are classified according to a
set of extracted features by means of Bayesian network
classifiers. For establishing the structure of the Bayesian
network, a floating search algorithm is applied, which
achieves a good tradeoff between classification perfor-
mance and computational efficiency for structure learn-
ing. This search algorithm enables conditional exclusions
of previously added attributes and/or arcs from the net-
work. The experiments show that the selective unre-
stricted Bayesian network classifier outperforms the naı̈ve
Bayes and the tree-augmented naı̈ve Bayes decision rules
concerning the classification rate. More than 98% of the
surface segments have been classified correctly.

Keywords Surface inspection Æ Range imaging Æ
Bayesian network classifier Æ Feature selection Æ
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1 Introduction

There is an increasing demand in industry for automatic
inspection systems to control the quality of products.

The ever more stringent customer demands are well-
founded on the high costs incurred for poor quality, due
to the resulting costs for correction. Newman and Jain
[1] defined the task of inspection as ‘‘inspection is the
process of determining if a product deviates from a given
set of specifications.’’

Basically, two different approaches for acquiring the
surface image are considered in the literature: intensity
imaging techniques and range imaging methods [1, 2].

Many surface inspection approaches for steel prod-
ucts based on intensity imaging have been proposed. In
this introduction, we briefly present the most prominent
systems. Dupont et al. [3] proposed a system for flat steel
products that is optimized using a cost matrix approach.
They achieve a recognition rate of 84.5% with a multi-
layer neural network. Pernkopf and O’Leary [4] pre-
sented an inspection system for machined metallic high-
precision surfaces, such as bearing rolls. An optimal
illumination setup in terms of maximizing the contrast
between surface defects and a flawless surface is derived
by considering the machined surface as a composition of
microfacets using the Torrance-Sparrow reflection
model [5, 6]. They achieve a classification rate of 85.4%
using a k-NN classifier based on a selected subset of
features. Platero et al. [7] developed a system for the
detection of eight types of defects on continuous alu-
minum strips with a recognition performance of 95.7%.
Many more systems for the inspection of metallic sur-
faces have been suggested in various proceedings of the
International Society for Optical Engineering (Proceed-
ings of SPIE) [8]. All these approaches, unlike our
inspection application, have in common that the reflec-
tion property and, accordingly, the optical appearance
of the flawless surface is homogeneous. Inspection sys-
tems that use range images have mostly been applied for
complex objects, solder joints, and printed circuit
boards. A comprehensive overview is provided in [1, 8].

For many inspection applications of metallic sur-
faces, an acceptable intensity image cannot be produced
neither with bright field or dark field lighting, nor with
diffuse illumination. This is the case if the reflection
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property across the intact surface changes and the de-
fects may not be emphasized with respect to their
background using intensity imaging. Surface defects
with three-dimensional characteristics, e.g., cavities and
cracks, are visualized with a higher contrast by means of
range imaging. Depending on the range imaging ap-
proach [9], the data might be less affected by a change of
the reflection property across the flawless surface.

In this paper, we deal with the surface inspection of
milled steel blocks, which are partially covered with
scale. The cross-section of the block is approximately
quadratic, with a size varying from 130·130 mm to
160·160 mm, whereby the edges are round. The length
is about 10 m. Defects with a minimal length of 3 mm, a
width of 0.5 mm, and a depth of 1 mm have to be
identified on blocks moving at a speed of 1.85 m/s.

The reflection properties across the flawless surface
changes strongly due to scale on the surface. Since
intensity imaging results in a poor performance, we use
range imaging based on light sectioning techniques to
acquire the surface data of the steel block with its
embedded flaws. Of course, the variations of the surface
reflectance affects the range accuracy [10]. However, we
are interested in a qualitative measure of the surface
finish. The exact dimensions of the product are irrele-
vant in this application. The range image is less sensitive
to the inhomogeneous reflectance of the flawless surface.
When we use light sectioning to acquire the surface
image, the data are affected by vibrations caused by the
movement of the steel block on the conveyor. After the
recovery of the depth map from the surface range data,
segments of the surface are classified according to a set
of extracted features by means of Bayesian network
classifiers. The segments of the surface should be clas-
sified into three classes:

1. Surface flaws: basically, there are different types of
flaws that might be classified according to their gen-
esis during production. We treat them as non-specific
surface errors, since they have the degradation of the
surface quality in common. Defects occur at the
round edge of the steel block. Fig. 1 shows different
flaws and their dimensions. Additionally, the inho-
mogeneity of the surface caused by scale is ob-
servable.

2. Pseudo errors: pseudo errors are caused by an ex-
tremely inhomogeneous surface reflection property,
which results in a spurious specular reflection [6] of
the light in the direction of the imaging sensor. This
entails an overmodulation of the sensor and distorted
range data. In particular, we are confronted with
these errors when the scale of the surface is removed
mechanically through the carrier apparatus during
the production. Thus, small surface areas appear
shiny. These pseudo errors cannot be avoided by
changing the setup of the light sectioning technique.

3. Intact surface segment: pseudo errors and intact
surface segments do not degrade the quality of the
steel blocks.

The remainder of the paper is organized as follows:
Sect. 2 summarizes the data acquisition approach, with
particular emphasis on light sectioning techniques. Sec-
tion 3 treats a method for depth map extraction,
whereby the vibration artifacts that exist due to the
movement of the steel blocks on the conveyor have to be
considered. Section 4 summarizes the extracted features
used for classification. Different Bayesian network
classifiers are presented in Sect. 5 and experimental re-
sults of the classification of the surface segments are
shown in Sect. 6. The paper closes with a summary.

2 Data acquisition: light sectioning

The light sectioning method [2, 9–12] is a well-known
measurement technique for the optical determination of
sections of objects. We use a laser light stripe projected
onto the steel block from one direction and viewed from
a different direction using a camera. Through the known
arrangement of the laser light source and the camera, the
height information can be determined. The complete 3D
model is gathered by moving the object in one direction
while its sections are scanned in a sequential manner.
The principle and physical setup for light sectioning is
shown in Fig. 2.

One of the main drawbacks is that the sections are
determined sequentially, which is time consuming. We
use a fast camera that delivers more than 2,000 sections
per second [13]. Each section is composed of 512 range
values with a range resolution of 512 pixels. For
detecting the smallest specified surface flaw, we acquire
range data at rates of 1.2·106 samples/s. In our appli-
cation, occlusions [12] may occur only in the case of
flaws on the surface. This results in isolated missing data
values, which are recovered by interpolation from
neighboring regions.

As mentioned above, the data shows vibrations
caused through the movement of the steel block on the
conveyor. These vibrations result in a varying position
of the acquired sections. Figure 3 shows a surface seg-
ment with an embedded crack and the vibration artifacts
caused by the movement.

Fig. 1a–d Different surface flaws. a 30·0.5 mm. b 10·7 mm. c
60·1 mm. d 3·1 mm
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3 Depth map extraction using singular value
decomposition

Before the features are extracted, we have to recover the
depth map of the surface range data. Thereby, the
vibration artifacts that exist due to the movement of the
steel blocks on the conveyor have to be removed. The
measuring head for light sectioning is focused on the
round edge of the steel block. This means that the edge is
in the center of the acquired sections (see Fig. 4a). In
order to classify the data, the depth of the flaws has to be
recovered. Therefore, a model of the three-dimensional
shape of the surface is approximated. This approxima-
tion of the surface segment [14] is determined using
singular value decomposition (SVD) [15]. Basically,
many different algorithms exist for approximating a
surface; however, this approach is simple and straight-
forward. The surface segment of range data A of size

m·n is decomposed by means of SVD as A=USVT,
where U is an m·m orthogonal matrix, V is an n·n
orthogonal matrix, and S is an m·n diagonal matrix
composed of the singular values Sii ordered from the
largest to the smallest. It has been observed that the
shapes of the surface segments are either planar or
curved in one direction. Therefore, the first few singular
values capture most of the variance of such simple sur-
face shapes.

Hence, the idea is to reassemble a model of the sur-
face segment by dropping all terms from the SVD that
correspond to singular values smaller than, e.g., S22.
This means that all singular values except the first two
are set to zero in S¢:

S0 ¼

S11 0 0 � � � 0
0 S22 0 � � � 0
0 0 0 � � � 0
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and the smoothed surface approximant (or model) Aa is
obtained according to A

a=US¢VT. The resulting model
of the surface in Fig. 4a is shown in Fig. 4b.

Once we have the model, the orthogonal distance
between the original surface segment A and the surface
approximant Aa can be determined as proposed in [16].
However, a simple subtraction of the model from the
range data (A�Aa) giving the depth map is sufficient (see
Fig. 4c), since the differences contributed by the
orthogonal distance are negligible due to the noise in the
data. Our approach for surface approximation com-
pensates for the vibrations in the data if the size of the
surface segments is moderate. An approach for remov-
ing the vibrations in the data by means of a geometric
transformation is given in [16].

4 Feature extraction

In order to evaluate the quality of the surface, the data
are divided into a set of overlapping segments (block size
30·30), whereby each segment is represented by 40 fea-
tures. According to these features, the segment is as-
signed to one of the classes specified in Sect. 1. The
features should discriminate well between erroneous
surface segments, intact surface blocks, and pseudo er-
rors caused by inhomogeneous surface reflection prop-
erties. The relevant features in this classification task are
not known at the outset. Thus, we derive many features
and use a selected subset for classification. With respect
to the optical appearance of the flaws, we mainly focus
on features that describe the geometric shape and the
statistics of the flaws. These features are summarized in
Table 1.

Basically, five different methods for feature extraction
were used in this application. These approaches may be
roughly divided into statistical features, SVD descrip-
tors, wavelet transform features, region-based methods,Fig. 3 Acquired surface data with an embedded crack

Fig. 2 Principle and physical setup for light sectioning
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and features from the discrete cosine transform (DCT).
As shown in Table 1 (see Basis column), the descriptors
are either derived from segments (30·30) of the range
data directly, or from the depth map:

– Singular value decomposition features: the first few
singular values derived directly from the range data of
surface segments are used as descriptors [15, 17]. For
flawless surface segments, the first singular value
covers most of the variance.

– Wavelet transform features: the surface sections are
transformed by means of a 1-dimensional discrete
wavelet transform using Daubechies wavelets of the
fourth order. The first-level detail coefficients show
the discontinuity in the erroneous sections. Therefore,
the maximum, the minimum, and the areas of the
thresholded coefficient image serve as features. The
mean polar distance is the mean distance from all set
pixels of the thresholded coefficient image to the
center of gravity [18].

– Discrete cosine transform (DCT) features: the lowest
frequencies of the 2-dimensional DCT [19] are used as
descriptors of the range data segment. The DCT has
the property that most of the significant information
about the surface segments is concentrated in a few
coefficients of the DCT.

– Statistical features: first-order statistics involve
parameters such as mean, variance, skewness, and
kurtosis [20]. These features are determined from the
distribution of the depth values in the depth map of
surface segments. The variance is a measure of the
spread of the histogram. The skewness evaluates the
skew of a distribution. The distribution belongs to a
negative skew in the case where the left tail is larger
than the right one, and vice versa. The kurtosis is a
measure of how outlier-prone the distribution is. This
measure evaluates the deviation of the distribution
from the normal distribution and is used for the
detection of very small flaws with an extreme depth
value.

– Region-based features: simple region-based descrip-
tors are derived from the thresholded depth map. The

aim is to describe the geometric shape of the flaws.
The threshold is selected to be T=1 and T=�1.
These features are described in [19, 20]. The error
likelihood measure is described in detail in [21]. Due
to the fact that the flaws on the surface of the steel
block are existent in neighboring sections, this mea-
sure considers the neighborhood of flaws on sub-
sequent sections. Therefore, a kernel is used for
weighting the neighborhood of a defect. The shape of
the kernel can be Gaussian. However, a special kernel
was developed for emphasizing a preference direction
of the flaws on the surface [21].

5 Bayesian network classifier

In classification problems, the relevant features are often
unknown a priori. Thus, many features are derived and
those which do not contribute or even degrade the
classification performance are removed from the set of
extracted features during classification. Feature selection
has become important for numerous pattern recognition
and data analysis approaches [22–24]. The main purpose
of feature selection is to reduce the number of extracted
features to a set of a few significant ones, whilst main-
taining the classification rate. The reduction of the fea-
ture set may even improve the classification rate by
reducing estimation errors associated with finite sample
size effects [25].

Another approach to achieve an improvement of the
classification accuracy is to model statistical dependen-
cies between attributes. Therefore, the framework of
Bayesian networks [26] is used for building classifiers
[27, 28].

A Bayesian network [26, 29–31] B=ÆG, Qæ is a di-
rected acyclic graph G, which models probabilistic
relationships among a set of random variables
U={X1,..., Xn, W}={U1,..., Un+1}, where each variable
in U has specific states or values denoted by lower case
letters {x1,..., xn, x}. The symbol n denotes the number
of attributes of the classifier. Each vertex (node) of the
graph represents a random variable, while the edges
capture the dependencies between the variables. The
network encodes the conditional independence rela-
tionships so that each node is independent of its non-

Fig. 4a–c Surface approximation. a Acquired surface segment
(with vibrations). b Smoothed surface approximant. c Depth map
(A=pseudo error, B=surface error).

336



descendants, given its parents. These conditional inde-
pendence relationships reduce the number of parameters
needed to represent the probability distribution. The
symbol Q represents the set of parameters that quantify
the network. Each node Ui is represented as a local
conditional probability distribution, given its parents
PUi : The joint probability distribution of the network is
determined by these local conditional probability dis-
tributions as:

P Uð Þ ¼
Ynþ1
i¼1

P UijPUið Þ : ð2Þ

Basically, two different techniques for parameter
learning are available; the maximum likelihood estima-
tion and the Bayesian approach [30]. In this paper, the
parameters of the network are estimated by the maxi-
mum likelihood method. In the following, three different

types of Bayesian network classifiers are presented: the
naı̈ve Bayes classifier, the tree-augmented naı̈ve Bayes
classifier, and the selective unrestricted Bayesian net-
work classifier.

5.1 Naı̈ve Bayes classifier

The naı̈ve Bayes (NB) decision rule [32] assumes that all
the attributes are conditionally independent, given the
class label. As reported in the literature [27], the per-
formance of the naı̈ve Bayes classifier is surprisingly
good, even if the independence assumption between
attributes is unrealistic in most of the data sets. Inde-
pendence between the features ignores any correlation
among them. The attribute values of Xi and Xj (Xi „ Xj)
are conditionally independent, given the class label of
node W. Hence, xi is conditionally independent of xj,

Table 1 List of features used for the classification experiments. Features are based on data segments of size 30·30. Symbol T denotes the
threshold value

No. Feature name Method Basis

1 Second singular value S22 SVD Features based on range
data surface segments2 Third singular value S33

3 Fourth singular value S44

4 Maximum of first-level detail coefficients Wavelet transform
5 Minimum of first-level detail coefficients
6 Area of thresholded (T=1) first-level detail coefficients
7 Polar mean distance of thresholded (T=1)

first-level detail coefficients
8 Area of thresholded (T=�1) first-level detail coefficients
9 Polar mean distance of thresholded (T=�1)

first-level detail coefficients
10 DCT coefficient B0, 0 2-dimensional discrete

cosine transform (DCT)11 DCT coefficient B0, 1

12 DCT coefficient B0, 2

13 DCT coefficient B0, 3

14 DCT coefficient B1, 0

15 DCT coefficient B2, 0

16 DCT coefficient B3, 0

17 Standard deviation 1st order statistics
18 Skewness Features based on the depth

map of surface data segments19 Kurtosis
20 Maximum of depth map Region-based features
21 Minimum of depth map
22 Error likelihood measure
23 Area of regions
24 Polar mean distance of regions
25 Euler number Features based on thresholded

depth map (T=1) of surface
data segments

26 Eccentricity of the regions
27 Length of the major axis of the bounding rectangle of the regions
28 Length of the minor axis of the bounding rectangle of the regions
29 Orientation of the bounding rectangle of the regions
30 Diameter of a circle with equivalent area as the regions
31 Ratio of the region area to the bounding rectangle
32 Area of regions
33 Polar mean distance of regions
34 Euler number Features based on thresholded

depth map (T=�1) of surface
data segments

35 Eccentricity of the regions
36 Length of the major axis of the bounding rectangle of the regions
37 Length of the minor axis of the bounding rectangle of the regions
38 Orientation of the bounding rectangle of the regions
39 Diameter of a circle with equivalent area as the regions
40 Ratio of the region area to the bounding rectangle

337



given class x, whenever P(xi|x, xj )=P(xi|x) for all
xi2Xi, xj2Xj, x2W, and when P(xj, x)>0. The structure
of the naı̈ve Bayes classifier represented as a Bayesian
network is illustrated in Fig. 5. Feature selection is
introduced to this network by removing irrelevant fea-
tures by means of a search algorithm (see Sect. 5.4). This
extension of the naı̈ve Bayes decision rule is known as
the selective naı̈ve Bayes classifier (SNB).

The structure in Fig. 5 shows that each attribute is
conditionally independent of the remaining attributes,
given the class label x of the class variable. The class
variable W is the only parent for each attribute Xi, de-
noted as Pxi ¼ Xf g for all 1 £ i £ n. Hence, the joint
probability distribution P(X1,..., Xn, W) for this network

is determined to be P X1; . . . ; Xn; Xð Þ ¼
Qnþ1
i¼1

P UijPUið Þ ¼
P Xð Þ

Qn
i¼1

P XijXð Þ; and, from the definition of conditional

probability, the probability for the classes in W, given the
values of the attributes, is P XjX1; . . . ; Xnð Þ ¼
aP Xð Þ

Qn
i¼1

P XijXð Þ; where a is a normalization constant.

5.2 Tree-augmented naı̈ve Bayes classifier

Since the features may be correlated and the indepen-
dence assumption of the naı̈ve Bayes classifier is unre-
alistic, Friedman et al. [27] introduce the tree-augmented
naı̈ve Bayes classifier (TAN). It is based on the structure
of the naı̈ve Bayes network where the class variable is the
parent of each attribute. Hence, the posterior probability
P(W|X1,..., Xn) takes all the attributes into account.
Additionally, edges (arcs) among the attributes are
allowed in order to capture the correlations among them.
Each attribute may have at most one other attribute as
an additional parent, which means that there is an arc in
the graph from feature Xi to feature Xj. This implies that
these two attributes Xi and Xj are not independent, given
the class label. The influence of Xj on the class proba-
bilities depends also on the value of Xi. An example of a
tree-augmented naı̈ve Bayes network is shown in Fig. 6.
A tree-augmented naı̈ve Bayes network is initialized as a
naı̈ve Bayes network. Additional arcs between attributes
are learned by means of a search algorithm (see Sect.
5.4). The maximum number of arcs added to relax the
independence assumption between the attributes is n�1.

5.3 Selective unrestricted Bayesian network classifier

The selective unrestricted Bayesian network classifier
(SUN) [28] (see Fig. 7) can be viewed as a generalization

of the tree-augmented naı̈ve Bayes network. The class
node is equally treated as an attribute node and may
have attribute nodes as parents. The attributes need not
be connected directly to the class node, as for the tree-
augmented naı̈ve Bayes network. After initialization, the
network consists of the nodes without any arcs. A search
algorithm (see Sect. 5.4) adds arcs to the network
according to an evaluation criterion. If there is no arc
between an attribute and the classifier network, then the
attribute is not considered during classification. During
the determination of the network structure, irrelevant
features are not included and the classifier is based on a
subset of selected features. This unrestricted network
structure maximizes the classification performance by
removing irrelevant features and relaxing the indepen-
dence assumptions between correlated features.

Since this network is unrestricted, the computational
demands for determining the network structure is huge,
especially if there is a large number of attributes avail-
able. Additionally, the size of the conditional probability
tables of the nodes increases exponentially with the
number of parents. This might result in a more unreli-
able probability estimate of the nodes that have a large
number of parents.

The posterior probability distribution of W given the
value of all attributes is only sensitive to those attributes
that form theMarkovblanket of nodeW [26]. TheMarkov
blanket of the class nodeW consists of the direct parents of
W, the direct successors (children) of W, and all the direct
parents of the direct successors (children) of the class node
W. All the features outside the Markov blanket do not
have any effect on the classification performance. Intro-
ducing this knowledge into the search algorithm reduces
the search space and the computational effort for deter-
mining the structure of the classifier.

5.4 Search-and-score structure learning

We use the cross-validation classification accuracy
estimate as the scoring function J for evaluating the

Fig. 7 Structure of a selective unrestricted Bayesian networkFig. 5 Structure of a naı̈ve Bayes (NB) network

Fig. 6 Structure of a tree-augmented naı̈ve Bayes network
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performance of the networks. Normally, a hill climbing
search is used to learn the structure of the network. An
improvement of the hill climbing search is to apply the
classical floating search algorithm (CFS), which is used
in feature selection applications [33]. We adopted this
algorithm for learning the network structure of tree-
augmented naı̈ve Bayes classifiers and selective
unrestricted Bayesian network classifiers [34]. The main
disadvantage of the hill climbing search is that, once an
arc has been added to the network structure, the algo-
rithm has no mechanism for removing the arc at a later
stage. Hence, this algorithm suffers from the nesting ef-
fect [35]. To overcome this drawback, the floating search
method is used. This algorithm allows conditional
exclusions of previously added attributes and/or arcs
from the network. Hence, this algorithm is able to
correct disadvantageous decisions that have been per-
formed in previous steps. Therefore, it may approximate
the optimal solution in a better way than (a) hill
climbing search. However, this search strategy uses more
evaluations to obtain the network structure and, there-
fore, it is computationally less efficient than (a) hill
climbing search.

An efficient evaluation of the classifier during struc-
ture learning may be achieved by ordering the training
instances so that the misclassified samples of previous
classifications are classified first [36]. The classification
algorithm can be terminated as soon as the number of
misclassified samples exceeds the error rate of the cur-
rent best classifier network.

6 Experimental results

Experiments have been performed on a data set S con-
sisting of 516 surface segments uniformly distributed
into three classes. Each sample (surface segment) is
represented by 40 features (see Table 1). The data set is
divided into six mutually exclusive subsets S={D1, D2,
D3, D4, D5, H}. During the structure learning experi-
ments, a five-fold cross-validation classification accuracy
estimate is used as the scoring function J for finding the
optimal structure of the network (see Fig. 8).

Therefore, the data set parts D1, D2, D3, D4, and D5

are used. Each part is comprised of 90 samples. The
accuracy estimate of the classifier is given by the suc-
cessful predictions on the permutation of the data set
parts D1, D2, D3, D4, and D5. All the structure learning
experiments are based on exactly the same cross-vali-
dation folds. The established classifiers are validated on
a separate hold-out data set 1H; which has never been
used during the optimization experiments [24].

The attributes in the data sets are continuous-valued.
Since the classifiers are constructed for multinomial
attributes, the features have been discretized in the
manner described in Fayyad and Irani [37], whereby the
partition boundaries for discretizing the continuous-
valued attributes have been established only through the
training data set of the corresponding cross-validation
folds. Zero probabilities of the conditional probability
tables are replaced with e=0.00001.

Fig. 8 Cross-validation method
for accuracy estimation used for
structure learning
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Table 2 compares the classification methods dis-
cussed in previous sections. It gives the five-fold cross
validation classification accuracy estimate (%CV5) and
the performance on the hold-out data set (%H). It also
shows the number of classifier evaluations (#Evalua-
tions) used for the search, the number of independent
probabilities (#Parameters), and the number of features
(#Features) and arcs (#Arcs) used to achieve this clas-
sification accuracy estimate. The following abbrevia-
tions are used for the different classification approaches:

– NB: naı̈ve Bayes classifier
– CFS-SNB: selective Naı̈ve Bayes classifier using the

classical floating search
– HCS-TAN: tree-augmented naı̈ve Bayes classifier

using the hill-climbing search
– CFS-TAN: tree-augmented naı̈ve Bayes classifier

using the classical floating search
– CFS-SUN: selective unrestricted Bayesian network

using the classical floating search

The selective naı̈ve Bayes classifier (CFS-SNB)
achieves a better %CV5 classification accuracy estimate
than the naı̈ve Bayes (NB) approach based on all the
available attributes. However, the performance on the
hold-out data set is similar. The computational demands
for establishing the CFS-SNB classifier is relatively
small. For the tree-augmented naı̈ve Bayes classifier, the
same result is achieved either with the hill climbing
(HCS) or with the classical floating search (CFS) algo-
rithm. This means that the CFS method does not per-
form any backward steps during the search. This is also
observable in the number of evaluations used. The TAN
classifier uses all the extracted features and 12 arcs are
added to the naı̈ve Bayes structure (#Arcs=52). The
TAN classifier uses 533 independent probabilities, which
have to be estimated from the data set. It is only slightly
better than the selective naı̈ve Bayes classifier. However,
the CFS-SNB classifier has a much simpler structure and
a smaller number of parameters is necessary. The
selective unrestricted Bayesian network achieves the best
classification accuracy estimate on the five-fold cross-
validation and hold-out data set among the Bayesian
network classifiers. For achieving this result, 230 prob-
abilties have to be estimated and the structure (see
Fig. 9) consists of 12 selected attributes and 14 arcs,
whereas the TAN and NB structure do not enable fea-
ture selection. Additionally, the number of classifier
evaluations used for determining the structure of the

TAN network is high compared to learning the structure
of the CFS-SUN, since the Markov blanket is used
during the search for the SUN network structure.

7 Conclusion

In this paper, we present an approach for the detection
and classification of small three-dimensional defects on
scale-covered steel surfaces. The reflection properties
across the flawless surface changes strongly, which re-
sults in a poor performance of intensity imaging. Thus,
we use light sectioning to acquire the surface range im-
age. Due to vibrations of the steel block on the con-
veyor, the acquired sections are arbitrarily located
within a range of a few millimeters that has to be con-
sidered during the recovery of the depth map. According
to a set of extracted features, segments of the surface
data are classified by means of Bayesian network clas-
sifiers. A classification success rate of more than 98%
shows the excellent performance of our approach in
extremely harsh environments. The system fails if the
surface flaws are completely covered with scale. Addi-
tionally, the appearance of the scale is dependent on the
composition of the steel. This might lead to defect
detection problems for different kinds of steel.

For learning the network structure of the tree-aug-
mented naı̈ve Bayes network and the selective unre-
stricted Bayesian network classifier, the classical
sequential floating search algorithm is used. This algo-
rithm is capable of removing previously added arcs/
attributes at a later stage of the search if they turn out to
be irrelevant.

The experiments on a data set of 516 surface seg-
ments show that the selective unrestricted Bayesian
network classifier achieves a better five-fold cross-vali-
dation classification accuracy estimate during structure
learning and a better classification performance on an
external hold-out data set compared to tree-augmented
naı̈ve Bayes, selective naı̈ve Bayes, and naı̈ve Bayes
classifiers. This classifier is based on a selected subset of
features.

8 Originality and contributions

This paper proposes an approach for the surface anal-
ysis of scale-covered steel blocks. The data used in the

Table 2 Comparison of classification approaches

%CV5 %H #Arcs #Fea-
tures

#Evalu-
ations

#Para-
meters

NB 89.11±2.87 95.45 40 40 1 275
CFS-SNB 96.44±2.11 96.96 20 20 2,098 122
HCS-TAN 97.11±2.02 96.96 52 40 17,893 533
CFS-TAN 97.11±2.02 96.96 52 40 17,958 533
CFS-SUN 98.66±0.81 98.48 14 12 4,097 230

Fig. 9 Structure of the CFS-SUN classifier
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paper were gained in a steel plant. The results show the
excellent performance of our approach in extremely
harsh environments. More than 98% of the surface
segments have been classified correctly. We use light
sectioning to acquire the range image of the surface of
the steel block with its embedded flaws. This reduces the
impact of a changing reflection property across the in-
tact steel surface on the image quality. To our knowl-
edge, a similar approach for defect detection has not
been published before. This research is highly relevant
for practical applications, in particular, for the steel
industry.

For learning the network structure of the Bayesian
network classifiers, we adopt the sequential forward
floating feature selection algorithm [34]. This floating
search algorithm facilitates the correction of disadvan-
tageous decisions made in previous steps. Therefore, it
may approximate the optimal solution in a better way
than a hill climbing search. We show in this paper how
well the structure learning algorithm performs on data
from a practical application.
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