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Abstract: At the present day, automation of visual inspection tasks is a typ-
ical engineering problem. Experts design the physical aspects of the system
and devise classification algorithms based on a small sample of the material to
be inspected. Much of this work is devoted to finding suitable features to dis-
criminate wanted from unwanted material. In this report, we explore methods
to automatically /earn object descriptors from a suitably large sample. We
focus on two types of descriptors: (a) global descriptors, which represent the
object as a whole and (b) local descriptors, which focus on topical features.
Apart from freeing the engineers to attend to other tasks, these methods allow
non-experts to operate and reuse visual inspection systems, e.g. to inspect a
different product than originally intended.

1 Introduction

Automated visual inspection is becoming more and more prevalent in many in-
dustries, from detection of precious ores and minerals in mining to quality in-
spection of food. Novel, improved sensors make even more application areas ac-
cessible, and the increasing speed of visual inspection systems allows previously
unseen throughputs. That development as well as decreasing costs of the hardware
components raises the demand even further.

One might think that it would be possible to acquire complete off-the-shelve so-
Iutions. While that is true to some degree, adapting existing systems to specific
products still remains a complicated endeavour. In many cases there are best prac-
tices to approach the design of the physical aspects of the machine (i.e. material
transport, lighting and image acquisition, etc.) that require moderate effort to adapt
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to a given problem. The major engineering bottleneck resides in establishing the
classification stage. An expert identifies discriminative features by analyzing a rel-
atively small sample of wanted and unwanted material and then devises algorithms
to extract these features from an image. This lengthy process is typically driven
by trial-and-error and requires extensive experience on part of the expert.

There are approaches to “widen” this bottleneck by utilizing machine learning
techniques. Here, low level-features such as hue-histograms, Gabor filter re-
sponses and Fourier shape descriptors are extracted from the images and fed into
generic classification algorithms like support vector machines, random forests and
artificial neural networks. For encompassing reviews of these methods, see the
works of Malamas et al. [MPZ703], who investigate these approaches in visual
inspection in general, and Du and Sun [DS06], who focus their attention to the
application to food in particular.

However, these methods are rarely applied in practice. The main reasons are that
they require far too much time to compute the features and that the black box
nature of the machine learning algorithms prevents users to understand how the
visual inspection system derives a decision [BCGS™09].

Additionally, we argue that such an approach misses the original question: What
features are characteristic of the material and relevant to the visual inspection prob-
lem? In this report, we try to answer this question by answering another: How can
one learn discriminative feature transformations from a suitably large sample of
wanted and unwanted material?

1.1 Related Work

There seem to be surprisingly few researchers also concerned with this topic. In
an early work, Duffy et al. propose to detect burn marks on filters by record-
ing color histograms of images containing defects and images that show intact
filters [DCLOQ]. These histograms are fused into a “true target’ histogram that
characterizes the burn marks. Defects are then detected by back-projection and
thresholding the resulting image. In a follow-up study, Bergasa, Duffy et al. use
the same approach, but model only non-defective color using a Gaussian mixture
model of the joint red and green color distribution [BDLMOQ].

Zhang et al. use a similar method to grade date maturity [ZLTLI14]. In training,
they collect the RG-color histograms of date samples of different maturity grades
and compute a back-projection table that maps RG-tuples to a ripeness level. In
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this table, missing values are filled in by linear interpolation between the neighbor-
ing entries, so that every possible color is represented. In testing, fruits are graded
by determining the mean gray value in the back-projected image.

Similarly, Li et al. grade the ripeness of tomato fruits by determining dominant
colors in images of fruits of different maturity grades [LCGOQ9]. Their method is
relatively involved and requires multiple color space conversions and a specialized
clustering algorithm. Finally, they define several ripeness classes and compute
characteristic histograms of dominant colors in these classes. Unseen tomatoes
are classified by comparing the histogram of dominant colors to the ones learned
in the training phase.

While all these approaches are concerned with a particular application in mind,
Richter and Beyerer propose a method suitable for a wider range of prod-
ucts [RB14]. Similar to Duffy et al. they collect color histograms of the material
under inspection and compute a mapping to a semantic attribute in a four step pro-
cess. Unlike the other approaches, their approach requires a separate classifier that
uses the attribute-images to classify objects.

All these methods focus on color as sorting criterion. Therefore, defects that are
characterized by a change of texture or shape are undetectable. In the next section,
we propose two methods that are able to capture all aspects of object appearance:
color, texture and shape.

2 Methods

Feature descriptors can be divided into two groups: global descriptors and local
descriptors. The former summarize the object appearance: “The apple is green
with a few brown spots”. The latter focus on topical features: “There is a small
round brown spot near the stem of the apple”. Both types of descriptors are ap-
plicable in different scenarios. Judging the overall appearance of an object calls
for usage of global descriptors, e.g. when grading the surface of tiles or when as-
sessing the ripeness of a fruit. Local descriptors, on the other hand, are applicable
when searching for localized defects, for example detection of fungal infection on
grains or localization of scratches on surfaces.

In this section, we present approaches to learn either type of descriptor. The first
method is based on the bag of visual words (BOV) framework, while the latter
utilizes cascades of random ferns.
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Figure 2.1: Outline of the BOV method: Given a vocabulary of visual words,
objects (images) can be characterized by a statistic of the visual words appearing
in the image. Note that spatial information is not considered.

2.1 Global Descriptors

Originally introduced by Csurka et al. in the context of image categoriza-
tion [CDFT04], the bag of visual words model has been applied in many domains
such as content based retrieval, face recognition and action classification. The de-
scriptors have many advantages: they are compact, invariant to object scale and
rotation and are highly discriminative.

The main idea is to consider images to be documents that are composed of visual
words. As with text documents, some of the words carry more information than
others, that is some words are characteristic of certain objects or concepts, while
others may be found in many different images. The task of image categorization
can then be approached by constructing a dictionary of discriminative keywords
and describing images by determining which words appear in them. This idea is
outlined in Figure 2.1] It is formalized in the following.

2.1.1 Vocabulary

Starting from a collection of input images Z;, ¢ = 1,..., N, a large set of local
low level, D-dimensional feature descriptors x4;,t = 1,...,T; (e.g. SIFT) are ex-
tracted from each image. Here, T; denotes the number of features extracted from
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Figure 2.2: Example of hard assignment in two dimensions. Each feature (crosses)
is related to the closest of the ten visual words (stars).

Z; and may vary from image to image. Each x;; can be interpreted as an “inflec-
tion” of a visual word. Visual words correspond to clusters in the feature space.
Therefore, keywords can be determined using cluster-analysis. Although other
approaches are conceivable, most BOV implementations use a simple K-means
clustering or Gaussian mixture models (GMM) with a fixed number of clusters.
Csurka et al. noted that the exact number of visual words does have a negligible
impact on the classification performance [CDET04]. A common approach is to
repeat the cluster analysis with varying K and keep the clustering that best fits the
data.

2.1.2 Descriptors

Now that the vocabulary is determined, the descriptor m for an image Z is chosen
to represent some statistic over the visual words that appear in Z. Csurka et al.
proposed hard assignment [CDET04]]: The D-dimensional low level features x;,
extracted from Z, are assigned to the nearest cluster center (see Fig. [2.2). Each
entry my in the descriptor m represents the fraction of features falling into the
Voronoi-region around the cluster center pt;,,

1 .
my = T‘{xt|argmm||xt —pl = uk}’.
©

The resulting K -dimensional descriptor represents a simple count statistic of vi-
sual words, but does not provide any further information over the “inflection” of
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the words, i.e. the location of the features in relation to the cluster center. Fisher
vectors, introduced by Perronnin et al. [PDQ7]], provide an alternative encoding
that enriches the descriptor by first-order statistics of the feature distribution.

The key idea is to assume that the x;; are generated by a Gaussian mixture,

K

p(xIA) = wig(x|py, Th),
k=1

where A = (wg, g, k)i, contains the GMM’s parameters and g(x|p, ¥) is
a Gaussian with mean p and diagonal covariance matrix ¥. The parameters of
the GMM are determined using expectation maximisation. Using the occurrence
probabilities

wrg(Xe|py, X

K )
Zj:l ng(xt|ﬂj7 %)

the (2K D)-dimensional descriptor (D is the dimension of the feature space) is

Vit =

built as m = (ui'—, ceey u%,v;—, e ,V};)T, where
), and
=1
1 .
S S — ) S 1.
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2.1.3 Application in Visual Inspection

The fundamental requirements of automated visual inspection are quite different
from other computer vision tasks such as image categorization. In some sense it
is less difficult, since the environmental conditions — lighting, background, etc.
— are tightly controlled. On the other hand, it is more difficult than other tasks:
high throughput demands very short processing times. This prohibits usage of
long processing pipelines and computation of complex feature descriptors such as
SIFT. This suggests to divert from the usual path in two aspects: Dense sampling
and usage of primitive feature descriptors.

In dense sampling, we consider every foreground-pixel (u, v) of an object as key-
point where to extract the low level local feature descriptors. This has the benefit
of skipping an interest point detection stage (thereby saving processing time), but
is only feasible if the objects are relatively small and the descriptors themselves are
inexpensive to compute. Hence, we use primitive features that require only very
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little processing time. In particular, the most basic descriptor is the color of a pixel,
x¢ = Z(ug,v¢). Since K-means and GMM, like many other algorithms for clus-
ter analysis, rely on measuring distances, the color space may have a significant
impact on the discriminative ability of the object descriptor. To include other fea-
tures, a D-channel local descriptor is constructed as x; = (14, ..., Dt)T, where
each x4 encodes a different feature-type. For example, x1; to x3; could cor-
respond to the RGB values at the pixel (u;,v;). Texture is encoded e.g. using
gradient magnitude, x4 = |VZ(u¢,vy)|, rotation invariant uniform local binary
patterns [OPMO2] or center-symmetric local binary patterns [HPS06]]. Finally, the
shape of an object can be represented using the distance transform.

2.2 Local Descriptors

As BOV describes the object appearance as a whole, it does not provide informa-
tion about the location of a defect. As a result, the method is unsuitable in situa-
tions where position is the major discriminative feature. In this section, we propose
a novel method to learn descriptors that are able to describe such situations.

Similar to BOV, the descriptor is a collection of local features. However, instead
of vectorial feature descriptors, we use very simple and weak binary features

fn =1 [(bn,l(pn,l) - ¢n,2(pn,2) < T7L]7 2.1

where 7, is a feature-specific threshold, ¢(p) extracts some scalar features at the
pixel at p = (u,v) and 1[z] is the indicator function that is 1 if z is true and 0
otherwise. Note that neither necessarily p;, 1 7# Pn,2, DOI ¢y, 1 = ¢y, 2, Which al-
lows local features that evaluate the same pixel and features that compare different
types of features.

The scalar features ¢(p) are used to encode different aspects of the object and
may be arbitrarily constructed. The only requirement is that the difference
(¢(p) — ¢(q)) is meaningful, that is ¢ should not extract some coding-scheme
like LBP. However, as computation time is limited, simple extraction methods
similar as the ones used in the BOV approach should be used. The hue or satura-
tion at the location p can be used to represent the color of the object. Texture can
be encoded using gray-value and gradient magnitude. Shape can again be encoded
using the distance transform or the fraction of foreground-pixels in a region around
p. Similarly, the color and texture features can also be taken as the mean or other
statistic in a region around p. Finally, we suggest to normalize each feature to a
value in [0, 1]. This ensures that the different channels are comparable.

To achieve invariance to rotation and scale, we index pixels relative to a local
coordinate system (see Fig. [2.3): Given the center c, major axis b; and minor
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Figure 2.3: Local feature primitives comparing two locations in the image. Each
feature is the difference of two descriptors extracted at two locations p and q in
the object image. Invariance to rotation and scale is achieved by indexing relative
to the object center ¢ and the major and minor axes b; and bs.

axis by of an object, the object indexed coordinates x = (\, ) are transformed to
global coordinates as p = ¢ + Ab; + ubas.

2.2.1 Feature Selection

The definition of these features leaves the question how to to learn discriminative
descriptors. For this purpose, we adapt the random fern approach presented by
Ozuysal et al. [OCLFI0]. A random fern F,,, can be thought of as a collection
of S binary features f; € {0, 1}, which divide the feature space into 2° disjoint
regions Rs. Similar to decision and regression trees each R is associated with
an output. In the output of a single fern is a probability estimate p(c|f)
that an object belongs to class ¢ given the observations f. The features in each fern
are randomly selected. In this report, we propose to instead select the best from a
pool of feature candidates.

Given a set of NV training samples, we randomly sample K local coordinates
x € [~1,1]2. Given L different feature extraction methods ¢(), this produces a
pool of (LK)? feature candidates. The best S features are selected in an iter-
ative scheme, where in each round the feature combination that maximizes the
correlation to an output value § (see Algorithm [2.)),

Sl (@7 =6 - o + 6 ) (1 - 7)

(2 (5o +m)) (=2 o -3)")

Q((bz_(bkvg) =
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For the sake of brevity we abuse notation and write ¢§”> to denote the ¢-th com-
bination of local coordinate and feature extraction method extracted from the n-th
training sample, and ¢; to denote the empirical mean over the samples (like-
wise for y). The threshold 7,, (see eq. ) is randomly selected in order to be
more robust towards non-representative training sets. Finally, the binary feature
fn = 1[p; — ¢r, < 7] is constructed and both ¢; and ¢, are removed from the
pool of candidates. This process is continued until S features are selected.

The resulting random ferns are very fast to compute, but unable to reliably classify
unknown objects. However, the combination of multiple ferns was proven to be a

PaVal 3 nl

reliable classifier [OCEF10).

2.2.2 Fern Boosting

In the original paper, Ozuysal et al. combined many random ferns in a semi-
naive Bayesian method. However, since we are interested in a minimal number
of ferns to kejgp the computational costs low, we propose to construct a cascade
Fry(x) = ) ,,—1 Fm(x) of random ferns using gradient boosting [Fri06]. Follow-
ing Friedman, we adapt L,_TreeBoost to employ random ferns instead of regres-

sion trees as weak classifiers. The modifications are straightforward, producing

Algorithm [2;1}
Given the cascade F);(x), class membership probability estimates are derived as
(= 11%) : d
=1|x) = an
Y 1+ exp (—2F ()
1

ply=—1[x) = 1+exp (2Fy(x))

Objects are classified according to
g(x) =2-1e-ply = 1|x) > ex ply = —1[x)] — 1,

where c_ and c; are the costs of predicting y = —1 and y = 1 respectively when
the true class is y = 1 resp. y = —1.

3 Conclusion

In this technical report, we proposed two methods of learning discriminative fea-
tures for automated visual inspection from a sample of wanted and unwanted ma-
terials. The first method uses the bag of visual words framework to derive global
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Algorithm 2.1 L, _FernBost
Require: Number of iterations M, training set {x(™), y(™M}N_ with y(™) = 41

1. 1+7
Fo(x) = - log —— ¢
0(x) 20g1_y
form=1,...,M do
2y;
G = Y for n=1,...,N

1+ exp (2y(M Fp,_q (x(M))
{Rms}2” = random-fern({x™, 5™ }Y_,) with S features
Y mer,, 97
D oxmeRrm, [11(2 = [5])
Fyn(%) = Fyn1 (%) + 3072 a1 [x € R
end for

for s=1,...,2°%

Yms =

object descriptors that are invariant to both scale and rotation. The second method
combines feature extraction and classification by learning a cascade of random
ferns using gradient boosting. The features are sensitive to the defect’s location and
invariant to object scale and rotation due to the use of a local coordinate system.

Both methods allow to encode all major aspects of object appearance: color tex-
ture and shape. Both methods use very primitive underlying features such as the
color of a pixel. Since they require only simple operations (sums, products and
comparisons), both methods are very fast in operation. This comes at the cost of a
lengthy (but automated) training phase.

In the future, we plan to evaluate both methods in different scenarios. The BOV
approach is suited when the whole object appearance is of interest, e.g. in grading
the ripeness of fruits. The cascade of random ferns will be evaluated on problems
where the location of a defect is a major clue, for example in the detection of
fungal infections in grains.
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