Comparison of the performance of innovative deep learning and
classical methods of machine learning to solve industrial recognition
tasks

K. Anding™, L. Haar?, G. Polte?, J. Walz?, G. Notni®
#1lmenau University of Technology, Gustav-Kirchhoff-Platz 2, 98693 Iimenau, Germany
* katharina.anding@tu-ilmenau.de

ABSTRACT

Artificial intelligence and machine learning are becoming increasingly important in science and society. In image
processing, they are mainly used for object classification. The aim of this paper is the comparison of classical supervised
machine learning methods with innovative deep learning (DL) approaches in terms of performance, which is described
by the calculated accuracy. Classifiers of different characteristics are used. These are the Support Vector Machines,
Random Forest, k-Nearest-Neighbor, and Naive Bayes. They are compared to two not pre-trained and four pre-trained
neural networks. The former neural network are based on LeNet, the second ones include AlexNet, GoogleNet and
ResNet provided by Matlab as well as a pre-trained neural network provided by MVTec HALCON. Comparisons were
made using the recognition rates achieved with five real data sets from industrial applications. The results showed that
not pre-trained neural networks produce worse results than classical classifiers with the given small amounts of data for
training. On the other hand, the pre-trained networks achieved surpassing recognition rates. However, if there are
features that describe the classes very well, the recognition performance of classical machine learning methods little
differs from that of deep learning algorithms.

Keywords: artificial intelligence, machine learning, deep learning, pre-trained neural network, Convolutional Neural
Network

1. INTRODUCTION

Image processing can be automated with the help of artificial intelligence and, in particular, machine learning methods.
These topics have long been a focus of science and society. The considerable increase in interest is mainly due to the
development of new algorithms and increasingly powerful computer technology. Therefore, these technologies are
currently attracting a great deal of attention, which can also be attributed to the recent successes with deep neural
networks (deep learning). These have some advantages compared to classical classification methods. So, for example
some steps of the image processing chain can be omitted, like feature extraction and feature selection. However, they
also show disadvantages such as long processing times, many parameters to be set and no traceability of the decision-
making process. Deep Learning algorithms are often called as “black box approach™, which can be viewed in terms of
its inputs and outputs but without full knowledge of its internal workings.

In order to investigate the differences in recognition performance, classical supervised machine learning methods and
innovative deep neural networks will be compared in the context of this paper. The evaluation of the methods is carried
out using several data sets from industrial applications with different characteristics and the achieved recognition rate
(accuracy). To make the investigations as comprehensive as possible, classifiers with different characteristics,
complexity and sensitivity were selected. These are Support Vector Machines (SVM), Random Forest, k-Nearest-
Neighbor, and Naive Bayes. The Convolutional Neural Networks (CNN) are used as DL methods. A CNN represent a
special case of standard neural networks and is especially suited for image processing tasks. Transfer Learning enables
the training of a network with some data and expand it by the own dataset. The pre-trained neural networks AlexNet,
GoogLeNet and ResNet provided by Matlab as well as a pre-trained neural network provided by MVVTec HALCON are
used.
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2. STATE OF THE ART

Comparative studies on DL and classical machine learning methods are commonly performed. This is done, for example,
with regard to predicting the development of electricity prices 2. Support Vector Machines and deep neural networks are
also compared with respect to the processing of remote sensing images 3. Other studies are dedicated to the comparison
of natural language understanding * or four different neural networks °. The performance is also compared with regard to
the evaluation of wrist accelerometer ¢, with the focus on DL and random forest. This paper, on the other hand, will
focus on the comparison of recognition and classification performance of deep neural networks and classical methods of
machine learning in the processing of images from industrial applications.

2.1 Classical methods of machine learning

Classical methods of machine learning are used in image processing for the classification of objects. These are compared
in different studies, such as by Fernandez-Delgado et al. ”. One of the most powerful classifiers is the Support Vector
Machine (SVM). If a linear separability of classes is given, a dividing line can be drawn in the two-dimensional feature
space, or a linear hyperplane in the multi-dimensional feature space, which delimits the classes and enables classification
of unknown objects 8. Such linear separability is not always given. If there is a non-linearly separable data set, the SVM
uses the so-called kernel trick. The data is transferred to higher-dimensional feature spaces using a kernel function until
linear separability is possible °. Subsequently, the linear separation plane is determined and the data is transferred back to
the original feature space. Now the dividing plane no longer appears linear and is able to separate the classes from each
other 1. In order to obtain satisfactory results with the SVMs, the parameters must be optimized. The difficulty is that
the parameters have to be redefined for each new application. In addition to SVM, Random Forest is also a powerful
classifier. It consists of a large number of decision trees, a so-called decision forest, and thus belongs to the ensemble
methods *. This classifier achieves very good results in a short time, even on complex, highly nonlinear recognition
tasks 1# 13, Furthermore, it has only a few parameters to be set. The k-Nearest-Neighbor classifier uses the nearest
objects and a distance measure (e.g. euclidean distance) in the feature space to determine the class membership 4. The
Naive Bayes classifier belongs to the group of statistical or probability-based classifiers '°. A detailed description of the
methods can be found in the cited publications.

All these classifiers are part of supervised machine learning algorithms and they work on the basis of feature vectors.
This means that initially significant image regions must be segmented, features of the regions have to be calculated and,
if necessary, transformed. The steps required to process a classification task in image processing are shown in Figure 126,

Image Feature Preproces-
éme;gf Prepro- Sttagtrinenn Calcu- sing the Training Test
apture cessing atio lation Data Set

Figure 1: Image processing and machine learning chain

So classic classifiers are based on manually selected image features (shape, color, texture and spectral features), which
can be physically described and extracted from the image, e. g: circularity as a feature of form, average gray value as a
color feature, Laws features as texture features, and statistical characteristics extracted from the point spectrum of a
hyperspectral image. The shape, color and texture features are extracted for each existing image channel (e. g. RGB) and
made available for classifier training in a summarized physically describable feature vector of limited dimension (usually
several hundred features per object example). The image features are selected on the basis of the characteristics of the
underlying recognition problem and examined with regard to their discriminant ability, relevance and redundancy
(feature selection) before they are used as the basis for training of the classification algorithm. Due to the limited feature
set, in contrast to the DL method, significantly fewer data set instances are required in the training data set in order to
achieve sufficiently good recognition results. An optimal application-specific selection of the image features is decisive
for the achievable quality and generalization capability of the classification algorithm. In contrast to CNN, the selection
of suitable image features is not the responsibility of the classification algorithm but of the recognition expert. Here it
becomes clear that manually designed feature extraction can cause important features to remain unnoticed if unsuitable
feature selection takes place, which can impair the performance of the following classic classifier *'.
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2.2 Convolutional Neural Networks — a method of DL

The human brain is capable of processing information in an impressive way. Artificial neural networks are supposed to
emulate this remarkable ability. Biological neural networks consist of neurons which are connected by synapses *°.
Artificial neural networks are also built according to this model. They consist of an input layer, one or more hidden
layers and an output layer. The presence of a large number of layers is referred to as deep neural networks or DL 0. Deep
neural networks are present in a wide variety of applications. There are different implementations with regard to
structure and sequence. Each of these has a special suitability for different tasks ‘8. The Feedforward Neural Network is
used in particular for computer vision and speech recognition. Radial Basis Function Neural Network can be found
especially at power restoration systems. The Recurrent Neural Network is implemented in text to speech applications.
The Convolutional Neural Network (CNN) is especially suited for image processing tasks. This is due to the ability to
process data arranged in matrices. Since the pixels within an image form such two-dimensional matrices, they can be
directly processed *°. In contrast to classical machine learning methods the intermediate steps of the image processing
chain, such as feature calculation and preprocessing the data set, are not necessary by using CNNs. They are done
automatically within the algorithm. This means that feature extraction is already integrated in the algorithm of CNNs and
takes place in implicit form directly within the layers of the neural network 7.

The input data is transformed many times and thus complex features are developed. First, only edges are recognized,
later individual parts, which are finally combined into an entire object and viewed as a whole. Figure 2 shows a possible
structure of a CNN 8, It consists of an input layer, a series of alternating successive convolutional layers and pooling
layers, which calculate and clean up the features, followed by a fully connected layer, which corresponds in its structure
to a multilayer perceptron and is used for classification. The transfer of the results is done through the output layer.

Input Convolutional Pooling  Convolutional Pooling  Fully Connected
Layer Layer Layer Layer Layer Layer
\4 v
Feature calculation Classification

Figure 2: Exemplarily illustration of a Convolutional Neural Network 6

With a sufficient number of layers, CNNs are able to create very complicated functions of the input. Often these are
insensitive to large but not important changes, such as background, lighting or environment, but respond to small details
that are crucial to decision-making. They are also able to process non-linear data sets, are flexible and can be well
adapted to existing problems 2°.

Nevertheless, there are some disadvantages and restrictions in the application of these algorithms. Deep neural networks
require an extremely large amount of data for training in order to develop a good generalization capability and thus
deliver good results 2* (it depends on the intrinsically calculated several thousands of features / curse of dimensionality).
Here, the number of examples can rise to millions. However, obtaining such a large number of pre-classified images is
time-consuming and cost-intensive. The so-called transfer learning can help to solve this disadvantages ?2. Here a
network with arbitrary pictures is pre-trained and extended by the own images of the selected industrial applications.
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Even if many training objects are available, deep neural networks remain susceptible to overfitting. Due to the large
amount of data to be processed, the training also takes up a lot of time and can take days or even weeks °. Very high
computing power is required for the effective use of these methods ?2. For this reason, such applications should be
processed by the Graphics Processing Unit (GPU) instead of the Central Processing Unit (CPU) for saving time . In
addition, many parameters have to be set and optimized, e.g. initial weights, activation function, learning rate, batch
size 2%, According to Bengio 2, the quality of the results depends on the initial values. Since neural networks are black
boxes, the decision-making process is not user-comprehensible. Low level features of the CNN show certain similarities
to classically used features (e. g: edge filters in certain orientations and scales or certain color characteristics ), but in
contrast to classical image features low level features cannot be described physically with comparable mathematical
formulas. However, there are approaches to investigate the fundamental interpretability of intrinsic features of CNNs or
the basis of the underlying decision making of CNNs 24, 1, %, Furthermore, it is difficult to predict how a change in
architecture or initial parameters will affect the results. This fact makes the design of a network much more difficult 4.
An extremely serious disadvantage is that DL methods can be fooled and the results can be influenced, leading to critical
misclassification 26-2°,

3. INVESTIGATIONS
3.1 Data sets

Five different real data sets from industrial applications were used in the investigations of this paper. The first three data
sets consist of light scattering images. These represent reflective, industrially produced surfaces. Scattered_Light 1 _3CI
contain three classes: one class includes images of surfaces without defects and the other two classes represent scratches
or point defects. Scattered_Light 2 4Cl and Scattered_Light 3 4Cl have an additional defect class (hybrid defects) and
thus four classes in total. It should be mentioned that Scattered_Light 2_4ClI consists of images of various materials and
processing types, which is why it has a large innerclass variability and a small interclass variability (definitions of
innerclass and interclass variability are given in Anding 3°). This data set contains an outlier.

Furthermore, a data set with images of metal surfaces is used with a total of 274 objects examples (instances). In the past
we have presented a method for surface defect recognition of metal surfaces using the example of analyzing a counter
sunk drilling at heat-treatable steel. The classification was done using color and texture features as input parameters for
classical machine learning algorithms like a SVM. This is a small image data set, which is why there may be a low
generalization capability of the classifier. We discriminating between the classes: defect-free metal surfaces and two
defect classes: longitudinal rills and chatter marks. This data set also contains an outlier.

The Autopetrography data set is based on a developed method for automatic recognition of mineral aggregates to solve
the analysis for all petrography classes according to legal requirements. This data set consists of 18.596 objects and is
therefore the largest used data set. Because of the similarity of the external appearance of some objects, the interclass
variability is quite low. This leads to an overlapping between several classes in feature space and thus to classes, which
are difficult to separate. In Table 1, all data sets are listed with information about number of objects, number of features
and number of classes. Figure 3, Figure 4 and Figure 5 show example images of the different data sets.

Scratches Point defects Hybrid defects Defect-free

Figure 3: Example images of light scattering image data set.
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Some investigations were done based on the given data sets in the last years in our research group by using classical
machine learning algorithms 27-30. These investigations were complemented with an analysis of further optimized
classical classifiers and innovative DL approaches. Their results are compared and discussed in this paper.

-- |

Defect-free Longitudinal rills Chatter marks
Figure 4: Example images of metal surface data set.

Table 1. Overview of used data sets.

Name Number of Objects Number of Features Number of Classes
Scattered_Light 1 _3CI 300 182 3
Scattered_Light 2 _4Cl 719 182 4
Scattered_Light 3_4Cl 1193 182 4
Metal Surfaces 274 123 3
Autopetrography 18.596 234 4
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Figure 5: Example images of Autopetrography data set.

3.2 Classical supervised machine learning methods

In order to include as many different processes as possible, the investigations were made with four classical classifiers
with different characteristics. The k-Nearest-Neighbor classifier is distance-based and was used with a number of three
considered objects (neighbors), lying next to the unknown one. Random Forest builds a decision forest with 100 trees.
Naive Bayes belongs to statistical classifiers and was used with the default settings. For the investigations with the SVM,
the choice fell on an rbf-kernel. Furthermore, it was subjected to parameter optimization in Matlab with the help of
"Pattern Search". In this context, the recognition rate was maximized for the parameters C and vy %. The LibSVM-library
in Matlab and Weka was used for this purpose. Otherwise, the software KNIME and especially the Weka-Plug-In were
used. Some of the classification methods rely on the pre-processing of the feature expressions within the data set, in
order to obtain good results. Before using k-Nearest-Neighbor, the features have to be normalized so that the values lie
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within an interval of [0;1]. This serves to prevent the distance measure from being influenced by different orders of
magnitude between the characteristics. Normalization is also performed before using the SVM. In literature, it is
recommended to discretize the feature values for Naive Bayes. Only the decision tree Random Forest receives the data in
unchanged form. Table 2 summarizes the above.

Table 2. Overview of used classifiers.

Classifier Data pre-processing Software
k-Nearest-Neighbor Normalize KNIME
Random Forest None Weka-Plug-In in KNIME
Naive Bayes Discretize Weka-Plug-In in KNIME
Support Vector Machines (SVM) | Normalize LibSVM in Matlab and
Weka-Plug-In in KNIME

3.3 Innovative DL methods

The Convolutional Neural Networks (CNN) are used as DL methods in this paper because they are especially suited for
image processing tasks. In the following, the used methods are examined in more detail.

LeNet in KNIME

KNIME enables the use of deep neural networks by integrating "DeepLearning4J"”, "Keras" and "TensorFlow" whereby
the former library is used for investigations with this method . It is based on the LeNet architecture 7 and consists of
two convolutional layers, two pooling layers and is terminated with a fully connected layer. Rectified Linear Unit
(ReLU) is used as the activation function. The network is not pre-trained and was therefore trained individually for each
data set. No data augmentation was carried out either. Before the training, the images were subjected to some pre-
processing measures, such as reduction of the channels, reduction of the picture size and conversion into a square format.
Furthermore, the pixel values were normalized and then standardized. In the literature, this procedure is also
recommended for the use of feature vectors in combination with deep neural networks. In order to improve the results, a
complex optimization can be carried out. Thus, the architecture of the network and thus the number and constellation of
hidden layers, the parameter values or the activation function could be adapted. Such a specially created and trained
network was investigated using the Metal Surface data set %,

Adapted network to the Metal Surfaces data set without pre-training

In the previous section, the deep neural network adapted to the Metal Surfaces data set by the authors Anding, Kuritcyn
and Garten, was already mentioned . The published results will be used for comparative investigations in the context of
this paper. Theano, Lasagne and nolearn were used for the realization of the network. Before the application, the images
were pre-processed, reducing the number of channels to one and reducing the image size significantly, which leads to
lower computational effort. The network architecture is based on LeNet ¥, whereby a different number and constellation
of layers was investigated. Exponential Linear Unit (ELU) was used as activation function. In part, a data set extension
was performed. The first problem we have faced in our investigations with CNN on Metal Surface data set was the small
size of the given data set. Usually, neural networks require big datasets to achieve good results. There are many
techniques to expand data sets. This process is called data augmentation and uses operations like scaling, translation,
rotation, flipping, adding noise, changing lighting conditions or using perspective transformation. At first, we flipped
random chosen images 3. On the next stage we added also random rotation, horizontal and vertical shift for a few pixels
and zooming. For training our network we also used small batches from the original dataset images. These batches were
augmented on the fly by an implemented generator. It generates new samples at “no cost” and allow a training of the
CNN without pre-training. In chapter - 4. Experimental Results — this CNN is called “Adopted CNN”.

Pre-trained CNN in HALCON

The software MVTec HALCON 18.05 contains two pre-trained networks, which were trained using pictures from
industrial applications. They can be extended by images of own data sets. With such a procedure, the problem of too few
data quantities is counteracted. Depending on the problem, nevertheless, hundreds to thousands of images per class must
be present according to the reference manual of HALCON 22, In this paper, the "pretrained_dl_classifier_enhanced.hdl"
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is used. The aim of the investigations is to analyze the added value of this pre-trained network. So far, it can only be
executed using the GPU. The parameters preset by HALCON for batch, epochs and learning rate proved to be
appropriate and were used. The batch size is thus 64 and the number of epochs 16. An adaptive learning rate is used,
which starts at 0.001 and is reduced by 1/10 every four epochs. However, the exact structure of the neural network
cannot be seen, which is why no information about the number and sequence of the layers is given by MVTec, the
developer of HALCON.

Pre-trained CNNs in Matlab

Matlab also offers pre-trained CNNs. The difference to HALCON, however, is the use of images of different everyday
objects, such as keyboards, pens or coffee cups, as well as many animals taken from ImageNet, instead of images from
industrial applications. The neural networks AlexNet, GoogLeNet and ResNet-101 are used for the investigations in this
paper. They are pre-trained with over one million images, which are divided into 1,000 categories, and can be
supplemented with own data 3°.

AlexNet — This network architecture was created by Alex Krizhevsky and consists of eight layers, of which five are
convolution layers with max-pooling layers and three are fully connected layers %°. ReLU is used as the activation
function. The images transferred to the network must have a size of 277x277 pixels %*. A batch size of 10 was selected
for the investigations and the number of epochs was set to 6. The initial learning rate is 0.0001.

GoogLeNet — This network is based on the LeNet-architecture and uses a so-called inception 26. Here filters of different
sizes are used in the convolution layers. According to the developers, this network makes better use of computational
conditions. It consists of 22 layers. ReLU is used as the activation function. The prescribed image size is 224x224 pixels.
Again, the batch size is set to 10 and the number of epochs is set to 6. The initial learning rate differs minimally from the
one used with AlexNet. Here it assumes a value of 0.0003.

ResNet-101 — This Residual Neural Network (ResNet) consists of 101 layers and is able to skip one or more layers #> %3,
This should facilitate learning and avoid a decrease in the recognition rate with the increase of the depth of the network.
In some deep neural networks, such a behavior has been observed. The images must have a size of 224x224 pixels. A
value of 10 was selected for the batch size, 6 for the number of epochs and 0.0003 for the initial learning rate.

4. EXPERIMENTAL RESULTS

For a comparison of the results of the procedures described above the achieved average recognition rates (RR) and
standard deviations (Stdev) were used. These were determined with the help of cross-validation. Table 3 summarizes the
results.

In order to deliver satisfactory results, deep neural networks require an enormous amount of data. This is not possible
with the data sets used, which is why high recognition rates could not be achieved without the use of pre-trained
networks. Therefore, the CNN from KNIME with a result of 80.47 % only surpasses the simple classifier Naive Bayes in
the case of the Scattered_Light_3_4CI %, Otherwise, the recognition rates are lower than those of the classical methods.
To counteract this, the architecture, the number and constellation of hidden layers, the parameter values or the activation
function could be adapted. Such a specially created and trained network was examined by Anding, Kuritcyn and Garten
using the Metal Surface data set, whereby a maximum recognition rate of 83.5 % was achieved * (see Adapted CNN in
Table 3). This exceeds the performance of the simpler classifiers k-Nearest-Neighbors and Naive Bayes but does not
match Random Forest or SVM. The adopted CNN is not pre-trained with other big data sets before subsequent training
with Metal Surface data set with only a total of 274 objects (instances), which were captured by a color line scan camera.
In the past our first tries, using the given data set without data augmentation, showed a recognition rate of only 48.0 % 2.
It was an unacceptable performance and so we used data augmentation to expand the given image data set. Nevertheless
data augmentation is not sufficient to reach an adequate amount of training instances, which is required for training of
CNNSs. So the unsatisfactory final result of 83.5 % is well justified by this given fact.
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Table 3. Comparison of the recognition performance of classical classification methods with DL methods. 16

RR and Stdev Data sets
data in percent Scattered Light Metal Autopetrography
13cl | 24cl | 3.4cCl Surfaces
Type of RR | Stdev | RR | Stdev | RR | Stdev | RR | Stdev RR Stdev
classifier
k-Nearest- 85.00 3.93 | 64.12 5.15 | 81.81 2.07 | 74.80 451 86.94 0.58
Neighbor
Naive Bayes 76.67 4.44 1 50.35 5.02 | 75.86 250 | 78.46 2.38 73.10 0.57
Random Forest 92.67 3.06 | 71.78 414 | 84.92 2.39 | 86.49 0.68 92.90 0.52
LibSVM 89.67 5.62 | 70.93 6.32 | 85.25 2.03 | 85.03 1.32 93.05 0.14
SVM (SMO) / / / / / / 98.83 | 244 / /
(Haralick features)
CNN in KNIME | 69.60 6.08 | 46.07 0.91 | 80.47 0.21 | 59.80 0.90 68.80 0.00
Adopted CNN / / / / / / 83.50 0.87 / /
HALCON- 93.00 526 | 72.70 5.09 | 93.97 231 | 9345 3.25 93.34 0.34
Network
AlexNet 94.47 5,26 | 78.06 5.65 | 93.63 2.17 | 90.46 2.62 90.90 0.97
GoogLeNet 96.00 3.78 | 78.60 5.21 | 93.80 2.75 | 95.22 3.37 92.58 0.78
ResNet-101 96.67 351 | 77.05 440 | 94.22 2.03 | 96.32 2.30 94.11 0.95

The situation is different with the pre-trained networks from HALCON or AlexNet, GoogLeNet and ResNet-101 from
Matlab. The results of the HALCON-Network and Random Forest are very similar for the data sets
Scattered_Light 1 3Cl and Scattered_Light 2 4CIl. However, the results of both the classical methods and the deep
neural networks are accompanied by very high standard deviations, which indicates an unstable process. This could be
caused by the small number of objects in Scattered_Light 1 3Cl and thus a very small training data set, whereby the
classifier cannot achieve a good generalization capability. With Scattered Light 2 4Cl it could be due to the
heterogeneity of the data set. The average recognition rates are higher with GoogLeNet and ResNet-101 than with
Random Forest, which has the best result among the classical methods.

The performance of the deep neural networks in Scattered _Light 3 4Cl and Metal Surfaces clearly exceeds that of the
other classifiers in Table 3 with the exception of SVM (SMO) and the use of Haralick features. LibSVM achieves
85.25 % with the first data set, whereas ResNet-101 achieves 94.22 %. This makes a difference of about 9 %. For Metal
Surfaces and the classical features (without Haralick) and classical methods, the highest average recognition rate of
86.49% was achieved with Random Forest and is exceeded by ResNet-101 with 96.32 %. The reason for the enormous
difference could be the outlier, which is known to be in the feature vector of this data set. DL networks analyze the
available images so that no anomaly was present. However, even after removing the outlier, the deep neural networks
outperform the results of the powerful Random Forest. It achieves an average recognition rate of 89.54 %. Since
classification-relevant information is contained in the texture of the Metal Surface data set, neither color nor shape
features make a contribution. It appears that the used CNNs can describe the texture better than the manually selected
classic features. Classical classifiers, like SVM or Random Forest, working on basis of the extracted feature vectors and
not on the original information content of the sample images like CNNs. For this reason, classical supervised machine
learning algorithms only work as well as the quality of the represented information content in the feature vectors is. For
these reasons in a parallel investigation a new well-adapted and more specific feature vector of Metal Surface data set
was calculated by using specific Haralick texture features. Then an optimized SVM (SMO) (using Sequential Minimal
Optimization for training of SVM) was used for classification. For illustration the standard feature vector of the Metal
Surface data set consists of 123 features and the Haralick feature vector consists of 54 more specific texture features.
Using the more specific Haralick feature vector the SVM (SMO) achieved a total recognition rate of 98.83 % compared
to 85.03 % of LibSVM with using more unspecific features. It is noteworthy that the conventional classifiers show
equally good results as the deep neural networks with the complex Autopetrography data set or with the well-adapted
and more specific feature vector of Metal Surface data set. Although ResNet-101 achieves the highest recognition rate
for Autopetrography (94.11 %), this is not significant in context to 93.05 % for LibSVM, especially if the standard
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deviations are taken into account (0.95 % for ResNet-101 and 0.14 % for LibSVM). The reason for these results could be
the careful selection of the well-adapted and more specific features by machine learning experts, whereby they are able
to describe the classes as well as the CNNS.

5. CONCLUSION

Deep artificial neural networks have shown considerable development in recent years. They enable very good results in
many areas, especially in speech recognition and machine vision. The Convolutional Neural Network, which is a
representative of DL techniques, has the ability to process images directly and therefore does not require a classical
feature vector. Thus, some steps of the image processing chain, like segmentation, feature calculation or feature selection
are omitted because they are done automatically within the algorithm. Sometimes only a segmentation as step before
classification is necessary, this depends on the grade of separation of objects in the image. If objects are well separated
(only one object in a scene), than a segmentation is not necessary. Otherwise, a segmentation step have to be done before
training and testing the CNNSs. In the context of the present work, on the one hand not pre-trained networks and on the
other hand pre-trained networks were used and compared with classical methods.

In order to deliver satisfactory results, deep neural networks require an enormous amount of data. That is not given with
the used data sets, which is why no high recognition rates could be achieved with not pre-trained networks. The situation
is different with the pre-trained networks. For some data sets insignificant improvements, for other major improvements
were achieved by using DL. For Metal Surfaces with Haralick features and Autopetrography, the results of classical
methods and deep neural networks are almost the same. This shows that a careful selection of features leads to a high
recognition performance with the classical methods. However, making such a selection is not trivial. Furthermore, it
should be noted that e.g. ResNet-101 requires significantly more time for training than Random Forest or SVM. For
large data sets such as Autopetrography, this can take several days. On the other hand, the use of pre-trained deep neural
networks is quite simple, since no segmentation or feature calculation is required. In addition, they do not have to be
adapted to each new data set and still deliver very good results.
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Precision Engineering IOF in Jena, which provided pre-classified object samples or captured image data sets.
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