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Abstract. Machine learning has been successfully applied to a wide variety of knowledge fields ranging from
information retrieval, data mining, and speech recognition, to computer graphics, visualization, and human-computer
interaction. The general focus of machine learning is the representation of the input data and generalization of the
learnt patterns for use on future unseen data. The goodness of the data representation has a large impact on the
performance of machine learners on the data: a poor data representation is likely to reduce the performance of even
an advanced, complex machine learner, while a good data representation can lead to high performance for a relatively
simpler machine learner. In this context, deep learning has received significant attention recently as a promising
solution to many complex problems in the Artificial Intelligence and signal processing fields related to processing of
unstructured data. Among different types of deep artificial neural networks, convolutional neural networks (CNNSs)
have been most extensively studied. CNNs demonstrate superior performance when compared to other machine
learning methods in the object detection and recognition applications. Each stage in a CNN is composed of a filter
bank, some non-linearities, and feature pooling layers. With multiple stages, a CNN can learn multi-level hierarchies
of features. The contribution of this paper isrelated to an overview of CNN applications and its key benefits related to
image processing and computer vision. Furthermore, an image processing case study related to Mechatronics and
Automation in the automotive field is evaluated using a CNN design approach.

Keywords: machine learning, deep learning, convolutional neural networks, image processing.
1. INTRODUCTION

Computer vision has become ubiquitous in our sgciefith applications including search approachesage
understanding, apps, mapping, drones, and selfadrisars. The quality of visual features is cruétala wide range of
computer vision topics, e.g., scene classificatabject recognition, and object detection, whicé popular in recent
computer vision venues. All these image classificatasks have traditionally relied on hand-crafteatures to try to
capture the essence of different visual patterns.
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Fundamentally, a long-term goal in Artificial Inigence (Al) is to build intelligent systems thatncautomatically
learn meaningful feature representations from asimasamount of image data. On the other hand, macleiarning
(ML) paradigms have generated huge societal impactsvide range of applications.

Machine learning is a subfield of Al. It can be dise several domains and the advantage of this adeiththat a
model can solve problems which are complex to peesented by explicit algorithms. A new breed difiaial neural
networks has arisen in prominence within an emergiianch of ML, known as deep learning (DL), whisldedicated
to the development of advanced pattern recogngimtems modeled after human perception and cognitigcesses.
Mimicking the structure and function of the humarooortex, DL models comprise of a variety of adeahpattern
recognition techniques that consider the hieraattdad temporal nature of human information praogss

DL is one promising avenue of research into themated extraction of complex data representatifea(res) at
high levels of abstraction. See illustration in Ui 1 of a classical ML information flow and DL Wilo The main
difference between traditional machine learning dedp learning algorithms is in the feature engingeln traditional
machine learning algorithms, we need to hand-¢ha&ftfeatures. By contrast, in DL algorithms feasueagineering is
done automatically by the algorithm. Feature ergyiing is difficult, time-consuming and requires domexpertise.
The promise of deep learning is more accurate macleiarning algorithms compared to traditional niaehearning
with less or no feature engineering. DL algorithaesvelop a layered, hierarchical architecture ofrem and
representing data, where higher-level (more ali3tfeatures are defined in terms of lower-leves¢labstract) features.
The hierarchical learning architecture of DL algloms is motivated by Al, which emulate the deepetad learning
process of the primary sensorial areas of the mémcaon the human brain, extracting, automaticatbatures and
abstractions from the underlying data (Bengio et 2013). DL algorithms are quite beneficial whesalihg with
learning from large amounts of unsupervised dama, typically learn data representations in a grelggr-wise
fashion (Schmidhuber, 2015; Liu et al., 2017). 8igant performance gain of DL is mainly due to timereased
availability of labeled data and processing power.

(a) traditional machine learning flow (b) deep learning flow

troditional
m
slgerithm

Figure 1. Flow data in a traditional machine leagnflow and a deep learning flow.

In terms of DL approaches, convolutional neuraimoeks (CNNs) have demonstrated remarkable perfocenand
attracted considerable attention in recent yeanenTapplied in practice and across a wide rangsuofputer vision
tasks, such as image classification, object detectsemantic segmentation, object tracking andaliguestion
answering (Guo et al., 2016; Zhao et al., 2017yufe 2 illustrates the representation of a CNN iadpto a
classification problem related to image processing.

CNNs are biologically-inspired variants of artifitineural networks and composed of alternating clutional
layers and pooling layers. Considering the spatiaicture of images, each convolutional layer segp particularly
well-adapted architecture of local receptive fiemsd shared weights. Hence, neurons in each lajleomly be
connected to a small region of the lower layerteiad of all neurons in a fully-connected manner.

The contribution of this paper is related to anreiev of CNN applications and its key benefits tethto image
processing and computer vision. The remainder efpidper is arranged as follows. In Section 2, timeldmentals of
the artificial neural networks are presented. Afsmveral applications of CNNs in image processirgintroduced in
Section 3. In Sections 4 and 5, a CNN design iglatdd to a classical case of image processin@llirconcluding
remarks are made in the last section.

2. FUNDAMENTALS OF ARTIFICIAL NEURAL NETWORK (ANN)

In this section, we will discuss about ANNs, itsdiamentals, basic concepts and some architectArdittle
review about CNNs is presented and discussed. $omaes of a classical CNN design are mentionedcamimented.
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Figure 2. Representation of a CNN applied to asdfiaation problem (Caraffi et al., 2012)
2.1 Fundamentals of DL

The term Deep Learning , in machine learning wa®duced by Dechter (1986) and later as referngNN used
by Aizenberg et al. (2013). One successful approglecan working with a high dimensionality dataseinsist on
reduce the dataset size by representing the otigataset’s features in a smaller dimension bygi#ature-extraction
techniques. However, feature-extraction is a commed time-consuming operation that is highly agadlon-
dependent. DL, different from machine learning, hasnique automatic feature-extraction procedureyhich each
hidden layer is responsible for training a unigaeaf features based on the output of the previaysr, as shown in
Figure 3.
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Figure 3. Classical Machine Learning approach veBeep Learning

DL tries mimic the neocortex of the brain, whichrésponsible by many of cognitive abilities. Thaibts neocortex
propagate the sensory signals through a compleraricley of models (Lee and Mumford, 2003), that pens
extraction of complex data representations (feajuaé high levels of abstraction (Najafabadi et2015). DL develop
a layered, hierarchical architecture of learnind aspresenting data, where higher-level (more ab8tfeatures are
defined in terms of lower-level (less abstract)itdeas (Najafabadi et al., 2015). DL algorithms aseuge amount of
unsupervised data to automatically extract compdgxesentation and have the capability to generatinon-local and
global ways, generating learning patterns andicglghips beyond immediate neighbors in the datagi®eand LeCun,
2007).

The main DL approaches are: Convolutional Neuraiwgeks (CNNs), Deep Belief Networks (DBNs), Stacked
Auto-Encoders, Hierarchical Temporal Memory (HTM)daDeep Spatiotemporal Inference Network (DESTIN).
Details about CNN are presented in the next sulosect

2.2 CNN

The first general DL network, working learning algom for supervised, deep, feedforward,
multilayer perceptron was published by Ivakhnenkd &apa (1965). A paper described a deep netwotk wi
eight layers trained by the group method of datadliag algorithm (GMDH) (lvaknenko, 1971).

The first CNN model, named as LeNet, was develdpedeCun et al. (1998) in order to classify handten digits
using The MNIST (Modified National of Standards arethnology) dataset on the training step of thddteas shown
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in Figure 4. The authors proved that the use ofGhNN convolutional nature eliminates the need fandicrafted
feature extractors (LeCun et al., 1998).

The CNN'’s inspiration bases on the studies of thmdmn visual cortex, in this particular cortex theyea small
region with neurons that are sensible to informmatdd the visual range. In 1962, Hubel and Wiesefqumed an
experiment where they were able to prove that wihenhuman visual cortex is exposed to images coethay
oriented edges in a specific direction there areraves which generate strong synapses to this erposu this
experiment they realized that these neurons forispagific structure in which each neuron generagnapse for each
determined edge orientation, and together theseong are able to produce a visual perception (Habe Wiesel,
1962).

By performing this experiment the authors manageoteclude that each neuron has a determined tasider to
find a specific feature, and by combining the nestdask all feature detected by this neurons favenhuman visual
perception (Hubel and Wiesel, 1962).

|
‘ FuIIcoanection ‘ Gaussian connections

Convolutions Subsampling Convolutions ~ Subsampling Full connection

Figure 4. lllustration of the LeNet architecture

A classical CNN uses filters known as kernels, thia applied on the image through convolutions Xtraet
features, hence mathematically performing the lgickl neuron function. The application of the colotion step on
images, generate new images with determined fegtarel then these images successively generatinpats for the
deeper layers of the CNN, where the convolutiomsagplied again with different kernels sizes. Big tiynamic, the
superficial layers of the CNN can extract simpkeaitfires as vertical and horizontal edges, andragsde the image is
advancing through deeper layers, more complex ifeatare extracted as geometric shapes, until ¢ghesathe layers
where the combinations of these features (faceobjetts) are extracted. In general, the deepedagtee of the CNN
more abstract is the extracted feature. The arsalysiall the abstracted features generates theednskassification
procedure.

The CNN architecture is divided in layers, and aclelayer a different kind of operation is perfodn&he CNN
layers are divided as presented in the next subsect

2.2.1 Input Layer

In this layer is located the input data, and tlze sif this layer vary on the image size of the skttén case. Usually
the input layer takes an order three tensor ag injiti an image oM rows andN columns, and 3 channels (Red, Green
and Blue color channels), as shown by Fig. 5. TN&@an also take tensors of higher orders but ittee &f the input
data can inflict directly on the processing timettaf CNN.

2.2.2  Convolution Layer

In the convolution layer of a CNN the kernels usee generally matrices with small dimensions (3x3,8x7...),
as in the ANN model weights are attributed for eaalue of the positions of these kernels. The Kernmve over the
input image performing small convolutions. The ame of the convolution it's the product of the shtalnvolutions
performed by the kernel over the image, as shovigore 6. The discrete 2D convolution is given by

y(m,n) = x(m.n) * h(m,n) = z z x[i,j] X h[m —i,n —j] (2)
j=—i=—c
wherey is the output matrixx is the kernel matrix and h is the input matrixeNariablesn, n, i andj are the iterators
used to represent each positions of the matricdsesg.
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Figure 5. Example of a 4x4x3 input image

In this context, more than one convolution layar ba applied in the CNN to extract a higher nundddeatures in
different levels of abstraction.

output(y) kernel(x) input(h)

Figure 6. 2D image convolution
2.2.3 RelLU Layer

The Rectified Linear Unit (ReLU) layer does not ha the size of the input that is applied in ofdeincrease the
non-linearity in the image, as given by Eq. 2. 8itlee semantic information of the input image ghhi non-linear the
purpose of the ReLU layer is to make the outpuhefconvolutional layer non-linear as well (Wu, ZD1A possible
representation is given by

YVijd = max{0, xil,j,d} (2

wherey andx are respective the output matrix and input mathig,values of, j andd are the values of the positions of
the input matrix constrained between the rangés<of < M, 0<j < N, and (< d < D (channels), anldis the layer.

2.2.4 Pooling Layer

In the Pooling layer, is performed transformatiomsthe feature map prevenient of the previous |ayeorder to
increase the spatial invariance of the CNN (Schetal., 2010), which means that the CNN can disiish features
and recognize patterns regardless of the imagéi@osir texture. The max pooling operation, as shawfFigure 7, the
maximum value of the feature map that is insideptbeling kernel goes to the pooled feature map.

11y0010 Max Pooling 1
0|1)1(1/0

1(0|1)2(1

1(4|2]|1|0

0|0j1(2|1
Feature Map Pooled Feature Map

Figure 7. Example of max pooling operation
The max pooling operation is given by:
Yj+1 = max(x""u(n,n)) 3)

wherex; represents the feature map apnd the pooled feature map, the index j representdayer, n represents the
pooling kernel size and(n,n) a window function that is applied on the inputgbat
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2.2.5 Flattening Layer

The flattening layer is a very simple step, coss@t the vectorization of the previous layer, whishusually a
pooled feature map, as shown in Figure 8. This istejsually added to the CNN when there are seyeraling layers
in the CNN architecture.

2.2.6  Fully connected (FC) Layer

The FC layer is commonly used at the end of the Ca\Nwell in other approaches used two or moreemutve
FC layers. The FC layer is a Fully Connected ANt therform the combination of the extracted feaurem the
previous layers into more attributes to increasepitediction accuracy. When working with classtfiza one important
step to configure the FC layer is needed one oyttputlass. The output of the FC layer is the poditias referring to
the predictions of each class.

Pooled Feature Map

7]
]
0]
1]1]0 Flattening i
41211 2
ol2[1 1]
o
2
1]

Figure 8. An example of flattening

3. CNN BACKGROUND IN IMAGE PROCESSING

In this section, we present the a very short bamkgtl of CNN architectures used in image procesgioglems.
We focused in two relevant research fields: (ijdhecognition and (ii) character recognition.

3.1 Facial Recognition

The analysis of facial images using DL has becormaeerand more common mainly because of its perfocmahhe
CNNs allow us to strip the images in small piecemtrease the detection desirable.

Ascenso et al. (1999) explain that the complexitdd facial recognition is associated to the difitiécn abstract the
unique information that can make a facial imagejuei

Faces have small differences between them and ahmee person can have different facial images, depgnd
exclusively in its expressions, like happiness,nead, joy and others. So, a robust system neef@eus only in the
main relevance of the face, like eyes, nose or maddn the other hand, the forehead or chin havg few unique
information.

Li et al. (2015) also say that face recognitiommsarea well used in the machine learning. Whilehexee a robust
system for frontal faces, there are new studiesding in non-linear cases, where external factansabstruct the data.
Good examples would be extreme illumination, foreggdressions or even different focus.

Accordingly to Zafeiriou et al. (2015), the traiginof a CNN for facial recognition it is a very sldask, once that it
is necessary to analysis and test every interac8onto solve this problem its necessary to tvaitious classifiers that
matches the maximum false-positives characterjstidding one by one to the characteristics seleataking then a
scale contribution to increase the classificatierfgrmance.

3.2 OCR Recognition

Per Seethalakshmi et al. (2005), the Optical ChiareRecognition (OCR) is responsible to recognibaracters
written by hand to characters in the computer, gushim image that was digitalized. OCR is often usedhe
digitalization of documents, help in share it'sarrhation through the internet.

The most important principle in do an automaticogg@tion is making the machine learn the pattetasses that
can occur and what they look like. The machineriegr is made using different patterns and its frdesiariables,
making then a unique classifier for the particalaracter. So, during the recognition, the digitadi characters can be
compared with the different classes and being @elcwhich one is the most probably one, using pessiimbinations
(Eikvil, 1993).
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Its complexity is lower than the facial recognitidrut because one unique symbol can be representedny ways
that its recognition can be trick. Also, the haniting can cause different between the same chasatdat increases
it's difficult. As per (Fu and Kara 2011), the syohlsecognition is restricted to just the variamairied before, what
makes possible to use CNNs specifics for the nawtkit recognition.

4. THE TEST PROCEDURE

First off, the test was realized using MATLAB contgtional enviroment (MathWorks), using two scriptailable
from the platform. The first part was a simple dhesing the state of the art application, to beduse a comparative
with the new approach.

The facial recognition was made using a simple CiNNh just few minutes used to train its networkeTdefault
images were also simple ones, with just simpleg;asithout containing any edge cases. This hadethtige system to
have false-positives, once that was not trainedriore variance of faces.

After the facial recognition, the OCR tests weredmaOnce again, the plain settings were used, usihg the
default images that came with the script. Thisitestge is presented in Figure 9.

LED

ZEPPELIN

3_87755701
|

THONKS

123

1234567

Figure 9. OCR Test image

In this case, the results were perfect, mainly bsedhe image used was very simple and withouvdiations. As
it's possible to notice, the illumination and theatity of the characters were ideal for the rectigni

The important part about this part of the test teagerify that a CNN could be used to recognizerabi@rs in an
image and translate then to real characters inchime.

However, once that more edge cases were testwdsihoticeable that the default configuration weseenough to
obtain satisfactory results, making then the usae ofore robust network a necessity. In this cdseuse of DL was
adopted. With the use of DL, we could then shovthss CNN much more images for training. However, domore
detailed and robust image recognition, would beemsary to have a very extensive quantity of imaged
configurations for the training period. This woulen force the system to be more robust, what wbaltiard to make
a valid comparison. So, for those reasons, it vexsdéd that only numeric characters, from 0 to @ildidoe used. For
that, the database from MNIST (LeCun et al., 19883 used. It's contain 70.000 images of 28x28 pixélcharacters
already being written and classified, what can themused for the training of the Neural Networksanple of this can
be seen in Figure 5. In addition, a good approack fCNN for this test can be made just with foidden layers, what
makes the entire system to be faster and with gesults.

4.1 Description of the Case Study

The case study to be evaluated in the full papergu€NNs is called Toyota Motor Europe (TME) Motayv
Dataset. The TME Motorway Dataset is composed bglip8 for a total of approximately 27 minutes (80& frames)
with vehicle annotation. Annotation was semi-autboadly generated using laser-scanner data. Imageences were
selected from acquisition made in North Italian omatays in December 2011. This selection includegabte traffic
situations, number of lanes, road curvature, aghttihig, covering most of the conditions presenthia complete
acquisition (TME, 2017).

Vehicle detection and classification are importpgatts of Intelligent Transportation Systems. Théy taaffic
monitoring, counting, and surveillance, which aeeessary for tracking the performance of traffieragpions. In the
full paper, the focus of CNN design is related e vehicle detection and classification probleme Bdopted CNN
architecture is a remarkably versatile, yet cornaafpt simple paradigm that can be applied to a wegectrum of
perceptual tasks.

Despite the recent progress in DL, one of the mejatlenges of computer vision, ML, and Al in gealén the next
decade will be to devise methods that can autoalbtilearn good features hierarchies from unlabeled labeled data
in an integrated fashion (LeCun et al., 2010).

Once that the parameters were configured for th&l GNe quantity of neurons in each layer were aredyto get
the best results with good performance. This amablowed a running time that could be used as bave measured
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for the other runs. So, in the end, it was measaretlanalyzed the time to run each period, thé tiote and the error
signal of the CNN output.

4.2  Deeper variants

It was tested three different structures with twanwlutional layers. The first, is found at litare¢g — for
convenience we denominated Dgfault structure — and it composed by 6 neurons in convolutiongh méh 5 neurons
in pooled prop. in first layer, follow by 12 andrgurons in convolutional and pooled layers, re$pelgt For the
second structurd’¢oposed structure;), we change the number of neurons in each corieokitmap, using 8 neurons in
first layer and 15 in second layer. The las stmgc{Broposed structurey), follow the same change, but with 15 and 12
neurons, for the first and the second convolutionap.

5. RESULTS ANALYSIS
After decided the study case, the scripts wereimathe same computer configuration: An Intel 3rchemtion
processor with 8 GB RAM (Random Access Memory). Tiiree study cases were divided in different parte first

one was running only in one period and its resarkspresented in the Table 1.

Table 1. Results obtained running one period

CNN Default structure | Proposed structurer | Proposed structurez
Time (1 Period) in sec. 85.6 122.2 185.5
Error rate (%) 11.13 10.87 10.44

made running 20 (twenty) periods at once. Tableavs the obtained results.

The curves obtained from the above running areepted in Figure 10. After this first test, the setmne was

Table 2. Results obtained with 20 periods of traini
CNN Default structure | Proposed structure: | Proposed structurez
Median individual time (sec. 84.6 124.3 190.7
Total time (min.) 28.21 41.44 63.58
Error Rate (%) 1.78 1.45 1.88

For the curves of the error rate, the results skomere similar, where the graphic generated betweem becomes
the same. For a detailed analysis, it is necegsatljeck direct the results table and not the deaptor this reason, the
Figure 11 only shows the result of one of the ttsstihat is in this case, the model 2.

For the last test, where it was proposed to run @®@ hundred) periods, it would take too longrtm all the
possible models, so only tiReoposed; was used. The test took 17 (seventeen) hourseaith period taken around 122
seconds to run. The results obtained showed an &xt® of 0.86%. The graphic obtained for this mipresented in
Figure 12.
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6. CONCLUSION

It is possible to notice that the results presemetiis paper were in general satisfactory. Thegasof DL can be
used to obtain the same or even better resultsdti@r approaches, including the human interactio.able 1, it is
possible to notice that after a better configuratithe results increased, once that the error wet® decreasing.
However, the time to process the layers increasedeaincreased them. In addition, it is possibledtice that the
results obtained from the third network has beirmad just 3%, while that the time increased arob@%. Between
the original configuration, the time increased wa# around 50%, however, the results obtainece@sed in about
2%. Therefore, it is possible to notice that fog thinning of just one period, the results obtaiwede not increasing,
even with the system running for more time.

In the Table 2, the processing time also incredsstdieen the different structures tested, very aimilith the
Table 1. However, it is possible to notice that ¢heor after running 20 times has decreased draaibtiproving that
every new run can increase the results, as expéctagkneral, the results between the originalcstme and the first
proposal structure have decrease around 18%. Haowes®veen the first and second proposed structn@dased to
22%, being worse than the original CNN structure.

Finally, in the third and last test, it is possibdenotice that the system has decreased the iaresound 40%, but
with a running period of so many hours that carseathe system to be unusable in practical terms.good to point
out that the system used is a simple one that wasising GPU (Graphic Processing Unit) to do thieutations. A
better system would be necessary to have bettesrstachd about the time usage of each of the stest&inally, it is
possible to notice that DL can be easily used foalsapplications that will not need high resultalahe processing
time is not a main factor. Actually, the resultegked in the tests are very similar with the rasalitained by the
humans. However, it is important to comment that @&in be used for applications that needs bettdonpesince in
quality response, where it is necessary to jusetepowerful processor and better analysis to ddfow many layers
and neurons should be used.

7. ACKKNOWLEDGEMENTS
The authors would like to thank National CouncilSdientific and Technologic Development of BraziCNPq

(grants: 404659/2016-0 and 303908/2015-7-PQ), &uthdacdo Araucéria” (grant number: 117/2014) ferfthancial
support of this work.



J. G. Sauer, M. A. Boaretto, E. G. Gruska, A. B. Canciglieri, G. H. B. Andrade and L. S. Coelho
Deep Learning Approach Based on Convolutional Neural Networks for Image Processing Applications

8. REFERENCES

Aizenberg, 1., Aizenberg, N.N. and Vandewalle, 1J.P2013. Multi-Valued and Universal Binary Neurons. Theory,
Learning and Applications, Springer Science & Business Media.

Ascenso, J., Valentim, J. and Pereira, F., 199@ctiRhecimento automatico de faces usando informdgdextura e
de geometria 3D". In 4° Encontro Nacional do Caléde Engenharia Electrotécnica, Lisboa, Portugal (i
Portuguese).

Bengio, Y., Courville, A. and Vincent, P., 2013. €Resentation learning: a review and new perspEstivEEE
Transactions on Pattern Analysis and Machine Intelligence, Vol. 35, No. 8, pp. 1798-1828.

Bengio, Y. and LeCun, Y., 2007. “Scaling learniigoaithms towards AlLarge-scale kernel machines’, VVol. 34, No.
5, pp. 1-41.

Caraffi, C., Vojir, T., Trefny, J., Sochman, J. adétas, J., 2012. “A system for real-time detectaon tracking of
vehicles from a single car-mounted camera”13th International IEEE Conference on Intelligent Transportation
Systems. Anchorage, AL, USA, pp. 975-982.

Dechter, R., 1986.earning while Searching in Constraint-Satisfaction Problems, University of California, Computer
Science Department, Cognitive Systems Laboratarg,Angeles, CA, USA.

Eikvil, L., 1993.0CR - Optical Character Recognition, 20 Setp 2017 <http://www.citeseer.ist.psu.edudii@zntmi>

Fu, L. and Kara, L. B., 2011. “Neural network-basgdnbol recognition using a few labeled sampl&€mputers &
Graphics, Vol. 35, No. 5, pp.955-966.

Guo, Y., Liu, Y., Oerlemans, A., Lao, S., Wu, Sddrew, M.S., 2016. “Deep learning for visual undensling: a
review”. Neurocomputing, Vol. 187, pp. 27-48.

Hubel, D.H. and Wiesel, T.N., 1962. “Receptive d&l binocular interaction and functional architeetin the cat's
visual cortex”.The Journal of Physiology, Vol. 160, No. 1, pp. 106-154.

Ivakhnenko, A. G. and Lapa, V. G. (1968ybernetic Predicting Devices. CCM Information Corporation, New York.

Ivakhnenko, A. G., 1971"Polynomial theory of complex systefn$EEE Transactions on Systems, Man and
Cybernetics, Vol. 4, No. 1, pp. 364-378.

LeCun, Y., Bottou, L., Bengio, Y. and Haffner, R998. “Gradient-based learning applied to docunmeobgnition”.
Proceedings of the IEEE, Vol. 86, No. 11, pp. 2278-2324.

LeCun, Y., Cortes, C. and Burges, C., 1998. “The ISIN database of handwritten digits”. 10 Aug. 2017
<http:/lyann.lecun.com/exdb/mnist/>

Lee, T.S. and Mumford, D., 2003. “Hierarchical Bsigam inference in the visual cortexjournal of the Optical Society
of America, Vol. 20, No. 7, pp. 1434-1448.

Li, H., Lin, Z., Shen, X., Brandt, J. and Hua, @15. “A convolutional neural network cascade e detection”. In
Proceedings of the IEEE Conference on Computer Vision and Pattern Recognition. pp. 5325-5334. Boston, USA.

Li, H., Wang. Z., Liu, X.M., Zeng, N., Liu, Y. anéllsaadi, F. E., 2017. “A survey of deep neural regtnarchitectures
and their applications’'Neurocomputing, Vol. 234, pp. 11-26.

Najafabadi, M.M., Villanustre, F., Khoshgoftarr,M., Seliya, N., Wald, R. and Mhhaaremgic, E., 201Beep
learning applications and challenges in big datdyaics”. Journal of Big Data, Vol. 2, p. 1.

Scherer, D., Andreas, M. and Behnke, S., 2010. [tE&ten of pooling operations in convolutional atebtures for
object recognition”. IrProceedings of the 20th International Conference on Artificial Neural Networks: Part 111,
pp. 92-101. Thessaloniki, Greece.

Schmidhuber, J., 2015. “Deep learning in neuralvogts: an overview”Neural Networks, Vol. 61, pp.85-117.

Seethalakshmi, R., Sreeranjani, T. R., BalachaifarSingh, A., Singh, M., Ratan, R. and Kumar,Z005. “Optical
character recognition for printed tamil text usungicode”. Journal of Zhejiang University-SCIENCE A, Vol. 6,
No. 11, pp. 1297-1305.

TME, 2017. 10 Aug. 2017http://cmp.felk.cvut.cz/data/motorway/>

Wu, J., 2017. Introduction to Convolutional Neural Networks, pp.1-31. 10 Aug. 2017 <
https://cs.nju.edu.cn/wujx/paper/CNN.pdf>

Zafeiriou, S., Zhang, C. and Zhang, Z., 2015. “Avey on face detection in the wild: past, presemd &uture”.
Computer Vision and Image Understanding, Vol. 138, pp. 1-24.

Zhao, J., Xie, X., Xu, X. and Sun, S., 2017. “Muliew learning overview: recent progress and newallehges”.
Information Fusion, Vol. 38, pp. 43-54.

9. RESPONSIBILITY NOTICE

The authors are the only responsible for the pdimbaterial included in this paper.



