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RESUMO

O presente trabalho mostra uma solucao para o problema de deteccao automatica de
presenca de danos (mais precisamente buracos) em vias pavimentadas. A solugao proposta
utiliza uma abordagem de transferéncia de aprendizado, tendo como base a rede neural
modelo XCeption pre-treinada. A dltima camada do classificador foi acoplada e treinada
uma instancia da rede neural sem peso chamada WISARD, para realizar a decisao final das
imagens de entrada. Neste sentido, esta pesquisa mostra que a arquitetura proposta com
o uso da transferéncia de aprendizado foi capaz de melhorar a precisao geral do sistema de
decisao, quando comparada usando-se somente a rede sem peso como classificador. Um
caso de teste foi executado através de imagens reais de ruas do Campus de Palmas. O
melhor resultado alcancado foi de 85,71% de precisao no conjunto de dados, mostrando-se

superior a pelo menos uma abordagem do estado da arte.

Palavra-chave: Detecao de danos. Transferéncia de aprendizado. Wisard.



ABSTRACT

The present work shows a solution to the problem of automatic distress detection, more
precisely the detection of holes in paved roads. To do so, the proposed solution uses a
weightless neural network known as Wisard to decide whether an image of a road has
any kind of cracks. In addition, the proposed architecture also shows how the use of
transfer learning was able to improve the overall accuracy of the decision system. As a
verification step of the research, an experiment was carried out using images from the
streets at the Federal University of Tocantins, Brazil. The architecture of the developed
solution presents a result of 85.71% accuracy in the dataset, proving to be superior to

approaches of the state-of-the-art.

Keywords: Distress detection. Transfer Learning. Wisard.
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1 INTRODUCAO

A necessidade de otimizar o tempo de manutencao nos servicos publicos brasilei-
ros, nesse caso, tratando-se da manutengao das estradas, é um significativo passo para o
processo de desenvolvimento econoémico e social do pais. Tal processo ainda é feito em
grande parte de forma manual ou semi-manual ainda havendo a dificuldades de implantar
um sistema automatico para realizar tais tarefas.

Uma das formas mais eficientes e referenciada para lidar com problemas de auto-
macao de tarefas que a priori sao problemas que exigem habilidades visuais humanas é
o uso das redes neurais convolucionais (CNN) (LECUN et al., 1989), essas, por sua vez,
possuem a capacidade de construir propriedades de invariancia na estrutura de um modelo
neural. Exemplos de redes neurais convolucionais que possuem grande sucesso em clas-
sificagdo incluem LeNet5 (LECUN et al., 1995), VGG net (SIMONYAN; ZISSERMAN,
2014), Inception (SZEGEDY et al., 2015) e XCeption (CHOLLET, 2017).

Os modelos neurais utilizados pelas CNNs sao os modelos de redes neurais feed-
forward (MCCULLOCH; PITTS, 1943), que recebem esse nome devido a sua caracteris-
tica de a informacao de entrada seguir um fluxo através de varias operacoes matematicas
sequenciais realizadas nos neuronios da rede até a saida. Os modelos de classificagao line-
ares classicos sao baseados em combinacoes lineares de fungoes nao lineares que adaptam

o coeficiente w; que tomam a forma da equacao 1:

y(x,w) = f (Z w; - X + w0> (1)

onde f(+) é a funcao de ativagao diferencidvel, wy é o bias.

As redes neurais convolucionais necessitam de uma grande quantidade de dados
para poderem ser treinados e utilizados em aplicagoes do mundo real (YANG et al., 2017).
E ha uma dificuldade em encontrar uma base de dados grande o suficiente para treinar
tais modelos, para isso ha estratégias como Transfer Learning (TL) (PAN; YANG, 2010)
que podem ser usadas com a finalidade de poder reduzir o tamanho da base de dados de
treinamento. Esta técnica consiste em utilizar uma CNN pré-treinada (como a XCeption)
em uma enorme e variada base de dados, e é utilizado este conhecimento em outra tarefa
de aprendizado de maquina, seja ela similar ou nao.

Formalmente, de acordo com (PAN; YANG, 2010), Transfer learning pode ser defi-
nido como o seguinte modelo. Dado um dominio D = {X, P(X)}, onde X = {x1,x2, ...z, }
é o espago de caracteristicas e P(X) é a distribuigao probabilistica, e dado uma tarefa
especifica T = {Y, f()} em que Y = y;,y2,y, é a resposta correta da tarefa e f(-) é a

funcao objetivo que é assumido que ela é aprendida a partir de dados de treinamento que
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consistem em tuplas (z,,y,), e é utilizada para prever a classe y para f(z). No caso de
Transfer Learning, dado um dominio Dy = {(Zs,, Ys, ), (Tsys Ysy ), -, (T, Ys, )} € uma ta-
refa de aprendizado T e um dominio objetivo Dy = {(z4,, Y1, ), (Ziy, Ytn), -+, (T4, , Ys,, )} Dara
uma tarefa de aprendizado T3, Transfer learing visa ajudar fi(-) usando o conhecimento
de D e T

Neste trabalho é explorado a técnica de TL com a rede neural sem peso WISARD
(ALEKSANDER et al., 2009) como modelo de classificagdo. No que diz respeito a WI-
SARD, segundo (ALEKSANDER et al., 2009), é uma mdaquina de reconhecimento de
padroes baseada em principios neurais, seu funcionamento parte do principio de seme-
lhangas sindpticas que ocorrem nos neurénios da rede (RAM). Esta, por sua vez, foi
escolhida devido sua velocidade de treinamento e testes (OLIVEIRA; FRANCA, 2017)
pelo fato deste modelo neural ser do tipo one-shot learning (WICKERT; FRANCA, 2001),
ou seja, que necessita de apenas uma ou poucas passagens da base de dados para o mo-
delo aprender. E também por seus bons resultados em problemas de classificacao como
apresentado em alguns trabalhos: (TURK; PENTLAND, 1991), (OLIVEIRA; FRANCA,
2017) e (CARDOSO; GAMA; FRANCA, 2017).

Este estudo foca na deteccao automéatica de buracos no asfalto. Para isso, é pro-
posto o uso da CNN XCeption como modelo de extracao de caracteristicas para TL e
essas caracteristicas sao passadas como entrada para a rede neural sem peso WISARD,
a qual tem a tarefa de classificar as imagens de rodovias que contém ou nao buracos no
asfalto.

As imagens foram extraidas a partir de um veiculo aéreo nao tripulavel (drone),
sobrevoando as ruas da Universidade Federal do Tocantins (UFT), Brasil. O conjunto
de dados consiste em um total de 78 imagens, sendo que 63 sao imagens chamadas de
positivas, que possuem buraco no asfalto, e 15 sao imagens negativas, nao possuem buraco
no asfalto.

Devido a limitacao da base de dados obtida para o treinamento de um modelo
neural que obtenha resultados satisfatorios , foi necessario a utilizacao de validacao cru-
zada para treinamento e testes, garantindo assim uma maior confiabilidade dos resultados
apresentados neste trabalho. Para a validagao cada subconjunto da base de dados foi
particionado em 60 imagens positivas para treinamento e para teste 4 imagens para teste
(3 positivas e 1 negativa). Os testes foram realizados com esta configuragao para trés
modelos diferentes: 1) a WISARD sem transfer learning, 2) a WISARD com transfer
learning e 3) o modelo proposto por Gopalakrishnan et al. (2017).

Por fim, os resultados parciais obtidos usando-se somente a WISARD como clas-
sificador principal foram considerados insatisfatérios (menos de 42,86% na classificagao,
em sua melhor configuracao). Neste sentido, mostrou-se que, para o experimento apre-
sentado, o uso de TL permitiu uma melhora substancial em seu resultado (85.71% em

sua melhor configuracao). Este resultado foi melhor que os apresentados pela solugao em



11

Gopalakrishnan et al. (2017), até entao o estado da arte para o problema. Conclui-se,
portanto, que o modelo proposto e avaliado pelo presente do trabalho obteve éxito em
sua proposta. Como trabalho futuro sugere-se a avaliagao de modelos mais robustos de

classificacao, com o objetivo de melhorar os indices considerados.
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Abstract— The present paper shows a solution to the
problem of automatic distress detection, more precisely
the detection of holes in paved roads. To do so, the
proposed solution uses a weightless neural network
known as Wisard to decide whether an image of a road
has any kind of cracks. In addition, the proposed
architecture also shows how the use of transfer learning
was able to improve the overall accuracy of the decision
system. As a verification step of the research, an
experiment was carried out using images from the streets
at the Federal University of Tocantins, Brazil. The
architecture of the developed solution presents a result of
85.71% accuracy in the dataset, proving to be superior to
approaches of the state-of-the-art.

Keywords— Distress detection, Transfer Learning,
Wisard.

I INTRODUCTION

In Brazil, most of the traffic is driven on asphalt roads.
According to the August 2018 statical bulletin ofthe CNT
(National Confederation of Transport), the freight
transport netrix is 61% done by road traffic'. Due to such
high traffic demand, the need for nmore asphalt roads is a
reality in Brazil.

Despite the importance of road transport in Brazil, there is
a serious problem due to the roads and highways
condition. The detection of problens, such as cracks and
other distress, is costly and usually is made manually by
the transportation agencies. Unfortunately, the appearance
of potholes in highways is faster than its detection.
Consequently, the lack of better quality roads has led to
consequences that outreach economic nonetary values,
such as fatal accidents which have claimed many lives
that are irreplaceable.

The advances in the artificial intelligence techniques
merged with imege processing studies offers background
for a new field, called conmputer vision. This area applies
techniques capable of sinulating the human brain’s

'Source: http://www.transportes.gov.br/images/PAC_-
SITE - Fechado.pdf. Accessed on: December, 2018.

WWwWWw.ijaers.com

behavior through algorithns that try to enulate the visual
perception of human beings. In this way, this paper shows
the results of a system based on conputer vision
techniques to detect the existence of distress in imeges of
a paved road. Therefore, the architecture of the presented
solution uses a weightless neural network nodel called
Wisard [1], along with transfer learning that is able to
select features of input imeges.

The problem of distress detection has been investigated
by many another researches. Ouma and Hahn [2]
proposed the extraction and identification of incipient or
micro-linear distresses in asphalt. To do so, their system
is composed of three main approaches: Discrete Wavelet
Transform to isolate and classify failures; Successive
morphological Transformetion Filtering to detect shapes
in failures; Circular Radon Transform for angular-
geonetric orientation analysis for the identification and
classification of distress types. As a result, their system
achieved 83.2% of accuracy.

Rodopoulou [3] showed a method to detect patch in
asphalt pavenent through videos. The patches were
detected through its visual features, which include closed
contour and texture around them The algorithm had 84%
of precision in detection.

Gopalakrishnan et al. [4] use of Transfer Learning (TL)
to classify whether there are or aren’t damages on asphalt.
For this task, the model used a VGG16 [5] that is a pre-
trained neural network which is used to transfer learning
task. For the classification task, it has been used a single
layer perceptron. As result Gopalakrishnan obtained an
precision of 0.9 on his dataset.

For autometic crack detection, Hoang, et al. [6] Applied
two approaches, edge detection and a machine learning
algorithm For the edge detection, it has been used the
Sobel and Canny algorithns, both using the Flower
Pollination netaheuristics which is responsible for
determining the threshold of the edges. The second
algorithm uses a Convolutional Neural Network for
detection and classification. The first approach, using the
filters, both accuracies were 76.69% and 79.99% for the
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Canny and Sobel, respectively. The second approach
resulted in an accuracy of 92.88%, when using the CNN.
Moreover, Zhang [7] investigated a dataset conposed of
800 low similarity imeges. Its classification system also
used the transfer learning paradigm in order to extract
generic knowledge from the first layer of a deep
convolutional neural network. Such ANN was pre-trained
using the ImegeNet [8] database. After that, a fine-tuning
strategy was used over the next ANN layers. Zhang’s
method reached values of recall as 0.951, precision as
0.847 and a F1-measure as 0.895.

The rest of this paper is structured as follows: The Section
2 presents the fundamentals of neural network and
transfer learning. The proposed methodology is shown in
Section 3. In addition, Section 4 summarizes the
experiments and results of this proposed work. Lastly, in
Section 5 there are sone final remarks and future
appointrrents of this research.

1. ARTIFICIAL NEURAL NETWORKS AND
TRANSFER LEARNING

Usually, regression and classification nmodels are
conprised as linear combinations of fixed basis functions.
These nmodels have analytical and conputational
properties that, in practical scenarios, are limited by
dimensionality. This way, before the application of these
models in large-scale problems, it is necessary to meke
the basis function adaptable to the data.
According to Bishop [9], for pattern recognition tasks, the
most successful model to fit the data properly is the
Acrtificial Neural Networks (ANN). This term began to be
used in attenpt of [10] to represent the perceptron
metheratically which have encouraged the creation of a
range of nodels of perceptrons and ANNSs.
2.1 Deep Convolutional Neural Networks And Transfer
Learning
A Convolutional Neural Network (CNN) is a type of
ANN which is able to create models that are invariant to
certain input transformations [11]. This ANN is probably
the most well known Deep Learning (DL) model and the
most used in conputer vision tasks, particularly for image
classification. The CNN combines three architectural
mechanisms to guarantee the invariance of distortions.
Specifically, these mechanisnms are: local receptive fields,
weight sharing and sub-sarrpling [12]. The basic building
blocks of its architecture are convolutions, the pooling
layers (sub-sanpling) and the fully-connected layers (like
Multilayer Perceptron). The basic structure of a CNN is
shown in Fig 1.

WWwWWw.ijaers.com

Input Image - i
n g Convolutional Layer Sub ‘&‘:;r‘;nrpllng

Fig. 1: The general architecture of a CNN to classify
images. Three different layers are normally used, being
such: input layer to receive the image, convolutional
layer and sub-sample layer.

The convolutional layer is composed of units, which are
organized into planes. Each such unit is called feature
map. Each feature mep is derived from small subregions
of the input matrix It is important to mention that the
convolution operator in the image may have nmeny
parameters such as: stride, border mode and kernel size.
The sub-sanpling layer is responsible for meking the
network nore invariant. In cases like that, the max-
pooling operator is the nost frequently used. Thus, the
fully connected layers are at the end of the convolution
layers and work in a similar way as the Multilayer

perceptron, in order to learn weights to classify the data.
Deep Convolutional Neural Network (DCNN) usually
requires large inmage dataset to achieve high values of
accuracy. Unfortunately, in certain problens, there is no
such amount of data. In such cases, the Transfer Learning
(TL) nethodology is an interesting alternative. Sinno [13]
defines TL as: given a source donmein Ds and a learning
task Ts, a target domein Dt and a learning task Tr,
transfer learning ains to help improve the learning of the
target predictive function fr(:) in D1 using the knowledge
in Ds and Ts, where Ds#DT, or Ts#Tr.

Thus, in practice when one wants to work with transfer
learning, there are many off-the-shelf nodels. For
exarple, the well-established neural networks which are
pre-trained in large image datasets (such as ImageNet?).
These models allow transfer their learning ability to a new
classification scenario, instead of the need of training a
DCNN from scratch. Some of these pre-trained nodels
are found in frameworks like Tensorflow®. Only to
illustrate, some exarples include: VGG-16 [5], AlexNet

2 http://www.image-net.org/

3 https://www.tensorflow.org
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[14], Inception V3 [15] and Xception [16]. This last one
has been chosen in this research study.

The architecture of the Xception nodel [16] is conmposed
of 36 convolutional layers forming its feature extraction
basis. These layers are structured into 14 modules which
are all interconnected, except for the first and last ones. In
short, its architecture is a linear stack of depthwise
separable convolution layers with residual connections.

2.2 The Wisard weightless neural network model
According to [17], Wisard is a pattern recognition
mechine based on neural principles (projected to be
inplerented in a hardware device). Wisard is conposed
of class units called discriminators. Each discriminator
accormodates a set of RAM-based neurons. These
neurons have a menmory behaviour such as the Random
Access Menory. The address is the binary pattern, and if
there is information in such address, then the neuron fires.
In summary, the main conponents of a Wisard device
are: an address decoder, a group of menory registers, a
register with the input data and a register for the output
data.

The RAM-based neuron described earlier can be seen as a
neuron in the sense that given an input pattern, it stores
the desired output. In the training and possible re-training
steps, the pattern of a given address can be overwritten by
other values in subsequent training steps. Therefore,
Wisard is different from an ordinary ANN because it does
not need a sophisticated training algorithm

Inside the Wisard, the sinplest RAM-based network with
generalization properties is called Discriminator. A
Discriminator consists of a layer with K RAMs, which
deals with N inputs. Each RAM stores 2N words of one
bit, and the single layer receives a binary pattern of KxN
bits. The training consists in presenting the input patterns
(binary) and storing the desired value (either 1 or 0) in
mermory locations addressed by the displayed pattern.
Each RAM then stores part of the input pattern. When a
test pattern is presented, the discriminator outputs the
nurber of fired RAMs. Fig. 2 illustrates the architecture
ofa Wisard’s discriminator.

WWwWWw.ijaers.com
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Fig. 2: Discriminator Structure of Weightless Neural
Network. The Xkn means the input pattern for KRAMs,
generating Fk output function of each RAM [1].

The Wisard consists of a nulti-discriminator system
where each of its discriminators are trained to recognize a

different class.

THE PROPOSED SOLUTION: WISARD WITH
TRANSFER LEARNING

The proposed solution uses a pre-trained Xception deep
convolutional neural network to pre-process the input
imege. When the input imege is plugged in the Xception
nmodel, it produces an output vector with 2048 features.
These features are then used as input to the weightless
neural network Wisard, which calculates the sum of fired
RAMs. In this case, if the sum of fired neurons is greater
than a given threshold, the input ingge is classified as
positive, i.e. it has any kind of distress.
In the proposed solution, the Xception has been pre-
trained using general images from the ImageNet database.
Furthermore, in order to apply the transfer learning, the
last layer of the pre-trained Xception has been replaced by
the Wisard model. The choice for the Wisard model as the
final classifier is given by its high performance in both
utilization as well as in learning [18]. Therefore, the
overall system is illustrated in Fig. 3.

2048-
(29&233){3) Xception dimensional
vector
Number of
Excited Wisard
neurons

Fig. 3: The architecture of the Wisard with Transfer
Learning to the proposed solution. After the Xception, the
images are dimensioned to be ableto apply inthe Wisard.
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One of the configuration pararreters of the Wisard nodel
is the amount of RAMs conposing the network layer. As
the last layer of the Xception network generates an output
of 2048 features, the amount of RAMSs in weightless
networks depends only on the number of inputs defined
for each RAM. In this case, the influence of this
parareter was also investigated by this work. The
evaluated values of the input size for each RAM is better
addressed in Section 4.

Finally, it is also necessary to pre-process the input data
used by the Wisard model. The standard input retina used
by the Wisard is a binary data stream. In this way, the
output of Xception has been binarized using the array
average as threshold. The whole nodel was inplenented
using the Python programing language version 3.6 and
using the Keras API for the deap neural networks.

EXPERIMENTAL RESULTS AND DISCUSSION
In order to evaluate the proposed model, a dataset with
real imeges has been collected. A drone nodel Phanton 4
was used to take the pictures. The drone flew over the
streets of a University Carrpus. From this experiment, an
anount of 78 (seventy-eight) images were collected,
including 63 photos with potholes and 15 images without
any problens. Each imege was labelled menually. Fig. 4
shows some sanples of the collected database.

Fig. 4: Samples of collected images of pavemented roads
used in the tests of the proposed model.

The test methodology is cross-validation, where the
database was divided into 60 positive imeges (with
potholes) for training and 3 positive imeges for test.
Negative imeges (without potholes) were split in a way
that the system trained with 14 samples and was evaluated
using only 1 (one) negative sarple for each subset,
selected by the cross-validation procedure. Furthernore,
the operational procedure for the test was Leave one out
[18], a widely used methodology to evaluate classification
systens. Therefore, each subset of tests is conposed of 3
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positive images and 1 negative one, while the remgining
images are used for training. At the end of one cross-
validation step, the test subset is inserted again into the
whole set, while another subset of tests is separated to be
evaluated by the system

Using the aforementioned dataset, two experiments were
carried out, which included: a) using the Wisard method
without the transfer learning (labeled ‘Without TL’); and
b) using the architecture proposed in the section 3
(labeled “With TL’). In addition, the related work
proposed by Gopalakrishnan [4] was also implemented in
order to conpare with the reported findings of this work.
Fig. 5 summarizes the results of the experiments a) and
b).

Hit percentage against dataset (77 images)

85.71%
83.33% 83.33% 510y, W With TL
80 mm Without TL

73.81%
70 4

60 4

50 4

40

Hits in the dataset (%)

20 A

10 4

9 10 11 12 13
Number of inputs by RAM

Fig. 5: Accuracy values between Wisard (‘Without TL)

and the proposed system (‘With TL’). In the horizontal

axis is the input size for each RAM (a parameter for the
Wisard neural model).

As shown by the plot in Fig. 5, the use of transfer learning
considerably improved the accuracy of the classification
system As noted in the Section 3, one of the Wisard
parameters is the nunber of inputs used by each RAM-
based neuron. Thus, Fig. 5 shows the sensitivity of the
variation (9 to 14) of such parameter, in the whole
classification performance. It could be seen that when this
parameter is set to 12, the classification system reached
84.71% of accuracy, which was the best so far. On the
other hand, when evaluating the system without transfer
learning, the best result was 42.86%.

In order to verify the effectiveness of the nodel, a
conparison was done with the related work proposed by
Gopalakrishnan [4]. Its architecture consists of using the
pre-trained neural network nmodel VGG16 for transfer
learning basis and as a classification nmodel, a single-layer
Perceptron neural network with 256 neurons in the input
layer. Gopalakrishnan’s nodel was trained and tested
under the same test methodology as this work. The best
results of each system are sunmarized in Tab. 1.
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Tab. 1: Comparison of the best results on the test set
images using the three evaluated systems.

Classifier Accuracy (%)
Wisard with TL 85.71
Wisard without TL 42.86
Gopalakrishnan Model 7451

As can be seen in Tab. 1 the proposed nodel was able to
overperform one of the state-of-the art solutions, for the
detection of potholes in paved roads. Since the database
used by Gopalakrishnan [10] is not public, performance
tests of the proposed work could not be evaluated.

V. CONCLUSION
This research addressed the problem of classification of
imeges with holes in paved roads using conputer vision.
In this work, the Wisard weightless neural network was
evaluated as a detection system of imeges with and
without holes. The proposed approach mede use of a pre-
trained convolutional neural network, known as Xception.
With the knowledge of general imeges saved in the
Xception, a detection system architecture that uses
transfer learning to preprocess the input imeges and
produce  characteristics as the outcome.  Such
characteristics was then plugged in the input data of the
Wisard network, which produced the label for the input
image.
In order to evaluate the proposed architecture, an
experiment was carried out, which included 77 imeges
with and without potholes. In the conducted experinment,
the transfer learning approach proved to be an effective
solution, because it allowed to inprove the general
accuracy from 42.86% to 85.71%. In addition, when
conpared with a state of the art solution, the proposed
approach overcame the previousonein 11.2%.
Some future insights include locating the potholes in the
imege, using a real-time detection solution.
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