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Abstract—Failure detection systems have become important not only in production processes, but nowadays there is a need for their
implementation in various daily areas, for example, for the detection of physical damages that a car may present in a parking lot, in
order to provide to the client with the assurance that their personal property will not be affected inside the lot. This paper presents an
algorithm based on convolutional neural networks and a variant of these using regions (CNN and R-CNN), which allows to detect
scratches in a car. In the first instance, the capture of one of the sides of a conventional car is done, an R-CNN is designed to extract
only the region of the image where the car is located. After this procedure, the extracted region is divided into multiple sections, and
each of the sections is evaluated in a CNN to detect in which parts of the vehicle the scratches are located. With the test images, a
precision percentage of 98.3% is obtained in the R-CNN, and 96.89% in the CNN, demonstrating in this way the robustness of the
Deep Learning techniques implemented in the detection of car scratches. The processing times of each one of the algorithm stages
corresponding to the R-CNN and the classification of the sections in the CNN were 1.6563 and 1.264 seconds respectively.
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cars to verify the integrity of the vehicle once a customer
[. INTRODUCTION returns it [4].
The development of autonomous quality inspection Since 2012, systems for detection and identification by

systems of different types of products and the detection Ofmach|ne vision have become important with the

damage to them have become important in the app"edlmplgmentatiqn of a”‘ﬁCia?' inteIIigence techniques,
research of machine intelligence systems. A SystemspeC|f|caIIy with Deep Learning techniques, where one of

comparison is presented to evaluate the quality of fruits andthese are the convplutlonal r]eural networks (.CNNS). which
llow the automatic extraction of characteristics in the

vegetables based on machine vision, such as hyper ang hould b d that C hod:
multi-spectral analysis, where results are obtained with 9p'Mages. It should be noted that CNNs are not a new method;

and 86% accuracy respectively, highlighting that the use of " 1989, one of their first applications is presented oriented
hyperspectral  systems is r’lot viable for real-time © the identification of written numbers [5]. But it was until

implementations [1]. On the other hand, in another study, 2012 that they became important, where a CNN called

machine vision techniques are presented that, with the helpAlexnet_ . [6] was presented, Wh'ch in the .ImageNet
of a system based on artificial neural networks, allow the competition obtained a 15.3% error in the classification of

identification of up to four types of typical physical damage 1OOQ Categories’. conside.rably_ _exceedin_g the percentage
that occur in the production of thermal fuses [2]. obtained by classical mach|ne_V|S|o.n techniques.

A system to identify marks in tires is implemented, . CNNs have been useq. in different areas; they are
obtaining precision percentages of up to 90% using ground"m)leme.med for the recognition of gestures made by hand to
clearance techniques, highlighting the importance of the differentiate between the open or closed hand gestures [7].

implementation of automatic inspection systems based Orf\lso, some §tudies found the applications aimed at deFecting
machine vision to reduce the times compared to what coulglanes in traffic zones and the detection and identification of

take a person [3]. Another study found a system to detecttraﬁic Sigf‘a's on roaq su_rfaces, where up to 85'5.8%
minor damages on the surface of vehicles achieved byaccu_rac_y IS _obtamed in this task [8],[9]. Anothe_r O.f Its

implementing a network of adaptive sensors with which they appllcat_lons_ IS presented focus_ed on the classification of
can get to detect scratches on vehicles, based on an estimaﬂs‘m?rz| in digital ﬂamm%graphy |rr:j§\ges [10] and CI;IN S z;:re
of vibrations, highlighting the implementation of vehicle 2PPlied In mobile robots in disaster areas for the

damage detection systems in applications such as rentinddentification of their surroundings [11].
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The above demonstrates the ability of CNN's to face region is divided into multiple sections to be entered into a
different types of problems in which the detection and CNN, which detects which sections of the vehicle have
classification of objects or environments in images is scratches and which do not.
required. For the detection of specific objects and their
subsequent location in an image, techniques based on CNN [I. MATERIALS AND METHODS
have been developed, such as the R-CNN presented [12].
They have been used on applications such as, for examplede
the detection of everyday and sports aqtions in peqple, yvher ifferent stages, as shown in Fig. 1. The initial part focuses
an accur'acy'betwgen 82.3 gnd 94.2% n the clgssmcauon O%ln the image acquisition of the sides of the vehicle (see Fig.
each action in their respective category is obtained [13], andla)_ Subsequently, an R-CNN is used to identify the position

the extraction of .trafnc ;lgngls n Qrder to su.bs'equently of the car in the image, to extract the car and avoid analyzing
perform a processing to highlight their characteristics and 10, eas such as the ground or part of the background in later

ha¥<ra].a da’Falbase ‘?(’ith WhiCT to trari]n the CNN [1?]6NN for theProcesses, which are not of interest for the case study (see
Is article seeks to evaluate the accuracy o or t eFig. 1b). Once the vehicle is taken from the image, it is

task. Of. det_ectmg scratches _Incars, V‘.’h'Ch may h""Vedivided into multiple sections (see Fig. 1c), these are entered
applications in the automotive industry or video surveillance into a CNN, and it performs the classification into the

Or: vehlc_:Ies. flr_1 the flrstRlnlstanc(;e, |mp:jemenrt]|_ng an R.' CN'\:] corresponding categories "section with a scratch" and
the region of interest (Rol) is detected, in this case, it is theuga tion without a scratch” (see Fig. 1d).

car. Then the vehicle is extracted from the image; later this

For the development of an algorithm focused on the
tection of scratches in a vehicle, the process is divided into

(on

d c
ﬁ Qo [ N

Fig. 1 Process of the scratch detection algorithm in a car.

A. R-CNN Database dimension being enough to not lose detail in the images,
The database for this stage is made up of 380 images ofllowing to reduce the load ir) the computational cost and not

cars with a resolution of 2340x4160 pixels, of which 84.21% Overuse the GPU (see Fig. 2a). After the change of

will be used for training (320 images) and 15.79% for tests dimension, the labels that |nd|c_ate the position of the image

(60 images). To perform the training of the R-CNN, the Of the car are generated (see Fig. 2b).

images are resized at a resolution of 126x224 pixels, this
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Fig. 3 Architecture of the R-CNN, where S refers to the Stride.
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In this case, the R-CNN is used only to detect the vehi 100 | oo
and have its location in the image, which is why the outp 80
categories in the network correspond to the car and -
background. In [16], the operation of each of the layers o

Accuracy (%)

CNN is shown, where deconvnet techniques a <0

implemented to visualize the behavior in the layers. °, 0 100 150 200
In the training options of the R-CNN, a Learning Rate ( Epoch

0.0001 is set, the batch size is set to 32, in this way there 07 o

10 iterations per epoch, where each batch corresponding 22 ‘

10% of the total size of the training database. Based goa ||

training tests, 200 epochs are established, being sufficien - Eji [

obtain adequate learning in the network, obtaining hig o1 [Py ar

accuracy in the recognition and location of vehicles. o, T oo A Yoo

Epoch

C. R-CNN Training
In Fig. 4, the training of the R-CNN is shown, in the

Fig. 4 Traininc of the F-CNN.

upper graph, the Y-axis corresponds to the percentage of To check the correct functioning of the R-CNN, the 60
accuracy of the test images and the X-axis to each of theémages of the test database are evaluated. In Fig. 5, the
epochs. In the lower graph, the Y-axis corresponds to theconfusion matrix corresponding to the test images is
losses in each batch and the X axis to the training epochs. lipresented, in its diagonal are the images correctly classified
the last epoch with the training images, 100% accuracy wasand outside it those that were confused with the background.

achieved with a loss cost of 0.034.

Only one of the 60 images were classified one incorrectly,

obtaining a 98.3% accuracy in the test.
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Fig. 5 Confusion matrix of the R-CNN, where 0 = background / 1 = car.

In Fig. 6a, it can be seen the bounding box and the degre
of membership obtained in one of the training images. To
extract only the car from the original image, the dimensions
of the box are divided by a factor of 0.054, this value being
initially used to reduce the images. In Fig. 6b the box
delimiting the car is shown in the original image. Once the
Rol is in the original image, this section of the image is
extracted (see Fig. 6¢).

a

war: (0.998103)

D. CNN Database

In the previous stage with the R-CNN, it is possible to disconnection,

resizing it to the input size of the network would lose the
details of the scratches on the surface. To observe the size of
the scratches, red arrows are located to indicate the place
where they are. With this, a database with a total of 15510
sections is built, of which 6190 have scratches and 9320 do
not. Of each category, 10% of the images are for validation,
10% for tests and 80% for training CNN. Fig. 7b shows
some of the sections that are used as training in each of the

categories.

€

With Scratch

Fig. 7 Sampl of the CNN database bu

E. CNN Architecture and Training Options

In Fig. 8, the architecture designed for CNN is shown,
where a size of 200x200 pixel with three channels (RGB) is
set as input, this input size is selected based on the
dimensions of each of the vehicle sections. The architecture
consists of 4 convolutional layers, 3 of Maxpooling and 3
Fully-Connected, for the normalization of the values
obtained from the membership functions, just like the R-
CNN, a Softmax type function is implemented. An important
part in the design of architectures is the generalization of the
characteristics, i.e. CNN does not memorize the images to
avoid over-training in the network, why a Dropout layer is
used in the first two Fully-Connected at with a 50% of
in this way, half of the neurons are

extract from the captured image only the car (Rol). It is disconnected and a better generalization of the CNN is
decided to divide the Rol into multiple sections (see Fig. 7a), performed.

since, if a CNN were trained with the complete vehicle
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Fig. 8 Architecture of CNN, where S refers to the Stride.

In the training options of CNN, the Learning Rate is set to . .
0.0001. The size of the batch is set to 11, to reduce the loac Confusion Matrix
on the GPU and have better results in the optimization of the
stochastic gradient descent as mentioned in [17], where it is
advisable to keep values between 2 to 32 for the sizes of the
batch. Based on training tests, 150 epochs are set, beinc
enough to obtain results with a high accuracy percentage.

=

Output Class
N

I1l. RESULTS ANDDISCUSSIONS Target Class

A. CN,_\I Training o ) Fig. 10 Confusiommatrix of the CNN test, where category 1 = section
In Fig. 9, the training of CNN is shown. In the upper scratches /2 = section without scratches.

graph, it is presented the accuracy in the classification of the
training images in each of the periods. In blue color the To check the correct classification made by CNN trained,
checks of the training images are presented and the black551 images of vehicle sections are classified, of which 619
points are of the validations. 100% accuracy was obtained incontain scratches and 932 no. Based on the results obtained
the last epoch with the training images and 98.19% with thein the classification, a confusion matrix is implemented for
validation images. The lower graph shows the losses bythe clear visualization of the results, as shown in Fig. 10. In
epoch, in orange the losses are with the training images andts blue diagonal are the images that were correctly classified
the black points correspond to the validations, where lossesand, outside of this diagonal, which were confused with the
of 0.0381 and 0.0498 are gotten in the last period, other category. 95.48% of the images with scratches were
respectively. classified in their category and 98.31% of those that did not
contain scratches were classified correctly, based on the
above, an average accuracy percentage of 96.89% was
120 obtained for CNN.

80

B. Positive and Negative Classifications

In the confusion matrix of the test images, it is observed
that 28 images of the category of sections with scratches and
0 12 of sections without scratches were misclassified. In Fig.

0 1020 30 4 50 e 72.,0;0 %0 100 10 120 130 140 130 11, some of the cases in which the classification done by the

CNN was correct or incorrect are shown. In the sections that
have scratches and were classified incorrectly, the most
common cases occur when the scratches are confused by

-
S

Accuracy (%)

a0 U0

. their color with part of the vehicle. In the sections without
gos scratches classified in the wrong category, most cases occur

02 in the sections where the bottom and part of the vehicle are

0 seen, or because of reflection in the sides or windows.

0 10 20 30 40 50 60 70 8 90 100 110 120 130 140 150
Epoch

Fig. 9 CNN training.
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Fig. 11 Correct and incorrect classifications of sections.

. by clicking on one of the sections of the vehicle, in section d,

C. Graphics User Interface it can make a better visualization of the selected part, and the

A graphic user interface is designed, which allows table shows the selected section, the category to which it
concatenating the process of identification of scratches inpelongs and the percentage of accuracy obtained in that
cars (see Fig. 12). In section a, it can be loaded an image of gategory.
car database or capture it directly from the camera, to be In Fig. 13, another test case is presented in the graphic
later shown in this section. In section b in the upper part, theuser interface, the car is divided, but in this case, the region
Rol detected by the R-CNN is shown in the image and, inof interest generated is not precise enough and when the
the lower part, there is the extracted region. Section ¢ showsyehicle is removed part of the frontal area is lost. A scratch
the region divided into multiple sections, highlighting the is detected which, when selected, presents an accuracy of
areas that CNN identified as having scratches and showing9.99% in its category.
the total number of affected sections in the vehicle. Finally,

R T s
BT L e
¥ oan I BT

Number of Scratches 1

Load Capture

Seclion Categury | % Precision

KR 10 Mon Scr 0.9996

Verify

Fig. 12 Graphic user interface.
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Fig. 13 Scratcl identification casi

) ) learn a greater number of characteristics without highly
D. Processing Times compromising the processing times.

Table 1 shows the processing times of the algorithm in  The average execution time of the algorithm in the
each of the stages. In the stage of detection of the Rol andjraphic user interface was 2.9203 seconds, in case of an
extraction of this, an average time of 1.6563 seconds isimplementation in real environments such as parking to
presented, the stage of sectioning of the vehicle andensure the customer the integrity of your vehicle, times are
classification of the 25 sections of the car in the CNN reasonable. But in the case of implementation in an
presents a time of 1.264 seconds. automotive industry for quality management, it may be

TABLE | necessary in the first stage to implement a Faster R-CNN
PROCESSINGTIMES architecture instead of an R-CNN, giving a reduction in
processing times.

R-CNN | CNN | Total Execution Time

1.2640
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identification of the vehicle. Also, combined with the

division of the region of interest and the use of a CNN, when
performing the analysis of sections of the vehicle facilitates [y
the identification and detection of the characteristics of the
scratches, obtaining a 96.89% accuracy in the test performed.
When making the classification of the sections in their
respective category, there were a few error cases,y
representing only 3.11%. For the most part, the error cases
were due to the reflection that some cars had in the windows
or lateral zones, so a possible way to mitigate the errors in
these cases is to expand the database with more images gf]
cars that present similar characteristics. Another of the most
common cases of error, occurs when the scratches by thei#]
color are confused with the surface and are not detected. A
possible solution is a preprocessing to highlight the
characteristics of the rayon or implement a CNN with DAG
structure that allows increasing the depth of the network to[5]
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