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1 INTRODUCTION

One of the most important services in urban pub-
lic policy in recent years is mobility management.
Decision-making in this area is very delicate as the
challenges to be faced are very complicated: man-
agement of density, pollution, and time spent by
the user during transportation. Quality and effi-
ciency, two of the clear goals in any public policy
or measure, become even more important in the
cities of the present and especially in the cities of
the future.

Most part of the regulations being imple-
mented by local councils in terms of mobility are
linked to the reduction of motorized private trans-
port. Many of them have one thing in common:
the need to identify the vehicle. Goals can be very
varied. Here are some examples:

e Restricted entry to the city, neighborhood,
street

e Parking time limit
e Speed limit

The identifier of a vehicle is its registration
number and to read it, a system capable of au-
tomatic recognition of the vehicle is essential. Au-
tomatic license plate recognition (ALPR) systems
are already being used and their models have com-
pletely evolved in the last few years thanks to the
success of convolutional neural networks (CNNs)
on object and text detection and recognition. Not
only the reading of one license plate is possible,
but also on multiple vehicles at the same time.

2 OBJECTIVES

The main objective of this work, is to study the
state of the art models and design a new one mak-
ing it capable to detect and recognise multiple li-
cense plates on images taken in a real scenario.
Concretely, these goals have been set:

e Learn which models are being used to detect
and recognise license plates as well as their
advantages and disadvantages.

e Build a new model to detect and recognise
license plates.

e Train and evaluate the model built.

e Conclude if the model is useful for this task.

3 RELATED WORK

Most license plate recognition models have a first
part, license plate detection (LPD), that finds the
license plate bounding box, and then another part,
license plate recognition (LPR), which recognises
the license plate text in the detected areas of the
image. Nowadays, new object detection methods
based on transformers, such as DeTR and variants
have been proposed [2]. Despite this LPD still uses
the typical models of object detection, such as R-
CNN, both simple and Fast or Faster [9, 12], or
different versions of YOLO (7, 8, 6]. Despite this,
in this field, the newest object detection methods
based on transformers, such as DeTR and vari-
ants have not been used yet. It is important to
say that all have an initial backbone with CNN.
In the LPR part, there are models that first seg-
ment the different letters and then recognize them
with OCR models [7], while there are other more
accurate models that do a recognition by detection
also using YOLO [8, 6, 12] or BRNN’s [9].

More specifically, Laroca et al. use an im-
provement of YOLOvV2 for vehicle detection, Fast-
YOLOv2 for LP detection and CR-NET for LP
recognition. RPNet is a CNN-based model with
ROI pooling where at the end it has a fully con-
nected layer for each character [16]. EILPR is
also a CNN-based model with ROI pooling but
uses its own system to recognize the license plate.
All models follow this trend of first finding the
license plate and then finding the digits, either
with YOLO, R-CNN or ROI pooling [15, 16].
However, it is necessary to distinguish especially



those models that allow to find multiple license
plates [9, 7, 8] from those that can only find one
[15, 16, 11, 4, 1, 12].

There is no state of art of a model that uses
YOLO end-to-end in order to read license plates.
To explore whether this is possible or not a mod-
ification of the YOLO could be done. Actually,
Andrés Mafla et al.[3, 10] use a modification of
the YOLOv2 model to recognize different texts in
an an end-to-end manner, obtaining as output the
location of the different texts and which letters
appear in their transcription. They represent the
words using a Pyramidal Histogram Of Characters
(PHOC), where words are represented by what let-
ters and pairs of them they have. In their paper
demonstrate how the trained model can represent
words it has never seen before. This would be
easily replicated by copying the model and fine-
tuning it, changing the PHOC representation so
that it returns the different symbols of the license
plates.

Depending on whether they are trained and
operated separately, they can be considered end-
to-end models or not. When end-to-end models
need to learn everything at once, require many
more images to do so. In license plate recogni-
tion, the most popular database is the Chinese
City Parking Dataset (CCPD), with 250000 im-
ages of Chinese license plates. 200000 of these
images are in good conditions, and the 50000 re-
maining are atypical ones (blurred, tilted, rotated,
with strange weather, etc). Due to its size it is a
good database to train a model. Despite its vol-
ume, it has no images with more than one vehicle
or without any, therefore more images should be
included to cover the scenarios of more than one
license plate or no license plate.

4 DATASET

In order to develop and check the reliability of the
model is necessary to define a training set, a vali-
dation set and a test set. Images used in training
and validation are from the CCPD, while the ones
used in testing are not, so in this case the test set
comes from a different domain than the validation
and training sets. The CCPD is chosen because it
has a lot of images of license plates and the docu-
mentation of how to use it is well explained.

4.1 Training and validation set

As mentioned above, the training set will consist
of images from the CCPD because is the bigger
dataset of license plates. Chinese license plates
consist of 7 digits.

A-TVS8])
Figure 1: Chinese license plate

Analysing the statistics of this dataset is quite
revealing of inherent biases, so below it is shown
the probability of the possible characters for each
digit for the total number of images in the dataset.

100.0

80.0

60.0

Percentage

20.0

0.0

P RARERI SRS FRANERBEOED R ERR TR REEO
Character

Figure 2: 1st digit

The first digit is almost always the character
f5t, with a probability of X%, which means that
all images come from the same province (Anhui).
This bias when training the model can cause you
to always define this digit with this character.
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Figure 3: 2nd digit

As in the previous case, there is a character
that has much more prominence on the dataset.
In this case it is the letter A.
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Figure 4: 3rd digit



The 3rd digit is the only one that the prob-
ability of all the characters oscillate in the same
range.
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Figure 5: 4th digit

This digit can be a letter or a number. On
one hand, all the letters and the number 4 have
approximately the same probability of appearing.
On the other hand, all the numbers except the
number 4 more than triplicate it. This divergence
with the number 4 with other numbers is most
probably because these cultures consider 4 an un-
lucky number|[17].
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Figure 6: 5th digit

It occurs the same as in the 4th digit but all
the numbers gain a little bit more of probability.
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Figure 7: 6th digit

The probabilities of the letters is practically
absent. On the contrary a few numbers achieve
the 10% of probability.
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Figure 8: Tth digit

The probability distribution seems like a mix
of 5th and 6th digit. Low probabilities for letters
and high for numbers.

All the positions of the license plate have a dis-
tribution of probability different from each other.
This can affect the model if it is not considered.
Another characteristic disadvantage the dataset
has is the position of the license plate in the image.
As it can be seen in the figure below, the probabil-
ity of its location being in the middle of the image
is really high. This could affect the model because
it could learn to only detect license plates that are
in that part of the image. So, for example, plates
that are close to the the corners won'’t be detected.
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Figure 9: License plates positions

4.2 Transformations

As explained before, there are two inherent biases
in the position of the license plates. They appear
only one time and in the middle of the image. To
overcome the above inherent biases of this dataset
it is introduced more variability by creating syn-
thetic images in two different ways:

e Combining multiple images creating a new
one.

e Randomly distributing theses
changing its sizes and positions.

images,



In order to do that a new dataset is created
combining one, two, three or four cars, distributed
as randomly as possible in the image. Therefore,
the training set is composed of 30000 images with
4 cars, 10000 with 3 cars, 17500 with 2 cars and
3000 with 1 car. So, the majority of images of the
CCPD are used to create the 4-grid new images,
and the others are used more or less equitably to
build images with 2 or 3 of them. Also, some of
them are used alone. Approximately a 5% of the
images have randomly cars with no license plate,
despite of the images where appear 1 car that are
half and a half.

In the middle of the training, this dataset is
expanded with 8000 images of 1 car per image of
blurred, tilted, rotated and with strange weather
photos, 2000 of each type. These photos are also
from the CCPD.

90% of all those images created are used in
training and 10% in validation.

The final dataset used can be very artificial
but can serve to settle some weights in the model
in case later there exists a large enough database
with multiple registrations.

Figure 10: Image combination

4.3 Test set

As the objective is to identify license plates from
images taken in a real scenario, to test if the model
can work on license plates that appear in a differ-
ent context than the original training set, a new
test set has been created with images taken by the
author. The pictures taken are of cars with Euro-
pean license plates, more concretely in Cerdanyola

del Valles and Sabadell (Catalonia). These license
plates have a different format never seen before by
the trained model, so different license plates that
appear in the CCPD (some of the used in the val-
idation set) have been embedded in them. This
test set has 100 images from different positions,
angles and with different number of cars.

Figure 11: License plate casting

Also, different sets of blurred, tilted, rotated
and with strange weather photos, with 1000 each,
will be used to test the model.

5 MODEL

5.1 Architecture

The proposed architecture, illustrated in Figure
12, is an adaptation of the YOLOv2[13, 14] object
detection model modifying the last layer to carry
out the license plate recognition task. Basically, it
consists of a single shot CNN model that predicts
at the same time bounding boxes and a compact
license plate representation within them.

The YOLOvV2 architecture combines 21 convo-
lutional layers of of 3 x 3 filters with a leaky ReLLU
activation and batch normalization. In addition,
1 x 1 filters are placed between the 3 x 3 convo-
lutions to compress the feature maps. There are
5 max pooling layers that double the number of
channels and halve the spatial dimensions every
step they appear. The backbone includes a pass-
through layer from the second convolution layer
and is followed by a final 1 x 1 convolutional layer
with a linear activation with the number of filters
matching the desired output tensor size for object



detection. Generally, the number of filters needed
are the number of possible objects plus 4 (values
for the box) plus 1 (for the confidence), and all
this multiplied by the number of boxes the model
can calculate. In Figure 12 there is represented
the backbone with the output of the 3 x 3 convo-
lution layers, the 1 x 1 convolution layers and the
max-pooling, with blue, grey and red, respectively.

If the representation of each different license
plate belongs to a different class, it will be
needed 34225x35x352352x35235 (possibilities of
each digit) plus 5 (box and confidence), multiplied
by the number of boxes the model can calculate,
filters.

To have a model capable to recognize license
plates not seen at training time and computa-
tionally more efficient the last layer comprises
multiple one hot classifiers, one for each digit
on the license plate. This representation can
represent 34x25x35x35x35x35235 different license
plate numbers with only 34 + 25+ 35+ 354 35 +
35 4+ 35 = 234 values. This way the model will
learn how to identify characters in specific posi-
tions in the string independently.

The output tensor represented in Figure 12 has
a dimension of 13x13x72239. Actually, it is a min-
imal representation of the initial image, where the
7 x 239 vector of each 13 x 13 grid are more or
less the possible license plates in the correspond-
ing part of the image. As YOLOv2 uses anchor
boxes and width and height are used inside the
model as the difference between them and the an-
chor boxes, in this model each vector commented
below is seven times the representation of 239 (234
for digits + 5 for bounding box and confidence).
So in this case, the model can find in each part
of the image (more or less the proportional part
of the 13 x 13 output grid) license plates with 7
different shapes (aspect ratios).

5.2 Anchor boxes

Asin [4] and [1], to learn faster and reduce the dis-
tances between real bounding boxes and anchors,
the ideal set of bounding boxes is calculated using
k-means and requiring that for each bounding box
annotation there exists at least another one with
an intersection over union of at least 0:6. Figure 13
shows the 7 bounding boxes. Their relative dimen-
sions are: [[0.13, 0.08], [0.25, 0.09], [0.13, 0.03],
[0.17, 0.04], [0.36, 0.1], [0.19, 0.11], [0.19, 0.14]].
This reflects the fact that most license plates are
almost horizontal (larger width than height).

Figure 13: Anchor boxes

5.3 Losses

The total loss used to optimize the model is cal-
culated as:
L(ba Oa ¢, b/a O/a C/) = AboatLboa:(ba bl)
+ AobjLobj (07 O/)
+ )\clchls(ca C/)
where Apoz, Aop; and Ags are hyperparameters

that need to be tuned.
Loss for bounding box regression:

13 ,
Loz (b, V') = 5 Z((x(z) _ 02
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where x, y, w, h are the correct position and size
offsets to an anchor bounding box, and x’, y’, w’,
h’ its predictions. M is the number of boxes to
compare.
Loss for objectness estimation:
| M

2m
m=1

Lobj (O, O/) — (O(z) _ O/(’L))Q

being O the probability of that bounding box con-
taining an object (confidence) and O’ its predic-
tion (1 if model is sure and 0 if model it isn’t). M
is the number of boxes to compare.

Loss for classification:

N D Cq4

Lcls = Z Z Z wd,clog

n=1d=1c=1

emp(ajn,d,c)

. Yndc
Zi:d1 exp(Tn,d,i)
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Figure 12: Model

where x is the input, y is the target, w is the
weight, Cy is the number of classes of a concrete
digit, P is the number of digits of the license plate
and N is the number of license plates to compare.
This last loss is modified from the original one,
changing from a binary cross entropy loss with
logits to multiple cross entropy losses, one for each
digit. This cross entropy loss is the same as using
a softmax and then a negative log likelihood loss.
The weights of each class of each digit are inversely
proportional to the probability of appearance in a
scale from 0.05 to 5.

5.4 Implementation details

The backbone of the model was initialized with
the weights of the pre-trained YOLOv2 PHOC
of Mafla et al.[10]. They initialized it with the
weights of the YOLOvV2 pre-trained on Imagenet.
Then it was trained using a modified version of the
synthetic dataset of Gupta et al.[5]. They gen-
erated a dataset of 1 million images with back-
ground images and text rendered on top using a
custom dictionary with the 90K most frequent En-
glish words. That model was trained for 30 epochs
using SGD with a batch size of 64, an initial learn-
ing rate of 0.001, a momentum of 0.9, and a de-
cay of 0.0005. the first 10 epochs was trained for
only word detection and without backpropagating

the loss of the PHOC prediction. The following
10 epochs they started learning the PHOC output
with the Acls to 1.0. The last 10 epochs the learn-
ing rate was set to 0.0001 and the parameters A\py,
and Ay to 5.0 and 0.015 respectively. At first the
input size was fixed but during last epochs they
adopted a multi-resolution training, randomly re-
sizing the input images.

The current model starts training from these
initial weights. The first 18 layers were frozen in
order to maintain the feature extraction backbone
already learnt previously. The hyperparameters
that did not change during the training were the
batch size of 32, the momentum of 0.9 and the de-
cay of 0.0005. The scales for the loss were set as
follows:

e 30 epochs: learning rate 10~%, class scale =
1, coord scale = 2, object scale = 1-

e 90 epochs: learning rate 10™%, class scale =
5, coord scale = 2, object scale = 1.

e 30 epochs: learning rate 1073, class scale =
5, coord scale = 2, object scale = 1,.

e 20 epochs: learning rate 1073, class scale =
5, coord scale = 2, object scale = 1. With
the 8000 photos added.

While training and testing the model, a confi-
dence threshold of 0.5 is set to to filter all boxes



with lower confidence. In testing if this condi-
tion is passed, as in real rife license plates don’t
overlap, a non-maximal suppression (NMS) of 0.4
is applied to remove overlapping boxes, preserv-
ing the ones with highest confidence. These boxes
are the final output. To test if the bounding box
is correct, the intersection over union (IOU) with
the target is calculated.

6 EXPERIMENTS

The model is tested with the training set, the val-
idation set, and the test set. On one hand the
training and the validation set come form the same
distribution. On the other hand the test set does
not. Also, despite of not training over a lot of it-
erations the model with blurred, tilted, with high
rotation or affected by the weather car images, as
the CCPD includes images of these characteristics
the model will be also tested with them, but only
with images with one license. All these results can
be seen in Table 1.

Training and validation set obtain the same re-
sults, so the model trained does not overfit the
data and makes evident the model is learning
properly. Practically, all the licenses plates are
found using a threshold of 0.5 of IoU. However,
not all the digits are well recognised.

Results over the custom test set are not as good
as the previous ones, as expected: bounding box
quality indexes decay only a couple of points, but
with digits decay almost 10 points. The model is
learning but it is not useful enough to predict dig-
its well on the test set. This means, either that
geometrical transformation of the Chinese license
plates when casted into the European ones de-
grades the information, or that the domain gap
between the training and the custom test set is
too big

The results in the other sets of images can not
be compared directly because as told before they
present all only one license plate on the image,
what makes it easier for the model to hit the tar-
get as the license plates are present in more pixels.
Despite this, they can be compared within them.
All these sets have high values of F1 score, ex-
ceeding 0.95, except the blurred one who has only
0.73, due to its bad recall. So, the model does not
detect well when the image does not have enough
quality.

There is no test set where the combined digits
recognition is below 0.5, so neither can be it the
detection and recognition together. This score is
so low because a single digit wrongly recognised,
leads to a failure. To do a correct examination
of the results, and concretely of the failure of the

digits there is the need to look when and how the
model fails. For that, the confusion matrix of each
digit was constructed after evaluating on the test
set. This is shown in figure 17. A possible fail-
ure of the model is to confuse characters that look
alike. For example, typical similarities are: (5 and
S), (3,6, and 9), (T, 7 and 1), etc.

It has been calculated the percentage of each
total number of errors per prediction. It is shown
below. It appears a Gaussian with the mean at 5.
This reinforces what it has been said: the predic-
tion of each digit is independently from others.

Percentage

2 3 4 5
Number of correct digits

Figure 14: Correct digits per prediction

Apart from that, it has been measured the
Pearson correlation between the relative width of
the licenses plates and the number of digits the
model succeeds on. Its value is of 0.58 and that
indicates there is a connection between these two
variable, depending the reliability of the model on
what are the dimensions of the license plate. Also,
it has been measured the Pearson correlation be-
tween the ratio of width and height with the same
number of digits the model gets right. In this case,
there is no relation.

R=0.58

Correct digits

0.05

0.10 0.15

020 025 030 035
License plate width

040 045

Figure 15: Correlation between width and correct
digits



Bounding box Digits
Precision | Recall | Fl-score 1 2 3 4 5 6 7 All digits
Training set 1.00 1.00 1.00 094 | 098 | 0.88 | 0.80 | 0.81 | 0.82 | 0.88 0.44
Validation set 1.00 1.00 1.00 094 | 098 | 0.88 | 0.79 | 0.80 | 0.81 | 0.87 0.43
Test set 0.99 0.95 0.97 0.86 | 0.86 | 0.65 | 0.47 | 0.54 | 0.57 | 0.53 0.16
Blurred set 0.99 0.58 0.73 0.85 | 0.85 | 0.51 | 0.48 | 0.47 | 0.51 | 0.51 0.04
Tilted set 0.99 0.96 0.97 0.81 | 0.88 | 0.74 | 0.68 | 0.67 | 0.66 | 0.69 0.19
High-rotated set 0.99 0.98 0.98 0.84 | 096 | 0.86 | 0.80 | 0.77 | 0.74 | 0.82 0.34
Rare weather set 1.00 0.99 0.99 094 | 097 | 093 | 0.86 | 0.85 | 0.82 | 0.89 0.50
Table 1: Results

of factors. If this project was to be replicated, a
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Figure 16: Correlation between scale and correct
digits

Moreover, it has been calculated the percent-
age of failed characters that its prediction appear

in another position on the ground truth of the
same license plate. It is a 25% and shows that

the model does not understand completely the or-
der of the digits.

In next figure there are examples of the model
failing and succeeding on recognising the license
plate digits.

Figure 18: Example of output

7 CONCLUSION

Detection and recognition of multiple license
plates in one image using a single-shot model,
and concretely doing it with an adaptation of the
YOLOvV2, is possible. It was demonstrated that
such a model can be successfully trained in a sim-
ple scenario, indicating that it can be reproduced
with other data or motivations.

The final results in this thesis are significant
but not as good as it could be, and there are a lot

proper annotations. There is no dataset like this
and creating one is expensive in terms of money
and time, so, another option is to use images from
large datasets and insert license plates on them,
changing the position, the scale, the rotation, the
color, etc. It is also an artificial solution, but with
the creation of large number of images it will prob-
ably work better. In real life, license plates appear
only on vehicles, so if the model can detect license
plates anywhere, they will be obviously from vehi-
cles, and that will serve. Despite of this, as license
plates are always on vehicles, the model can be
less complex if it can use the contextual informa-
tion of the car to locate the plate. So, in order to
achieve that, it could be used a first model to seg-
ment cars from an image and then use the crops
to synthesize new images.

Despite of the importance of having a good
dataset to train, most part of the possible changes
to achieve good results are on the training part. In
order to not train the model from scratch, layers
from the YOLO PHOC were frozen, so the previ-
ous knowledge could be preserved. The number of
layers to freeze was chosen intuitively and to do
it correctly it would be useful to do an ablation
study by choosing to freeze different numbers of
layers.

Another modification on the training part is
the learning rate chosen. In our case an initial
learning rate was chosen that was too small and
not the optimum to train fast. It was changed
during the training by multiplying it with a factor
of ten but it was not sufficient to achieve good re-
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Figure 17: Confusion matrices

sults, because of a lack of time. This one is a big
error of the work done here: the time planned to
train the model was only of days and it was not
sufficient. If the training is done in a single shot
and with all the hyperparametres chosen correctly
and using also multiple GPUs this is easily achiev-
able, but if not, it is complicated to reach a model
completely trained, as seen in the results, where
the precision of digits could be better.

Even with all these cons, the thesis demon-
strates the practical use of this model is possible
and also establishes a model with its weights for
applying transfer learning if a similar one needs to
be created and trained more faster.
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