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ABSTRACT

VEHICLE POSITION ESTIMATION AND VEHICLE CLASSIFICATION
USING DEEP CONVOLUTIONAL NEURAL NETWORKS

KABEAYLA, Bashaer Isam Hasan,
M.Sc., Electrical and Computer Engineering, Altinbas University,

Supervisor: Assoc. Prof. Dr. Yasa EKSIOGLU OZOK
Date: July/2021

Pages: 64

The aim of this master’s thesis is to classify the vehicles and estimate the position with license
plate localization using Deep Convolutional Neural Network (DCNN). Vehicle pose estimation
with license plate localization serves as one of the most widely-used real-world applications in
fields like toll control, traffic scene analysis, and suspected vehicle tracking. Along with license
plate information, to obtain overall comprehension, the information of the owner vehicle also plays
a great role, and contextual information is defined as the relationship between the vehicles pose
license plate and the owner vehicle in our work. We proposed a one-stage anchor-free vehicle
classifier for simultaneously localizing the region of license plates and vehicles’ poses. The
classifier, rather than bounding rectangles, gives bounding quadrilaterals, which gives a more
precise indication for vehicle pose estimation with license plates localization. For single scale
input, we reached mean Precision Accuracy mAP/mAP50 of 35.4/82.3 on the Laboratory for
Intelligence and Safe Automobile (LISA) benchmark dataset, already outperformed the existing
commercial systems OpenALPR and Sighthound. For multi-scale input, we reached the best

mAP/mAP50 of 40.8/90.1. For the vehicle pose (front-rear), classification accuracy reached
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98.8%, average IoU reached 71.3%, giving a promising result as an end-to-end vehicle position
estimation and license plate localization with contextual information. The work has performed in
python programming language with several libraries of deep learning were being used for this
purpose. There are three functional head networks in our design, and thus the end-to-end and
simultaneous training leads to a potential training instability. If the model fails to converge, it is
quite hard to trace which head design is raising a problem. Thus, in our design process, we added
each the functional head step-by-step, making sure the single head design idea is working correctly
and then expanded the model with the rest functional heads. Our DCNN model training started
from an initial weight which we had already trained for about 110000 iterations in the model
without classification head, so the total training iterations will be around 780000 including the
transfer learning part in DCNN. Transfer learning made the DCNN model start at a smart point

and made it easier to optimize all of the functional heads simultaneously.

Keywords: Vehicle classification, pose estimation, optimization, DCNN, license plate.
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1. INTRODUCTION

The broader goal of this thesis is to investigate how neural systems can stay robust to
incomplete information for vehicle classification and position estimation with license plate
localization. Humans are naturally gifted at extracting knowledge and taking decisions based
on imperfect observations about the state of their environment. The evolutionary advantage of
developing this ability is hardly questionable, however it remains to be clearly understood how
exactly our brains can achieve this. Besides of being of great interest to improve our
understanding of learning and information processing in neurobiology, this question will
awaken interest in any engineer attempting to design more robust intelligent systems. In the
context of this thesis, the focus will be kept on the second perspective by concentrating on the
study of artificial neural networks. The specific problem of interest will be the recognition of
vehicles in occluded images. This is a strategic choice for research on this topic, because
classical vehicle recognition is a well-researched territory, both in the brain as well as in
artificial systems. This is why it will be useful to review the current state of the field and
introduce important theoretical notions before expanding on the core of the thesis. Vehicle
detection has a noticeable evolution after deep learning appeared and aided vehicle detection.
After 2016, the Pascal Visual Object Class (VOC) in vehicle detection challenge has been
dominated by deep learning-based methods. Followed by this trend, many application fields
related to vehicle detection are also benefited. Robot vision, monitoring system (e.g., face
detection), self-driving car (e.g., pedestrian detection), and our main research topic, license
plate detection, all catch up with the trend and are all further improving due to the aid of deep
learning. The visual system belongs to the most frequently researched and best understood
parts of the brain. A natural preference for scientists to investigate the mechanisms of vision
could be justified by the predominance of visual input among all sensory senses in humans.
Another rationale for the appeal of studying the visual system is that vision is one of the easiest

senses to manipulate in a controlled experiment.

Today, vehicle classification with deep convolutional neural networks is very important task.
This all started with the design of a neural network model by researchers in the 1980s [1].
This network model nicknamed the “neocognitron” was an attempt by researchers to emulate
the visual information processing of the vehicle position stream. For thisresearchers
sequentially stacked, what are nowadays called convolutional neural network layers. This
model was especially elegant, because it was efficient and respecting the biological models of
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the time. First of all, it had hierarchical feedforward architecture. Secondly, because
convolutional layers implement a very local connectivity pattern between layers, it meant that
neurons in the upper layers would have receptive fields of increasing sizes compared to neurons
in lower layers. In addition, the use of convolutional layers solved the problem of translation
invariance, not only biologically relevant [2], but also generally desired for a vehicle detection
network. Another benefit of the convolutional architecture was that neurons were not
connected to all the other neurons from neighboring layers, as is the case in densely connected
networks. This downsized connectivity and the weight sharing characteristic of convolutional
networks produce a reduction in the size of the weight search space, which simplifies the
network optimization procedure. Although training algorithms of the time were incompatible
with deep multilayer networks, the neocognitron could achieve good performances for very
simple digit recognition tasks [3] by combining an unsupervised learning algorithm for the
internal layers [4] and basic perceptron supervised learning for the last layer [5]. Once this type
of convolutional architectures was combined with supervised learning techniques based on
backpropagation [6], the field of computer vision could start to get serious about vehicle
recognition. In the 1990s researchers began to successfully train systems that could recognize

handwritten numbers [7] and dataset of images depicting different classes of vehicles [8].

Figure 1.1: Pose-estimation previously performed on the UIUC dataset [9].
1.1 PROBLEM STATEMENT

In the vehicle pose estimation stage, most existing systems are based on the frontal view of
vehicle. The open-source version of commercial software struggles to find the vehicle pose
estimation and license plate with transformation, like a tilted license plate or the license plate

which belongs to the car in an oblique view. This problem states a critical performance
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bottleneck for machine learning based systems since the vehicle position estimation and

detection failure means the total inability to comprehend a specific position.

The method proposed by author in [10] aimed to detect the vehicle position in a more general
way, their model first detects cars inside an image and further finds the position with license
plates for those cars, this improved the ability to find tilted vehicle classification with plates in
pictures, as the high accuracy car detection has been developed recently. Their method highly
reduced the detection missing (false-negative cases) of the license plate and position of vehicle,
but the drawback exists, within the pictures with multiple cars inside, their model might regress
to a license plate which doesn’t belong to the vehicle and cause a loss of contextual information
between the vehicle and the position estimation, Here, we conclude two problems of vehicle

pose estimation we would like to solve:
1. Lack of estimation ability for tilted and oblique image of vehicles in real time.

2. Loss of contextual information while dealing with more general vehicle classification and

position estimation.

3. Is it possible to generate training data by using a vehicle image and a measured ground truth

of average vehicle classification?

4. Does the approach of deep learning techniques as a way of automating vehicle classification

and position estimation measurements with the help of real time images?

5. What aspects need to be considered if further work on the subject is to be performed?
1.2 AID OF DEEP LEARNING

Since the classic deep learning pipeline is divided into four sub-tasks, the optimization process
is quite tricky as each of the processes links to and counts on each other. An overall and end-
to-end optimization strategy is needed if we want to push the performance of deep learning to

another level.

Recently, deep learning technics aid the deep learning a lot especially with the help of
Convolutional Neural Network (CNN). Researchers in [11] proposed a network named Warped
Planar Vehicle Detection Network, their method is to find a license plate inside a single vehicle
using Deep Convolutional Neural Network (DCNN), with obtaining not only rectangle

bounding boxes, but also parallelograms after the model learned the affine transform
17



parameters and applied to rectangle bounding boxes. Their model can transform the license

plate back into the rectangle easily by inverse affine transform and further do the DCNN.

Researchers in [12] designed a single network handling both license plate segmentation and
Optical Character Recognition (OCR) at the same time and leads to a possibility of end-to-end

optimization for segmentation and character recognition.

Convolutional Encoder-Decoder

Pooling Indices

RGB Image Segmentation

@ Conv + Batch Nomalisation + ReLU @ Pooling ® Upsampling Softmax

Figure 1.2: Image segmentation using deep learning [12].
1.3 CONTRIBUTION

There are four sub-tasks in the vehicle classification and vehicle pose estimation with license
plate localization process, our research focuses on the vehicle pose estimation with license
plate localization after vehicle classification task, aiming to accurately locate the vehicle
position in various scenes with single or multiple vehicles inside. As to maintain the contextual
information when dealing with higher vehicle classification performance, the license plate
localization will be detected as well, the pose of the car, on which side (front or rear) does the
license plate lay on will also be classified. We will show a detection example; the vehicle poses
with license plate localization missing problem mentioned in the problem statement can be

solved by our proposed method.
We conclude our main contributions as followed:

* We designed a DCNN-based network for vehicle classification and pose estimation vertices

with a variety of angles in real-world scenes.
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* Along with vehicle pose estimation and the license plate localization, vehicle’s pose

information will also be given.

* Our model will detect and classify the region of the car’s front part and the rear part where

a vehicle position is onto.

* To train our model, we proposed a new dataset with manually annotated front-rear bounding

boxes.

* The classification process is based on a novel anchor-free method presented in
methodology, no manually decided anchor-box size is needed; it might be an inspiration for

other vehicle classification and detecting applications.
1.4 STRUCTURE OF THESIS

Followed by Chapter 1, Chapter 2 will introduce the background knowledge related to our
work, including the recent vehicle classifier proposed in literature until 2019, the backbone
architecture designed for vehicle classification and position estimation with license plate
localization, a loss function for adjusting the weight between difficult learning case and easy
learning case , and a post-processing technic often used for eliminating duplicate detection

results

Chapter 3 gives a full understanding of our proposed method, including the whole model
design, the optimization strategy with loss function design and detail training label encoding
implementation, and training tricks with explanation of the reasons why we applied them in

the training process.

Chapter 4 presents the performance of our model, with the dataset used for training and
validation, quantitative mean Average Precision (mAP) analysis and qualitative results,
followed by the discussion of how the detection ability of our model differed during the training

process. Chapter 5 provides the discussion and in Chapter 6 we conclude our work.
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2. RELATED WORK

This chapter reviews the technics related to deep learning vehicle classification, the designing

pipeline of a vehicle position estimation and classifier includes:
1. Purpose-oriented model architecture design.

2. Training methods, which involve a broad range of topics, for example, the choice of quality
training data and handling the inevitable over-fitting problems in deep learning studies. For
vehicle detection, a procedure called hard negative mining is especially crucial since unlike
classification problem, the training process of a vehicle classifier will have a bunch of
background samples (or called negative samples) and relative-small amount of positive
samples, hard negative mining is the method for dealing with the unbalanced sample amount

between positive and negative ones which may hurt the classifier’s performance.

3. Post-processing procedure for eliminating the duplicated detection results.
2.1 VEHICLE CLASSIFIER

A popular benchmark for vehicle detection is the Pascal Visual Vehicle Class (VVC)
challenge, the version released in 2012 [13] includes 11,530 images with 20 classes and 27,450
bounding box annotations in the training and validation dataset. The Figure 2.1 shows the mAP
increasing trend for the Pascal VOC challenge, the first three methods are based on traditional
visual descriptors like Histogram of Gradient (HOG) used in Support Vector Machine -
Histogram of Oriented Gradient (SVM-HOG) and Scale-Invariant Feature Transform (SIFT)
used in Deformable Part Model - Math Kernel Library (DPM-MKL) in python.

After 2013, deep learning-based detection methods almost dominate the Pascal VOC
challenge, including Region-based Convolutional Neural Network (R-CNN) [14] and its
extensions Fast R-CNN [15] and Faster R-CNN [16], Single Shot Detector (SSD) [17] and its
extension De-convolutional Single Shot Detector (DSSD) [17], after 2017, the newly released
state-of-the-art classifier are still improving their detecting ability but tend to shift to another
more challenging benchmark Microsoft - Common Objects in Context (MS-COCO) dataset
[18] which has 80 categories. The deep learning-based vehicle classifier broke through the

limitation of traditional classifier and made a tremendous improvement in mAP scores. This
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section will introduce several famous vehicle classifier and related algorithms.

Enterprise artificial intelligence market revenue worldwide 2016-2025
Revenues from the artificial intelligence for enterprise applications
market worldwide, from 2016 to 2025 (in million U.S. dollars)
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Figure 2.1: The trend chart of Al statistics is drawn to represent the trends [19].
2.1.1 Overview of Recent Trend

Recent vehicle classifier can be categorized into two branches, One-Stage classifier, and Two-
Stage classifier. One-stage classifier makes the region proposal for finding Region Of Interests
(ROI) and vehicle classification at the same time, while two-stage classifier first find the ROI
and feed those ROIs into the classification process. There is a trade-off between one-stage
classifier and two-stage classifier, one-stage classifier tends to have lower computational cost
and thus have faster processing speed, while two-stage classifier tend to have higher
performance since the region proposal part is separated, which leads to better ROI qualities,

result in better classification results and tighter bounding boxes.

R-CNN family is the frontrunner in Two-Stage vehicle classifier, which was first proposed by
[19], this version first does region proposal done by selective search and then feeds those ROIs
into a convolutional neural network individually for classification and bounding box
regression. Because those ROIs actually partly cover the same pixels with each other and result

in duplicate computation and huge computational cost, to solve this problem, researchers
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proposed Fast R-CNN, they feed an image into the CNN only one time and by using ROI
pooling they resize the feature map of ROIs into a fixed-size feature and then further feed them
into a fully-connected network to do classification and bounding box regression. They reduced
the training and testing time by around ten times compared to R-CNN. But there is still a
problem in the pipeline of Fast R-CNN, the region proposal part is still based on the traditional
method (i.e., selective search). Thus, their model is unable to optimize in an end-to-end
manner. Faster R-CNN [20] addressed this problem and proposed Region Proposal Network
(RPN), RPN is trained by fitting the default anchor boxes to ground-truth bounding boxes,
RPN substituted selective search to make region proposal and finally made the training pipeline

end-to-end.

For One-Stage classifier, the first appearance is OverFeat [21], they combined the localization
and classification within a single network, SSD proposed a method doing region proposal with
the concept of anchor box used in RPN in Faster R-CNN along with doing bounding box
regression and classification at the same time, SSD reached competitive performance
compared to two-stage classifier, DSSD is the enhanced version of SSD which introduced the
deconvolutional process in their network. You Only Look Once version-3 (YOLOv3) [22] also
obtained remarkable results by utilizing multi-scale feature maps inside the network. RetinaNet
[23] introduced Focal Loss to handle the unbalanced sample problem, Focal Loss will be
explained in section 2.3. CornerNet [24] is a key-point based method that finds the top-left and
bottom-right points of a vehicle and further performs bounding box refining. Researchers in
[25] proposed an anchor-free method (region proposal without anchor boxes), which can be
applied to one-stage classifier, with the combination of anchor-based method and anchor-free
method, they achieved the state-of-the-art vehicle detection results. Table 2.1 lists the

components in the recent vehicle classifier.
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Table 2.1: Components of Vehicle Pose Estimation with License Plate Localization

Vehicle Pose Estimation with License Plate Localization

Classification Feature Extraction | Proposal Generation [Backbone Architecture
Paradigms
One-Stage Image Pyramid Anchor-Based VGG16 [26]

Detection Pyramid
Two-Stage Integrated Features ResNet [27]
Anchor-Free

Feature Pyramid Hourglass Net [28]

2.1.2 Feature Extraction

To generate final vehicle detection results, an encoding method for image information is
necessary, and this is often called feature extraction in the vehicle detection task, lots of
convolutional neural network architectures are designed for this purpose, the DCNN

architecture used for feature extraction is then viewed as backbone architecture.

On top of the backbone architecture, how to utilize the feature map generated in different inner
layers of the network has been studied widely in recent years. In the convolutional neural
network, a sequence of down-sampling process will be performed, in this process, early layers
with high resolution often have richer spatial information and weaker semantic information,
deeper layers with lower resolution often have less spatial information but more semantic
information. This leads to a property that early layers are good at detecting small vehicles but
lack of the ability to recognize and classify vehicle categories, on the other hand, deeper layers
are short of finding small vehicles but more capable of categorizing vehicles and more robust

on different translation, illumination, and transformation of a vehicle.

Vehicle classifier like Faster R-CNN and YOLOV3, they detect the vehicle by only utilizing
the final output feature map, to overcome the spatial information-lacking problem, a method is
to intuitively, train one classifier with different scales of images or to train several classifiers
with each classifier handling different sizes of images and then combine the results. This
process is called Image Pyramid and shown at the top left in Figure 2.2. This method could be
computationally expensive since we need to feed the image several times at the training and

testing stage.
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Later, SSD used Detection Pyramid, which is shown at the bottom left in Figure 2.2. They
utilized the inner layer’s feature map in the backbone DCNN and then performed prediction at
different resolutions. Since the early layers contain spatial information for grabbing small
vehicles, it makes the multi-scale vehicle detection possible within a single network. However,

the problem is, we still need to do several times of detections and combine the results.

Stacked Hourglass Network [28] and U-Net are designed under another concept, Integrated
Features, shown at the top right in Figure 2.2. They fuse the interior features and perform the
prediction on a single output map taking advantage of utilizing multi-scale features, and only
single detection is needed. In our research, the model we used is based on Hourglass Network.
The base architecture of the Hourglass Network is described in section 2.2, and our model

design is in section 3.1.1.

Combining the concept of both Detection Pyramid and Integrated Features, Feature Pyramid
[28] was proposed, which is at the bottom right in Figure 2.2. They first fuse the features
extracted from different levels of layers, perform the detection in each level, and then further
combine the detection results. RetinaNet and YOLOV3 adopted Feature Pyramid and obtained
promising results. Although Feature Pyramid is experimented to yield the best detection
results, considering the trade-off between performance and inference time, we chose Integrated
Features as our final feature extraction choice since the applications of license plate detection

task often prefer real-time processing.

Input layer Feature extraction layer Feature mapping layer ~ Component Deformation Visualization
detection layer processing layer  reasoning and

classification layer
X OF;

9x9

4 x4 ' 20 parts
— SCOTES

X

3 64 [ 20

2

Figure 2.2: Different feature extraction methods [28].
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2.1.3 Region Proposal Methods

Anchor-based: Before the era of deep learning, Selective Search [29] was a simple and reliable

region proposal method. However,

Anchor-based method almost dominates the region proposal part among recent vehicle
classifier because of its ability to detect vehicles in different aspect ratios and sizes, proposing
multiple vehicles within a single grid is also possible by applying anchor-based method. But
the designing and choosing of anchor box’s aspect ratios and sizes are all manually decided,
as the process is done in a heuristic manner, it might be a limitation for a network to bring out
their best potential. Some efforts have been made to choose better anchor box, In [30] they
used k-means to cluster the training data for obtaining anchor boxes with more preferable
aspect ratios, in [31] for detecting vehicle’s front and rear also introduced k-means clustering

to decide the default anchor boxes.

Although the refined method for defining anchor box does not count on heuristic design
anymore, the large variety of aspect ratios and sizes of vehicles around the world are not even
possible contained by a limited amount of anchor boxes, so here we state the potential problems

of anchor-based method:
1. Anchor box designed by referencing training data might not be compatible with real cases.

2. The concept of anchor box is not natural since it is not possible to represent the abundant

vehicle categories in the world with a limited amount of anchor boxes.

Anchor-free: Early one-stage vehicle classifier like Overfeat [32] and YOLOV3, their region

proposal stage was anchor-free design, YOLO treated the bounding box refining as a regression
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problem, so the region proposal and classification tasks are all done by a series of DCNN

followed by fully-connected layers.

After that, anchor-free method lost its attention for several years after RPN [33] brought out
their anchor-based method. Nevertheless, recently, CornerNet [34] is a trained weighted
network which works on the corners of image and CenterNet [34] is a trained weighted network
which works on the center of image put efforts on constructing anchor-free vehicle classifier.
CornerNet tried to find the top-left and bottom-right corners of a vehicle instead of finding
bounding box, they proposed a novel pooling method called Corner pooling, which encodes
the corner message of a vehicle and is claimed to be the critical stage for the success of
CornerNet. CenterNet first predicted the bounding boxes by pairs of corners and then predicted
the center probabilities for a vehicle to exist. It is based on extracting the information of the
center and the corners of a vehicle. Both of the anchor-free vehicle classifier obtained
promising results. CenterNet presents their best Average Precision (AP) on MS COCO dataset
as 47.0, surpassing all of the previous one-stage vehicle classifier and most of the previous

two-stage classifier.

Inspired by the impressive results of CornerNet and CenterNet, our region proposal method is
designed under the concept of anchor-free method and is described detailed in section 3.1.2

and 3.1.3.
2.2 STACKED HOURGLASS NETWORK

Stacked Hourglass Network was first designed for human pose estimation; it is a feature
extraction backbone with several Hourglass Networks connected together. A single Hourglass
Network is shown in Figure 2.3; the architecture of Hourglass Network is a sequence of down-
sampling DCNN followed by a sequence of up-sampling DCNN. To utilize the feature with
rich spatial information (shallow part of DCNN) and feature with rich semantic information
(deeper part of DCNN), there’re lateral connections that merge the early features with latter
features, it’s the central concept of Hourglass Network and make it suitable for vehicle
detection tasks since the spatial information often disappears in the latter part of a simple

DCNN architecture.

Each block (except the block with * mark) in Figure 2.3 refers to a residual block shown in
Figure 2.4. The residual block was first proposed by [35], a skip connection from input layer

directly to output layer was added, it was designed to address the problem of gradient vanishing
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problem when training a deep neural network. The network goes deeper, information from
shallower layer might disappear due to the gradient-based back-propagation, residual block
makes it possible to train a network as deep we want. As we can see in the input and output of
the residual block, the channel amount (kernel amount) is basically 256 in the entire Hourglass
Network. Inside the residual block, there are two DCNNs with 128 channels with kernel sizes
1 and 3, followed by a DCNN with 256 channels with kernel size 1. Stacked Hourglass
Network was used for feature extraction backbone network in recent vehicle detection
researches like CornerNet and CenterNet.

Convolutional Encoder Convolutional Decoder

Pooling Indices

. 7x7Conv + BN + ELU . 2x2 Pooling . Dropout . Upsampling D De-Conv + BN + ELU | Softmax +Accuracy

Figure 2.3: Hourglass Network with block refers to simple feature addition; other blocks refer to

residual blocks [35].

Figure 2.4: Residual block used in Hourglass Network [35].
2.3 FOCAL LOSS

Focal Loss [36] is an optimization strategy aiming at handling imbalanced samples. Since in
the training process of a vehicle classifier, ground-truth positive labels are always less than
ground-truth negative labels with a huge gap. To prevent the loss created by the ground-truth
negative labels overwhelming the training stage, methods for handling this problem is essential
and often called hard negative mining.
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Controlling the data feeding during the training process like Online Hard Example Mining
(OHEM) [37], and forcing the ground-truth positive and ground-truth negative ratio to be 1:3

in SSD are some of the methods for hard negative mining.

Instead of directly handling the training samples fed into the model, Focal Loss tried to handle
this problem by controlling and giving different weights to the loss created by easy-samples

and hard-samples, and the name ‘Focal’ refers to ‘Focusing’ on hard-samples.

FL(py) = —a(1—py)¥log(pe) 2.1)
_{ «a ify=1
= {1 —a otherwise} (2:2)

_ (P ify=1 }
Pe = {1 —p otherwise 2:3)

FL is the formula of Focal Loss; it can be considered as an extended form of Cross-Entropy
loss. A factor at is added for controlling the loss weight, which ranges between 0 and 1, y is
relevant to the ground-truth label, for positive samples, y equals to 1, otherwise equals to O.
Say we set at to 0.9, the weight contribution ratio between ground-truth positive samples and
ground-truth negative samples will then become 9:1 (0.9:0.1). Adding at is able to adjust the
contribution between positive samples and negative ones, but not considering the easy cases

and hard cases.

To make the model focus on the hard cases which are more difficult to learn, the term (1 — p;)¥
is added. p; is the vehicle-probability output of a vehicle classifier, it will be close to 1 when
it’s true-positive or true-negative and close to 0 when it’s false-positive or false-negative. y is
a factor to control the weight decay for easy-samples, (1 — p;) will be close to 0 if the model
makes true predictions while close to 0 on the other hand, with y value larger than zero, the
loss caused by true predictions (easy-samples in the early stage of learning) will be shrunk and
the loss caused by false predictions will remain the same. When y equals zero, then the loss
function is the same as Cross-Entropy loss. The difference between Focal Loss with various

values of v and Cross-Entropy loss is mentioned in the original paper and shown in Figure 2.5.

In our work, we used extended forms of Focal Loss in the localization loss and classification

loss and described them in section 3.2.1.
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Figure 2.5: Focal Loss the Cross-Entropy loss is the curve y= 0. The loss with larger p, value

diminished eminently with different levels depending on the value of y [36].
2.4 NON-MAXIMUM SUPPRESSION (NMS)

In the test stage of a vehicle classifier, the output vehicle probability larger than a decided
threshold will be considered a positive detection result. There will be a massive amount of
duplicated bounding boxes for a single vehicle, to eliminate the duplicated ones and keep the
most-likely one, we often perform Non-Maximum Suppression (NMS).
Scoreg  if IoUB,M) < Qtest}
0 if [oUB,M) > Qe

(2.4)

Scoreg = {

Equation (2.4) shows the process of NMS, NMS first arranges all of the detection results
according to their probability score (Score B) of having a vehicle in descending order. Let ‘M’
be the result with the highest score, compare the results B having less score than M, if the
Intersection over Union (IoU) between M’s bounding box and B’s bounding box is greater than
a specific threshold Q test, then the score of B will be set to zero, or to say remove the detection
result of B, else if the IoU is smaller than Q test, B will remain there as performed in [38]. This
process performs iteratively until the detection result with the lowest score has been checked.

Figure 2.6 gives an example of bounding box removal in NMS pipeline.
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Repeat with next highest confidence prediction until
no more boxes are being suppressed

For each class...

After filtering out low Select the bounding box Calculate the loU between Remove any boxes which
confidence predictions, prediction with the the selected box and all have an IoU score above
we may still be left with highest confidence remaining predictions some defined threshold

redundant detections

Figure 2.6: Illustration of Non-Maximum Suppression (NMS) with all four steps of NMS pipeline,
the bounding box which best fits the vehicle in detector output has the highest score [38].
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3. METHODOLOGY

There are mainly four issues we would like to tackle, now we list the corresponding methods

and works for each problem and their relevant sections:

1. Lack of detection ability for tilted and oblique license plates. To make our model able to
locate the license plate accurately, we need a strong feature extraction backbone, and a
proper design for indicating the license plates with diverse transformations under different
scenarios explained in 3.1. The loss function designed for optimizing with back-propagation

is described in section 3.2.

2. Loss of contextual information while dealing with more general license plate detection.
Contextual information is defined as the relationship between the vehicle and the license
plate in our work. For obtaining the vehicle’s pose information when a license plate is
detected, our method is to find the front part and rear part of a vehicle, with the information
of car’s front and rear, we can obtain the contextual information more precisely as discussed
in section 1.4. As we will demonstrate in section 3.1, our model can receive either ground-
truth bounding quadrilaterals or bounding rectangles as our training data while not limit to
only bounding rectangles training, and it is due to our anchor-free design for finding four
vertices of ROI individually, the corresponding method for optimizing such a design is
mentioned in section 3.2. In 3.3, we give a view of the training method we applied during
our training, including the data augmentation and the training strategy refined at times by

observing the learning condition of our model.
3.1 DEEP CONVOLUTIONAL NEURAL NETWORK

The proposed model is called DCNN which is a one-stage and anchor-free deep learning
classifier. The whole model is shown in Figure 3.1. The width and height of an input RGB
image will be first downscaled to 1/4 and pass through two stacks of Hourglass Network, until
here is the backbone feature extraction part. By utilizing the obtained features, three parallel
heads will then handle localization, region regression, and classification individually. The right
side of Figure 3.1 gives an output example of our model, we can see that the license plate
region has been found, and the front-rear region of the owner car is also given along with its

pose information.
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This section includes the backbone feature extraction network design, and the head network
architecture with its function and design inspiration, which is done in one-stage manner. The

last part of this section will be a brief discussion for anchor-free method.

3 Prediction

)

[Region Regression ]

[

Localization
Classification ]

)

Hourglass stack one Hourglass stack two

4x Down Sampling

Figure 3.1: The whole pipeline of proposed model [38].
3.1.1 Backbone Network Design

As discussed in section 2.1.1, a one-stage classifier has a trade-off between speed and
performance, and the performance will descend significantly especially for small vehicles.
License plates, in general situations, are small vehicles (imaging the scale difference between
license plates and vehicles), so the feature extraction ability of the backbone network
architecture becomes considerable, the spatial information needs to be fruitful to avoid missing
detections for small vehicles. Inspired by the adoption of Hourglass Network in recent one-
stage detectors, we introduced Hourglass Network as our backbone architecture and found it
performed much better than a normal straight forward DCNN, a comparison between their

performance.

The network design is given in Figure 3.2, our training input size is fixed in 256x256, after two
down-sampling processes (a convolution layer and a max-pooling layer with stride 2), the
image with its scale of 1/4 width and height will then be fed into a two-stack Hour-glass
Network. The layers in Figure 3.2 without special mention are all Rectified Linear (ReLU)
activation function, and the layers in trapezoids are down-sampled or up-sampled processes by

a factor of 2.
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The right side of Figure 3.2 is the architecture of a single Hourglass Network, the Residual
block (ResBlock) architecture is shown in Figure 3.3. After passing through the first Hourglass
Network, following the original design of stacked Hourglass Network, we add two parallel
DCNN branches with linear activation functions and do the element-wise addition with the
features before feeding into Hourglass Network in a residual manner. The feature map after
performing element-wise addition will then pass through another Hourglass Network with the

same architecture and yield a final output with size 64x64.

|

— = & —d— —
(7 A-Residual block [ J1x1 Convolution

(a) Modified Hourglass architecture

—’L 1x1x256 Conv l—
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4 o0 o0 o [} o L]
F & a e &) O &)
< % =
—_— e -
A
(b) A-Residual block architecture (c) Original Residual block archi-

tecture

Figure 3.2: Backbone two-stack Hourglass Network [39].
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Figure 3.3: Residual block [40].
3.1.2 Head Network Design

Beyond the backbone network, we designed four parallel DCNNs as our

........... head networks, each of them handles different tasks, Figure 3.4 gives a clear
comprehension of the architecture, and we will illustrate each of the head networks in this

section.

— CAR
— TRUCK
— VAN
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Figure 3.4: Head network, there are four parallel DCNN branches, the top localization branch, the

middle two region regression branches, and the final classification branch [41].

1. Localization for vehicle position and license plate: The localization head is done by a
deep convolutional neural network with filter size 3x3, the output will be a feature map of
size 64x64x1, for each pixel, there is only one output channel which indicates the probability

of containing a license plate. Since we did not include the background class in our design,
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it serves as a single-class problem; the sigmoid activation function fits our requirement and

became our choice for activation function.

. Region regression for pose estimation and license plate localization: The region
regression part is done by a convolutional neural network with filter size 3x3, and the output
feature map has a size of 64x64x8, there are eight output channels for each pixel, the output
channels handle the region proposal for vehicle pose estimation and license plates
localization. Figure 3.5 explains how these values work with region proposal, first, we will
have four pairs of unit vectors in the same arrangement of four quadrants, rx and ry then
serve as scalars to expand these unit vectors, after expanding a pair of unit vectors, do the
vector addition of the horizontal vector and vertical vector in the pair to obtain a destination
point. After performing the same procedure on the four pairs of unit vectors, we will obtain
four points, and these points will then be the vertices of a quadrilateral, which indicate the
region of a license plate. Since we need the expanding factor for unit vectors, exact scalars
must be obtained, so we used linear activation function (equivalent to no activation function)

for the DCNN layer.

. Region regression for front-rear: The region regression for the car’s pose (front-rear) uses
exactly the same method used in region regression for license plate, but the vertices now

indicate the front-rear region of a car.

. Classification for front-rear: As a multi-class classification task, there are three classes
here, front class, rear class, and background class. The classification process is done by a
convolutional neural network with filter size 3x3, and the output feature map has a size of
64x64x3, each channel in each pixel represents the probability for front class, rear class, or
background class, respectively. Here we used softmax activation function for its

compatibility for multi-class classification.
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Figure 3.5: Region regression method [42].
3.1.3 Anchor-Free Method

We used anchor-free design for our head network, it can be observed that no default anchor
boxes are needed in the region proposal process, it means that different from anchor-based
vehicle detectors, during our training process, there are no heuristic decisions, all we need to
do is to let our model naturally learn the ability of detection. Apart from this, since our model
regresses the four vertices of a quadrilateral individually, not only the bounding rectangle, we
can also find the exact vertices of a license plate, after performing planar rectification by

perspective transform, we can do further OCR on a more precise region.
3.2 OPTIMIZATION STRATEGY

This section explores the optimization method for training our model, including the loss
function design for each head network, and the label encoding method which encodes the

spatial information into an available format for the loss functions.
3.2.1 Loss Function

The introduction of the loss function is arranged in the same order as the head network design
section. For the localization of the license plate, we used Focal Loss as our foundational loss
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function. Equation 3.1 gives the localization loss for each pixel (m, n) in the output feature
map. The first two terms are the Focal Loss part, where Pyyep is the ground-truth label of the
license plate, Py, is the predicted probability. We set 0=0.75 for amplifying the loss influence
of positive cases and thus balance the ratio between positive cases and negative cases. For the
Focal Loss factor, we set y=2 by following the best result from the released paper [39]. Here,
we introduce the contextual information auxiliary training, which is the last term in Equation
3.1. The inspiration is that there will not be a license plate outside the region of a vehicle, so
we designed an additional term for this purpose, Puue front-rear refers to the ground truth label for
the areas of vehicle’s front part or rear part, which is annotated in our proposed dataset. For
typical license plate detection purposes, the license plates are arranged onto the front-rear part
of a car, and the additional term gives an extra penalty if a positive license plate detection is
made outside the region of a vehicle. We set a factor =0.5 to balance the loss contribution for
avoiding this term overwhelming the entire training process. Figure 3.6 gives an intuition for
the difference between adding the contextual information auxiliary term and without adding it.
With the aid of this additional term, the model is able to avoid the false positive detection of

license plate outside the region of a vehicle.

) Y , Y
Llocalization(m; Tl) = _P‘glﬂge,lp - (1 - P;;n) -IOg(P;gn) - (1 - P;Zn) '(1 -

n\Y , : , ,
CZ) (P;Zn) 'log(l - P;Z n) - (1 - P?;:]e,front—rear) :8 (P;g n)log(l - P;Zn)

(3.1)
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Figure 3.6: Comparison between Focal Loss with and without contextual information auxiliary [43].
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The second part of the loss function is the region regression part. We used L1 loss for this
purpose. Equation 3.2 shows the loss of a single pixel (m, n) in the output feature map. Grix
and Gryy refer to the x and y coordinate of the four ground truth vertices, i=1~4 from bottom
right and clock-wise. vix and viy refer to the basic vectors mentioned in section 3.1.2, Tjx and
Tiy are the output values of the region regression network, the multiplication of v and T then
yields the final prediction coordinates. The loss will be the summation of the L1 losses of the
four vertices. A factor 1/¢ was added to normalize the loss value since the L1 region regression
loss will be relatively large compared to localization loss and classification loss due to the
linear activation function. For the small vehicle, license plate, we set e=1, and for the car’s

front-rear, considering the out-feature map size of our model (64x64), we set €=32.

4

1
Lregion(m,m) = < . Y |GTI" = VI T1)!
i=1

(3.2)

(GT}}", GTy")= ground truth coordinate of vertex;

1 1
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The last part is the classification loss, which is shown in equation 3.3. We used the multi-class
Focal Loss. Pue,fronts Prue,rear, and Pue,BG refer to the ground-truth positive cases for front class,
rear class, and background, respectively. Pfront, Prear, and Pgg refer to the predicted probability.

We set y=2 in the training process.

Lclass(mr n) = _P?rl‘lzle,front (1 Pfront) lo g(Pfront) true rear (1 -

rear) log(Prear) PtrueBG (1 P ) IOg(P
3.3)
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Equation 3.4 gives the final loss function. The total loss is the summation of localization, region
regression, and classification. We only calculate the region regression loss when the ground-
truth label of the pixel is positive; otherwise, it is set to zero. Note that there are two terms of

region regression loss, one for license plate and one for car’s front-rear region.

— M N mn
LTotal - Zm=1 anl(Llocalization(m' TL) + Ptrue,lp' Lregion,lp (mr n) ) +
mn
Ptrue,front—rear- Lregion,front—rear(m: n) + Lclass(mi Tl)

(3.4)

3.2.2 Label Encoding

With only the bounding box annotation in our training dataset, we need several label encoding
methods to meet the loss function in the optimization process for each head network. Figure
3.7 visualizes the label encoding for a single input image. For simplicity, we will use GT as
the abbreviation of Ground-Truth. To clearly describe the type of bounding box, we will use

the terms bounding rectangle and bounding quadrilateral in the following content.

F ol

Figure 3.7: Label encoding method [44].

For the localization loss function, we need to give each pixel a label indicating either the pixel
is inside a license plate or not, which is Pyue, I in the loss function. We first mapped the GT
bounding quadrilateral coordinates to the scale 64x64 to meet the output size of our model. We
then define a bounding rectangle having the same size with the GT license plate bounding
rectangle (here, we transferred the annotations from bounding quadrilateral format to bounding
rectangle format), and then let each pixel inside the GT bounding rectangle be centroid of that

bounding rectangle, calculate the IoU value between it and the GT bounding rectangle, if the
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value is larger than a threshold, then we assign the pixel value to 1, else assign to 0. As a result,
pixels with value 1 means the ground-truth positive. The upper branch of Figure 3.7 shows the
encoded label; the black region contains the pixels with value 1. We set the threshold to 0.7 for

the localization label encoding.
3.3 TRAINING DETAILS

The purpose of this section is to describe the whole construction of our training process,
including the online data augmentation method, the transfer learning method used for avoiding
unstable training state, and the adjustment of the hyper-parameters for different periods of

iterations.
3.3.1 Data Augmentation

We used online data augmentation. Before the training images were fed into the model, several
augmentation methods were taken randomly. These methods are listed in Table 3.1, the Chance
column in the table with value 50% means the augmentation was not taken for every time, but
only half of the chance. Each image performed each of the methods for one time with random

order.

Online data augmentation preserves the diversity of training data. In every augmentation
method, we also used random parameters, meaning that after performing all of the methods, a
single original image will be transformed into countless augmented images, this expands the
training data scale and prevents the model from overfitting too early, Figure 3.8 gives some

augmented data examples of a single image.

Table 3.1: Augmentation for Training Data

Augmentation type Parameter Chance
Horizontal scale 0.5~1.0 50%
Vertical scale 05~1.0 50%
Shear angle -90 ° ~ 490 ° 50%
Rotation angle -25°~425° 50%
Perspective transform Standard deviation: 0.05 ~ 0.1 50%
Flip Only horizontal flip 50%
Hue and Saturation -50 ~ +50 (in scale of 255) 100%
Overall scale 02~1.0 100%
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Figure 3.8: Samples of augmented data [45].

3.3.2 Step by Step Transfer Learning

There are three functional head networks in our design, and thus the end-to-end and
simultaneous training leads to a potential training instability. If the model fails to converge, it
is quite hard to trace which head design is raising a problem. Thus, in our design process, we
added each the functional head step-by-step, making sure the single head design idea is
working correctly and then expanded the model with the rest functional heads. We will explain

the model expanding process in this section.

The model expanding process can also be viewed as a transfer learning process. In the initial
design of our model, we only had the localization head and region regression head for license
plate detection, after confirming that our novel anchor-free method for region regression is
working as we expected, we then added the heads for car pose detection. We loaded the weights
we trained, both the weights in the backbone architecture and the license plate heads, and then
trained the newly added car pose heads. After the car’s pose detection has been trained to an
acceptable level, we then added the last puzzle in our model, the head for car pose

classification.

Our final model training started from an initial weight which we had already trained for about
110000 iterations in the model without classification head, so the total training iterations will
be around 780000 including the transfer learning part in DCNN. Transfer learning made the
DCNN model start at a smart point and made it easier to optimize all of the functional heads

simultaneously.
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4. RESULTS

This section will first give information about the environment and the data we used in our
simulation (4.1). Then we show the output result of our model in (4.2), including quantitative
evaluation on the benchmark dataset and qualitative visualization results. An analysis of the

model learning state will be given in section 4.3.

As mentioned in section 2.4, it is necessary to have a post-processing method for eliminating
a large amount of duplicated detection results. All of our final license plate detection results
are filtered by a particular NMS method counting on contextual comprehension. Our model
will detect a license plate along with the car’s front-rear area, and we assume that only a single
license plate will appear in that front-rear region, so we performed NMS on the front-rear
region instead of the license plate region. We set the IoU threshold = 0.1, meaning that if there
is a slightly overlapped region for two front-rear regions, the license plate detection with a
lower confidence score will be removed. We found this method to make the detection results

cleaner and more reliable, and thus we applied this method in all of our testing processes.
4.1 ENVIRONMENT AND DATA CURATION

This section first describes the hardware and software in our work. Second, for dataset
explanation, it includes choosing appropriate images, annotation demand and criteria, and the
prospect of training results. We first describe the data we collected for training and then
describe the data served as a benchmark to evaluate our model and compare it with other

existing models.
4.1.1 simulation Environment

The training and testing process were on operating system Ubuntu 16.04 LTS with CPU Intel
17-6500 3.20GHz, GPU GeForce GTX1080, DRAM 16GB. We built the system with python
2.7, and the deep learning frameworks are Tensorflow and Keras [46]. The codes are all
available online. We also made the codes available for Windows and python 3.7. Table 4.1

lists the configuration we set during the training process.
4.1.2 Training Dataset
Our training data contains three components:
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* Vehicle images from different nations with various camera views

* Annotation of vehicle pose estimation and license plate localization in either bounding

rectangles or bounding quadrilaterals

* Annotation of vehicle’s front-rear part in either bounding rectangles or bounding

quadrilaterals with front-rear class labels

The camera views differed from benchmark dataset, the vehicles are most in their frontal view,
the dataset’s license plate annotations are bounding rectangles, in order to eliminate the
uncertainty for our model to learn the proper feature of vehicle poses and license plates, license
plates with slight rotations were removed in advance since the rectangle bounding boxes can’t
perfectly describe the license plate. In the dataset, the license plate annotations are in vertices,
so the license plate can be fully described even the car is in an oblique view or under some
rotations. The original dataset contained 199,993 images, we first chose 2333 images randomly
and further chose 1346 tilted or rotated images with a high level of horizontal or vertical
rotational degree. Lastly, the images in the dataset were shot under extremely oblique views

but with visible characters on the license plate. Table 4.1 lists the overall dataset information.

For the weather condition in the datasets, most of the pictures are taken under clear weather,
some of them are rainy or under low level of foggy weather. Images both in the day-time and

night are included, while the license plates are all clearly visible.

For the vehicle pose estimation and license plate annotation, the dataset with all bounding
rectangle annotations with top-left point and bottom-right point performed and also bounding

quadrilateral annotations.

For the front-rear annotations, since none of the LISA dataset gave annotations for the vehicle’s
front and rear information, we manually annotated all of the images in the datasets mentioned

above. Our annotations include
1. The bounding rectangles or bounding quadrilaterals of vehicles front-rear region.
2. The pose information of the vehicle (front or rear).

The reason for the existence of both bounding rectangles and bounding quadrilaterals is that,
for LISA dataset, we used bounding rectangles since the view is not that oblique, so bounding

rectangles are enough for describing the front-rear part regions. With respect to the dataset, we
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used bounding quadrilaterals since the vehicles are in a high level of oblique angles, bounding
quadrilaterals then illustrate the front-rear regions much better than simple bounding

rectangles. We used open-source annotation tools [47] to do the annotations.

Our final training dataset includes 10824 of images with various nations and camera views to

meet the purpose of training a robust license plate detector to handle the diversity of real-world

scenes.
Table 4.1: Composition of Training Dataset
Number of . o e Horizontal and
Dataset Images Region Description Vertical Degree
LISA 1107 Brazil Frontal view
LISA 2605 US Frontal view
LISA 2143 Europe Frontal view
Horizontal: 0~30
LISA 2333 China | Variety of views Vertical 0~30 °
Rotated and tilted Horizontal: 10 -50
LISA 1346 Turkey Vertical: 10~50°
Extremely oblique Horizontal: 0~60
LISA 1290 Korea Vertical: 0 25 °
Total 10,824 Containing a massive variety of scenarios

4.1.3 Evaluation for Multiple Vehicles

For evaluating our model, our LISA benchmark dataset that can closely represent the real-
world scenes. Proposed LISA dataset [48], which is a sub-dataset of Cars Dataset. LISA
includes 200,000 vehicle images with most of the license plates in oblique angles (difficult
cases for license plate detection), and the distance of the vehicles ranges from close, medium
to far. Weather conditions are most under clear weather in the day-time. We used 10,824
images in the LISA dataset with a single car inside as our validation dataset (excluding the one
with multiple vehicles inside for consistency). In the later section, we use this dataset as a

benchmark to compare with other existing systems.

Weather conditions are all under clear weather in the daytime, and the distance of the vehicles

is also diverse, with very near vehicles and far vehicles with unrecognizable license plates.
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This dataset will be used to evaluate the contextual information missing problem mentioned in
section 1.3. A comparison between our proposed method and vehicle detection-based license

plate detection method will be made on this dataset.
4.2 PERFORMANCE

Model performance evaluation is divided into qualitative visualization and quantitative
evaluation. The qualitative visualization part gives several examples of the detection results on
the benchmark dataset and heatmaps for the license plate probability and classification ability.
The quantitative evaluation part lists the classification accuracy and mAP performance

comparison with existing commercial systems.
4.2.1 Visualization Results

Figure 4.1 shows some examples of the classification results on the LISA dataset, the text
above the bounding quadrilaterals of car’s front-rear gives the classification results, Front,
Rear, or unknown for background class. The number followed by class is the output of the
Softmax activation function. The license plate probability is also written at the bottom of the
bounding quadrilateral. The results shown in Figure 4.1 are done by multi-scale testing with
input dimensions 256 and 512, which is also the testing dimension yielding the highest mAP
score on the LISA dataset.

Figure 4.2 shows the detection results on the Multiple Cars Scene dataset, this dataset is quite
more challenging than the LISA dataset since some of the license plates are relatively small in
the images, making it hard to detect with low input dimension, we used multi-scale testing with
dimensions 256, 512 and 1024 for those visualization results since it obtained the best mAP on

the Multiple Cars Scene dataset.

45



Figure 4.1: Classification and pose estimation results of LISA dataset

Figure 4.3 gives some examples of the detection missing issue by vehicle detection-based
method mentioned in section 1.3. By utilizing our proposed method, we successfully avoided
this issue and found all of the license plates inside the image. This indicates that our method is
more reliable when the amount of vehicle inside an image becomes larger since the overlapped

situation among vehicles will increase as well.

Figure 4.4 and Figure 4.5 visualize the license plate probability for each pixel and the
classification ability of the model by plotting the distribution of those high probability pixels.
Our model can locate the license plate within a precise region and tell all the possible pixels

for the car’s front and rear.
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Figure 4.2: Classification and pose estimation results of Multiple Cars Scene dataset
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Figure 4.3: Comparison between vehicle pose estimation and license plate localization (left column)

and proposed method (right column). On the left side, pose estimation and license plate localization
missing appeared due to the false regression of license plate; on the other hand, our proposed method

can avoid those cases and find all of the license plates.
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Figure 4.4: Heatmap of LISA dataset. (a): Input image front (b): License plate probability (c): Front
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Figure 4.5: Heatmap of LISA dataset. (a): Input image rear (b): License plate probability (c): Front

probability (d): Rear probability
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Figure 4.6: Heatmap of Multiple Cars Scene dataset. (a): Input image (b): License plate probability
(c): Front probability (d): Rear probability
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Figure 4.7: Heatmap of Multiple Cars Scene dataset. (a): Input image (b): License plate probability
(c): Front probability (d): Rear probability
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4.2.2 Quantitative Evaluation

The mAP is often used for the evaluation of a vehicle classifier. The average precision refers
to the average value of the precisions with different recalls and is calculated for each class
individually. Mean average precision then refers to the arithmetic mean value of the average
precisions of all of the classes. To be clear, although we only have one class (license plate) in
the model, in our evaluation, we still used the term mAP for consistency. Before moving on to
the quantitative evaluation, in the following contents, we will first declare the different mAP

metrics that might be confusing.

The early calculation method for mAP is proposed by the Pascal VOC challenge, they
calculated the 11 points of precision values by interpolation with recall value from 0 to 1.0
with an interval of 0.1. The average precision is then calculated by the average of those
precision values. In Pascal VOC mAP, they treat the detection result as a true positive detection

if the IoU with the ground-truth label is larger than 0.5.

Since recent vehicle detection research tended to move to dataset as a benchmark, we used the
new metric for mAP calculation proposed. They used 101 points of precision values by
interpolation with recall value from O to 1.0 with an interval of 0.01. Different from the Pascal
VOC metric, they treat a detection as a true positive detection under different IoU threshold
settings. The main metric, mAP, refers to the average mAP calculated by 10 IoU thresholds
from 0.5 to 0.95 with interval 0.05. mAPS50 refers to the mean average precision with IoU
threshold = 0.5. While the strictest metric, mAP75, is the mean average precision with IoU
threshold = 0.75. We used the calculation method for all of our evaluations; for reference,

mAP50 will be the most similar metric compared to the Pascal VOC metric.

Table 4.2 lists the mAP evaluation on the LISA dataset, for the proposed DCNN with a single
testing scale dimension 512, we got bounding quadrilateral mAP score better than both
commercial systems OpenALPR [49] (system with bounding quadrilaterals) and SightHound
[50] (system with bounding rectangles). With multiscale testing, we reached the best mAP
score of 40.8, which outperformed OpenALPR by 15.3 mAP. With respect to the bounding
rectangle, we also achieved the highest mAPS50 score among the systems and a similar level of

performance on mAP and mAP75.

Performance evaluations under different camera distances are given in Table 4.3 (near), Table

4.4 (medium) and Table 4.5 (far). We separated the LISA dataset into three sub-datasets of
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near, medium and far distance. The camera distance is measured by the ratio between the

license plate size and the image size, we used k-means clustering method to separate them with

center points 0.077 (near), 0.050 (medium) and 0.035 (far).

Table 4.2: Vehicle pose estimation and license plate localization mAP on LISA Dataset.

Quadrilateral Rectangle
Method FPS
mAP mAP50 mAP75 mAP mAP50 mAP75

OpenALPR commercial 255 775 11.7 34.9 84.4 17.9
SightHound commercial 173 558 2.8 46.2 80.7 43.2
DCNN (single scale 256) 28.8 68.6 18.2 31.8 68.7 22.5 28.1
DCNN (single scale 512) 354 823 29.8 39.3 79.2 38.4 12.9
DCNN (256+512) 40.8 90.1 34.1 45.3 89.0 42.4 10.1
DCNN (256+512+1024) 38.6 843 31.2 43.2 85.5 37.5 2.7

Table 4.3: Vehicle pose estimation and license plate localization mAP on LISA Dataset (camera

distance: near)

Quadrilateral Rectangle
Method
mAP mAPso mAP7s | mAP mAPs0 mAP7s
OpenALPR commercial 46.5 94.1 39.9 49.9 94.1 34.5
SightHound commercial 219 574 10.5 48.2 73.3 58.2
DCNN (single scale 256) 444 829 40.0 50.3 82.9 54.0
DCNN (single scale 512) 189 66.1 9.2 23.0 60.6 15.8
DCNN (256+512) 41.0 88.2 32.7 50.1 88.2 54.2
DCNN (256+512+1024) 38.8 85.1 29.8 47.3 85.1 48.6
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Table 4.4: Vehicle pose estimation and license plate localization mAP on LISA Dataset (camera

distance: medium)

Quadrilateral Rectangle
Method
mAP mAPso mAP7s | mAP mAPs0  mAP7s
OpenALPR commercial 239 743 8.9 36.9 87.5 21.7
SightHound commercial 154 515 2.1 49.6 78.2 53.0
DCNN (single scale 256) 343 82.6 22.4 37.0 81.2 23.1
DCNN (single scale 512) 40.9 85.6 34.9 44.8 86.0 51.5
DCNN (256+512) 46.1 94.7 40.5 50.0 94.7 51.0
DCNN (256+512+1024) 39.5 85.6 32.8 43.5 90.1 38.6

Table 4.5: Vehicle pose estimation and license plate localization mAP on LISA Dataset (camera

distance: far)

Quadrilateral Rectangle
Method
mAP mAPso mAP7s | mAP mAPso mAP7s
OpenALPR commercial 184 71.6 5.0 26.1 73.3 8.7
SightHound commercial 19.6 64.5 1.7 44.6 88.1 31.5
DCNN (single scale 256) 14.3 40.8 3.6 16.0 42.6 9.0
DCNN (single scale 512) 394 86.5 38.0 44.0 80.6 35.2
DCNN (256+512) 349 828 29.8 39.1 79.8 27.7
DCNN (256+512+1024) 40.1 82.8 34.3 43.1 79.5 33.0
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Table 4.6: Vehicle classification accuracy and Average IoU for Car Pose on LISA Dataset.

Classification Accuracy

Proposed methods Average IoU
DCNN (single scale 256) 95.8% 74.5
DCNN (single scale 512) 98.8 % 67.1
DCNN (256+512) 97.8% 71.3
DCNN (256+512+1024) 96.8% 67.1

Table 4.6 shows the classification accuracy and average IoU for car pose. The classification

results are all higher than 95%, and the best result is 98.8% on the single scale testing with

dimension 512. Best average loU value 74.5 came out at a single scale 256 since the front-rear

region of a vehicle can be viewed as a large vehicle, and thus the small testing scale will yield

a better result.

Table 4.7: Shows the mAP results on the Multiple Cars Scene dataset. Our method outperformed

commercial systems with a large gap. WPOD-NET has the highest mAP/ mAP75 score since it is a

two-stage license plate detector and yields more refined bounding boxes. However, for mAP50, our

model surpassed WPOD-NET by 14.9 mAP to 84.1 mAP, the critical factor of the performance

improvement is that our model avoided the missing license plate issue and push the boundary of recall

ability further.

Quadrilateral Rectangle
Method

mAP mAP;s mAP75 mAP mAPs5, mAP75
OpenALPR commercial 11.6  50.3 1.1 18.5 57.7 4.4
SightHound commercial 10.7  37.8 3.5 29.5 61.4 21.3
WPOD-NET 475 69.2 59.7 49.8 69.2 64.0
DCNN (single scale 256) 13.5 373 7.0 15.7 40.1 8.7
DCNN (single scale 512) 365 704 35.2 40.1 72.5 38.5
DCNN (256+512) 372 722 37.9 41.3 74.3 41.3
DCNN (256+512+1024) 433 84.1 419 48.9 84.1 51.7
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5. DISCUSSION

The learning states for each functional head are shown in Figure 5.1, Figure 5.2 and Figure 5.3.
The states are the results of single-scale testing with a dimension of 512. This section is

strongly related to section 3.3.3.

The training settings modifications
at 330k and 434k described in section 3.3.3 fine-tuned the model slightly to get mAP50 beyond
80, but the other datasets did not significantly benefit the mAP for the LISA dataset since the

obliqueness levels in the LISA dataset is not that heavy as the ones in the dataset.

The IoU performance of the front-rear region is shown in Figure 5.2. A leap can be observed
after 400k iterations, which was the benefited result from the label encoding strategy at 423k
mentioned in section 3.3.3. This gave us an insight that a proper design of the labeling strategy
can undoubtedly have a massive effect on the performance of a supervised learning vehicle

detector.

. Observing the situation,
we modified the label encoding strategy immediately and solved the issue. The strategy has

been described in section 3.2.2.
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Figure 5.1: Vehicle pose estimation and license plate localization mAPS0 to iteration on LISA

dataset.
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Figure 5.2: Vehicles Front-rear IoU to iteration on LISA dataset.
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Figure 5.3: Vehicle classification accuracy to iteration on LISA dataset.

Table 5.1: The comparison of accuracy of recognition with existing and proposed techniques

ARTICLE TECHNIQUE ACCURACY

[50] Support Vector Machine 80.00%
(SVM)

[51] Recurrent Neural Network 95.70%
(RNN)

[52] Convolutional Neural Network 97.00%
(CNN)

Proposed Deep Convolutional 98.8%

Neural Network (DCNN)
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6. CONCLUSION

The proposed vehicle pose estimation with license plate detection model showed the ability to
detect license plates under different vision angles. Performance estimation on the dataset with
oblique vehicles outperformed the existing commercial systems OpenALPR [52] and
SightHound [53], reached mAP/mAPso of 40.8/90.1. Our DCNN based system detects
bounding quadrilateral instead of bounding rectangles, yielding a more precise indication for

vehicle pose estimation and license plate localization compared to conventional systems.

Another main contribution is providing the vehicle information while performing vehicle pose
estimation and license plate localization detection, we called this kind of information
contextual information, which provides the relation comprehension between the vehicle pose
estimation and license plate localization and the vehicle, we got the pose classification
accuracy 98.8% and average IoU 71.3%. Applications like traffic scene analysis, we may
utilize contextual information for enhancing the interpretation of the vehicle pose estimation
and license plate localization. Since we have obtained the area of the owner car, by further
analyzing, we can get; for instance, car brand, model, and color information. In addition, some
parking lots tell users to park their cars in a consistent direction (e.g., back-in parking only),

the pose information given by our system might help the management of those parking lots.

To accomplish our purpose, we designed a novel anchor-free method for region proposal,
which is not limited to the vehicle pose estimation and license plate localization task but can
be extended to other vehicle detection tasks. The method might be an inspiration for future

vehicle detector design.

A dataset with manually annotated vehicle front-rear regions is used in our work, which is
served as a key element to train our model successfully. Dataset is extremely oblique but
readable vehicle pose estimation and license plate localizations is used, with the help of the

dataset, generalization of applicable scenes for vehicle position estimation and license plate
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localization can be further improved. We are looking forward to broader usages of the datasets

for applications related to car pose estimation and license plate detection.

For future works, adding more functional heads might be a direction. Our model is flexible
since we can add several functional heads after extracting features from the backbone network.
Functions like car brand and car model analysis or even more precise car pose estimation given
in rotation angle might be trained. Introducing the OCR into the end-to-end network to make

a complete ALPR system is also an effort worthy to put.
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