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Abstract

With the increasing highlighted security concerns in Intelligent Transportation System
(ITS), Vision-based Automated Vehicle Recognition (VAVR) has attracted considerable
attention recently. A comprehensive VAVR system contains three components: Vehicle De-
tection (VD), Vehicle Make and Model Recognition (VMMR), and Vehicle Re-identification
(VReID). These components perform coarse-to-fine recognition tasks in three steps. The
VAVR system can be widely used in suspicious vehicle recognition, urban traffic monitoring,
and automated driving system. Vehicle recognition is complicated due to the subtle visual
differences between different vehicle models. Therefore, how to build a VAVR system that
can fast and accurately recognize vehicle information has gained tremendous attention.

In this work, by taking advantage of the emerging deep learning methods, which have
powerful feature extraction and pattern learning abilities, we propose several models used
for vehicle recognition. First, we propose a novel Recurrent Attention Unit (RAU) to ex-
pand the standard Convolutional Neural Network (CNN) architecture for VMMR. RAU
learns to recognize the discriminative part of a vehicle on multiple scales and builds up a
connection with the prominent information in a recurrent way. The proposed ResNet101-
RAU achieves excellent recognition accuracy of 93.81% on the Stanford Cars dataset and
97.84% on the CompCars dataset. Second, to construct efficient vehicle recognition mod-
els, we simplify the structure of RAU and propose a Lightweight Recurrent Attention Unit
(LRAU). The proposed LRAU extracts the discriminative part features by generating at-
tention masks to locate the keypoints of a vehicle (e.g., logo, headlight). The attention
mask is generated based on the feature maps received by the LRAU and the preceding at-
tention state generated by the preceding LRAU. Then, by adding LRAUs to the standard
CNN architectures, we construct three efficient VMMR models. Our models achieve the
state-of-the-art results with 93.94% accuracy on the Stanford Cars dataset, 98.31% accu-
racy on the CompCars dataset, and 99.41% on the NTOU-MMR dataset. In addition, we
construct a one-stage Vehicle Detection and Fine-grained Recognition (VDFG) model by
combining our LRAU with the general object detection model. Results show the proposed
VDFG model can achieve excellent performance with real-time processing speed. Third,
to address the VRelD task, we design the Compact Attention Unit (CAU). CAU has a
compact structure, and it relies on a single attention map to extract the discriminative
local features of a vehicle. We add two CAUs to the truncated ResNet to construct a
small but efficient VReID model, ResNetT-CAU. Compared with the original ResNet, the
model size of ResNetT-CAU is reduced by 60%. Extensive experiments on the VeRi and
VehicleID dataset indicate the proposed ResNetT-CAU achieve the best re-identification
results on both datasets. In summary, the experimental results on the challenging bench-
mark VMMR and VRelD datasets indicate our models achieve the best VMMR and VRelID
performance, and our models have a small model size and fast image processing speed.
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Chapter 1

Introduction

1.1 Background and Motivation

The development of computer vision technology, the widely used surveillance cameras, and
onboard cameras have provided significant advantages for implementing vision-based Intel-
ligent Transportation System (ITS) and Smart City applications such as the autonomous
driving system and the traffic management system [/, , , , 806, , 73, , 74,

, , , , , , 16,10, 23,19, 39, 21, 22]. Since vehicles are the main partic-
ipants in the transportation system, capturing the vehicle-related information is essential
to traffic management (e.g., calculating the travel time of the vehicles is useful for traffic
control) and public security (e.g., fast locating the suspicious vehicle).

Vehicle recognition has attracted widespread attention, and many researchers, com-
panies, and governments have invested money, time, and energy to develop Vision-based
Automated Vehicle Recognition (VAVR) systems [260, 229, 180]. A complete VAVR system
contains three components: Vehicle Detection (VD), Vehicle Make and Model Recognition
(VMMR), and Vehicle re-identification (VReID). These components perform coarse-to-fine
recognition tasks in three steps. A coarse-to-fine procedure of recognizing vehicle informa-
tion of VAVR is shown in Figure 1.1. First, the VD module receives an image captured
by the camera (onboard or surveillance camera) as input. The module will detect the ve-
hicles in the image and identify the vehicle type such as sedan, hatchback, SUV, van, etc.
Second, the detected vehicles are cropped from the original image, and then forwarded to
the VMMR module to distinguish the detailed information, such as vehicle make, model,
and even the year of manufacture (e.g., Audi Q8 2018, Ford Mondeo 2017). If we are
searching for a vehicle in the recorded video, which contains a massive amount of vehicles,
the VD and the VMMR modules will filter out a considerable number of vehicles to narrow
the search space, and the remaining vehicle images are the candidate vehicles. Then, the
VRelID module is adopted to identify and verify the target vehicle from the candidate ve-
hicles. Compared with VMMR, VRelD goes one step further. It requires subtle differences
among vehicles of similar appearance to be distinguished.

An efficient VAVR system is very important for I'TS and Smart City. For example, when
a vehicle is stolen or grabbed by a criminal, the police usually need to set up inspection
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Figure 1.1: Overview of the coarse-to-fine vehicle recognition procedure. The dashed
line represents the VRelD module can directly find the target vehicle from the vehicle
candidates extracted by the VD module.

posts to intercept passing vehicles or manually search for a vehicle with a specific type,
make and model through the surveillance camera pre-deployed around the city, which takes
much time and is inaccurate in the end. With the help of the VAVR system the vehicle
that is stolen or grabbed by the criminal can be fast located and tracked. By deploying a
small VAVR system on the vehicles such as Unmanned Aerial Vehicle (UAV) and car. The
vehicle can directly process the images captured by the onboard camera. Then, relying
on the vehicular network and the vehicle-to-everything techniques [225, , , , ,

, , 60,9, 15, 14, 18, 11, 24, 17, 25, , ], the acquired vehicle information can be
fast transmitted to the target agent (e.g., traffic control center, police station), which will
significantly help make a fast decision and improve the regional security.

Traditional vehicle recognition mainly relies on License Plate Recognition (LPR) [110].
The vehicle information can be checked through the license plate. Since the license plate is
the unique ID of a vehicle, the registration center records the detailed vehicle information
related to the license plate. However, LPR has several limitations. First, in some security-
related situations, the license plate is often damaged, obscured, removed, or even faked.
Second, recognizing license plate information requires a high-resolution image. In addition,
changes in lighting and various camera angles may reduce the accuracy of LPR. The VAVR
system can be used as a complementary solution to the LPR system. When license plate
information is not available, the VAVR system is able to directly recognize the vehicle
information according to the appearance feature. We can also cross-check the recognition
results from the VAVR system and the LPR system to improve recognition accuracy, and
prevent license plate fraud [32]. Overall, the VAVR system could save a lot of resources,
time, and workforce.

Vision-based vehicle recognition can be considered a challenging multi-class image clas-
sification problem. The challenges and issues are summarized as follows:

1. Inter-class Similarity and Intra-class Variance: Different classes of vehicles could have
very similar appearances, while vehicles of the same class may differ significantly.
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Figure 1.2: Illustration of coarse-to-fine inter-class similarity and intra-class variance of
vehicle recognition. Zone A shows different vehicle types. Different vehicles can have a
similar appearance, for example, truck and estate. Zone B shows vehicles of the same type
(sedan). The appearance and shape of these vehicles are quite different. Zone C shows
vehicles of the same model. The appearance of these vehicles varies widely depending on
color and illumination. Zone D shows the same vehicle from different viewpoints. Humans
cannot guarantee that these images belong to the same vehicle.

2. Environmental Conditions: Different environmental conditions would significantly
affect the model performance, such as weather conditions (e.g., snowy, foggy, sunny,
rainy), road conditions (e.g., highway, urban road), illuminations, and occlusions.

3. Modified Appearance: The original vehicle appearance can be modified, for exam-
ple, adding bumpers, adding spoilers, drawing other patterns on the hood or trunk,
placing decorations in front of the window.

4. Diversity: There are a massive number of vehicle types, makes and models. Every
vehicle has diversified colors or decorations.

5. Camera-related Issue: Low-resolution camera, camera refresh rate, different camera
angles, and image distortion caused by the camera.



Table 1.1: The Range of Inter-class and Intra-class of VD, VMMR, and VRe-1D

Task Inter-class Intra-class
VD Different vehicle types (different Different make and models within the same vehicle
objects) type

VMMR, | Different vehicle makes and models | Different vehicles (varying in decoration and color)
within the same vehicle make and model
VRelD Different vehicles Different viewpoints of the same vehicle

6. Dataset: Deep learning is a data-driven approach, and the deep learning-based model
requires a suitable (large-scale, coverage of different situations) dataset to train a
model for each task.

7. Combining Additional Information: How to combine different information (e.g., li-
cense plate information, lidar information) with the appearance feature is a challenge.

Among these common challenges and issues, the inter-class similarity and intra-class
variance are the major problems that exist in VD, VMMR, and VRelD. The range of the
inter-class and intra-class for each task is illustrated in Table 1.1. An illustration of inter-
class similarity and intra-class variance of vehicle recognition is shown in Figure 1.2. For
example, in terms of VD, we can observe the inter-class similarity from zone A, and the
intra-class variance from Zone B to D. To solve the inter-class similarity and intra-class
variance, one solution is to pay more attention to the discriminative part of the vehicle
(e.g., headlight, logo). Relying on the discriminative local features, the vehicle can be
distinguished from other vehicles.

The rapid development of the Convolutional Neural Network (CNN) has helped many
models achieve great performance on VMMR. Recent studies [31, , | indicate that
learning the features of the discriminative part of an object (e.g., the tail of birds, the head
of dogs, the headlight of vehicles) can improve the fine-grained recognition performance.
Some studies [278, | address fine-grained recognition problem by training the object
detector (e.g., R-CNN [1241] and Fast-RCNN [I125]) as the part detector to locate the
part regions. Then, these semantic part regions are cropped out and sent to the feature
extraction network to extract discriminative features. However, there are several drawbacks
of these methods: (1) These part detector-based methods often require part bounding
box annotations to train the part detectors. However, the part bounding box annotation
requires expert knowledge and labeling the part is time-consuming. Only a few datasets
provide such detailed annotations, which may limit the applications of these methods. (2)
The human-defined part labels are not often well-defined, which may introduce noise and
affect the performance of the model, resulting in unable to achieve the optimal result. (3)
The part detector and the feature extraction network usually need to be trained separately,
so these models can not be trained end-to-end.

Humans recognize the object by glimpsing different parts of the object [103]. Inspired
by the human attention mechanism, the feed-forward attention methods [1411, 222] were
proposed to implicitly find the part regions (without cropping) to improve the model
performance. These models adopt different strategies to generate the attention mask,



which highlights the prominent regions of the image. By multiplying these attention masks
with the feature maps of the object, the part features are implicitly extracted. However,
these methods usually ignore the coarse-to-fine relationship of the part features. They
either only extract one-scale discriminative features, or extract multi-scale features but do
not combine them. For instance, the Spatial Weighted Pooling (SWP) [141] method only
extracts discriminative features from the feature maps generated by the last convolutional
layer.

Modeling the coarse-to-fine relationship of the part features is helpful for recognizing
an object, especially the fine-grained information of the object. For example, if we stand
very close to an object, we can only observe a small part of the object, such as the foot of
a tiger (fine-grained feature). If we stand far away from an object, we cannot determine
whether it is a tiger or another object only based on its shape (coarse feature). Only when
we combine and model the relationship of the coarse feature and the fine-grained feature
(e.g., comparing the foot and the shape of the animal) can we determine the category of
the object (especially the fine-grained category).

Based on the observations, we can build a unit to focus on extracting the discrimina-
tive local features and model the coarse-to-fine relationship of local features. Then, by
combining the unit with a global feature extraction network, a powerful model can be
constructed.

1.2 Problem Statement

Generally, when an image contains multiple vehicles, we usually need to use a VD model to
detect these vehicles and crop them out according to each vehicle’s predicted bounding box.
Then, the cropped vehicle images are sent to the VMMR or VRelD model. For the VMMR
task, our work mainly focuses on recognizing fine-grained information about a vehicle. For
the VRelD task, our work mainly focuses on comparing the similarities of different vehicles
and find the target ones. For the VDFR task, our model can locate and recognize the fine-
grained information of the vehicle and the major goal is still recognizing the fine-grained
information. In addition, the VDFR model can easily detect multiple vehicles occur in
the image by training it with a suitable dataset. Therefore, we assume that the image
received by the VMMR, VDFR, and VRelD model contains only one vehicle. Besides, our
VMMR and VRelID models have the ability to batch process images. Therefore, they can
simultaneously identify the information of multiple vehicles. For a complete VAVR system,
any robust real-time vehicle detection model can combine with our models.

1.3 Methodology

Based on the recently proposed Prototype Recurrent Unit (PRU) in [181], we build the
Recurrent Attention Unit (RAU). PRU was proposed as a prototypical example for future
study of LSTM-like recurrent networks [181]. PRU has a compact structure and captures



the key component of LSTM and GRU [93]. PRU can only process the one-dimensional
sequence vector. As an improvement, our RAU can directly process the feature maps
extracted by the convolutional layers. By adding RAUs to ResNet, we proposed two
models for VMMR.

To reduce the model size of RAU, we simplify its structure and propose the Lightweight
Recurrent Attention Unit (LRAU). Then, we add LRAU to ResNet, VGG16, InceptionV3,
obtaining several models for VMMR. In addition, the VMMR method usually receives
an image that contains one vehicle and only outputs the fine-grained vehicle information.
However, the location and size information of the vehicle is often ignored. To detect vehicles
and recognize their fine-grained information simultaneously, we incorporate LRAU with an
object detection method called Single Shot Detector (SSD) [173], and then obtained a one-
stage Vehicle Detection and Fine-grained Recognition (VDFR) model. The proposed SSD-
LRAU can generate the bounding box and fine-grained vehicle information simultaneously.

For the VRelD task, we want to construct a model with excellent local feature extraction
ability while maintaining a small model size. Therefore, we further simplify the structure
of the attention unit and proposed the Compact Attention Unit (CAU). Then, we add it
to a truncated ResNet, obtaining ResNetT-CAU.

1.4 Contributions

The major contribution of our work can be concluded as follows:

1. We propose the Recurrent Attention Unit (RAU), which is a modular attention unit
that can be applied on different layers of standard CNN architectures to extract
prominent information from different scales. Each RAU takes the feature maps gen-
erated by the convolutional layer and the attention state generated by the previous
RAU as inputs. Afterward, the unit produces a new state for the next RAU. The
mechanism is not only extracting discriminative information from different layers
but also combining them. This process allows the model to recognize an object by
evaluating the discriminative features of different resolutions. In addition, RAU can
locate the local regions without using any part annotations. To verify the effective-
ness of RAU, we add the proposed RAUs to the standard CNN architectures to solve
the VMMR task. The proposed ResNet101-RAU achieves an excellent recognition
accuracy of 93.81% on the Stanford Cars dataset, 97.84% on the CompCars dataset,
and 98.90% on the CompCars Surveillance dataset.

2. To further improve the local feature extraction of RAU and build an efficient VMMR
model, we optimize the structure of RAU and propose a Lightweight RAU (LRAU).
Then, LRAU is added to ResNet, VGG and InceptionV3 to build three lightweight
VMMR models. Our models achieve the state-of-the-art results with 93.94% ac-
curacy on the Stanford Cars dataset, 98.31% accuracy on the CompCars dataset,
and 99.41% on the NTOU-MMR. dataset. In addition, the VMMR method usu-
ally receives an image that contains one vehicle and only outputs the fine-grained
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vehicle information. However, the location and size information of the vehicle is
often ignored. To detect vehicles and recognize their fine-grained information simul-
taneously, we incorporate LRAU with an object detection method called SSD, and
then obtained a one-stage Vehicle Detection and Fine-grained Recognition (VDFR)
model. The proposed SSD-LRAU can generate the bounding box and fine-grained
vehicle information simultaneously. Comparing with SSD, the number of parameters
of SSD-LRAU is reduce by 82%, while achieving a better result.

3. Furthermore, to solve the VRelD task, we proposed a Compact Attention Unit
(CAU), which extracts the discriminative local features without using any part anno-
tation. The CAU has a simple structure and is easy to be added to different standard
CNN architectures. The CAU uses an attention map generated by the convolutional
layer to select the discriminative regions from the feature maps generated by CNN.
The proposed attention model can effectively locate the discriminative regions with-
out using any part annotation. By adding multiple CAUs to a truncated ResNet,
we construct an effective VReID model. The model extracts both the global feature
and discriminative local feature and uses them to identify the target vehicle. More
importantly, the model has a small model size and fast image processing speed (5.1
ms per batch), making the model more suitable for smaller devices and the real-time
environment.

4. To evaluate the proposed models, we conduct extensive experiments on several bench-
mark datasets to explore the optimal parameter settings for our proposed models and
compare the results with many state-of-the-art methods. We also evaluate the model
performance under different environmental conditions to verify the robustness of our
proposed models.

1.5 Thesis Outline

e Chapter 2 starts with introducing the fundamental knowledge of CNN. Then, the
commonly adopted deep learning backbones are introduced accordingly. Then, a
comprehensive literature review is provided to introduce the classification and devel-
opment of the deep learning-based methods for VD, VMMR, and VRelD. Finally, the
commonly adopted benchmark datasets and open challenges are discussed in detail.

e Chapter 3 introduces the proposed RAU. The model structure and the combination
with ResNet are explained in detail. Then, we conduct the ablation study and
comparison experiments on the benchmark VMMR datasets.

e Chapter 4 presents the LRAU. Then, we introduce the proposed VMMR model and
the VDFR model. We systematically evaluate the models by conducting a series of
comparison experiments.

e Chapter 5 proposes the CAU. We combine CAU with a truncated ResNet, construct-
ing an efficient VRelD model. The model performance is evaluated by conducting
experiments on two benchmark VRelD datasets.
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e Chapter 6 summarizes the work we have done in this thesis and presents future
research directions for vehicle recognition study.



Chapter 2

Related Work

In this chapter, we first introduce the fundamental knowledge of CNN. Then, we review the
commonly adopted CNN architectures. Then, we systematically review the classification
and development of the deep learning-based methods for VD, VMMR, and VRelD. We
also present a detailed introduction to different vehicle recognition datasets used for a
comprehensive evaluation of the proposed models. Last but not least, we critically discuss
the major challenges and future research trends involved in each task.

2.1 Neural Network

The Neural Network (NN) is modeled as the acyclic computation graph representing the
composition of a set of functions. The basic unit in a NN is the neuron, often called a node
or unit. It receives input from some other nodes and computes an output. The computation
of a typical neuron is the weighted sum of the inputs and is followed by a nonlinear
activation. For NNs, the most common layer type is the fully-connected (FC) layer in which
neurons between two adjacent layers are fully pairwise connected, but neurons within a
single layer share no connections.

A NN can be constructed by simply stacking multiple FC layers. For example, a
Multilayer Perceptron (MLP) is a deep NN that contains at least three layers of nodes
(two FC layers): an input layer, a hidden layer, and an output layer. A 2-layer MLP can
be seen in Figure 2.1. The computation at the [th hidden layer is:

H' = g(W'H'™Y), (2.1)

where W' is a weight matrix, g is the activation function (will be introduced in section
2.1.2). Suppose we have a grey image x € RV which contains an animal, where h and
w is the height and width of the image. A 2-layer MLP can be used to classify whether
the animal is the cat or the dog. First, we reshape the input image to a column vector
x € RM>*1 then we set W1 € R™*h and W) € R®*™ where m represents the number
of hidden units. Finally, a 2-layer MLP can be expressed as follows:

flz) = gW® - g(WWa)), (2.2)
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Hidden layer

Input layer Output layer

Figure 2.1: A 2-layer MLP (one hidden layer of 4 neurons(units) and one output layer with
2 neurons.

where f(z) € R**! is the column vector that shows the scores of the image belonging to
each category. f(x) is often normalized by the softmax function or sigmoid function to
generate the classification probabilities. In a CNN, the FC layer is often used to construct
the classification network.

2.1.1 Convolutional Neural Network

CNN is very similar to ordinary NN. CNN can directly process the image with size d x h xw,
where d is the number of channels. A CNN usually consists of the feature extraction net-
work and classification network. The feature extraction network consists of the convolu-
tional layer, pooling layer, activation layer, and normalization layer.

The convolutional layer is made up of a set of filters that have learnable weights and
biases. Each filter usually has a small kernel size, i.e., 3 x 3 or 5 x 5, and extends through
the full depth of the input. During the forward pass, the filters slide across the height and
width of the input and perform a dot product between the filter and the corresponding
region of the input. This operation is similar to the convolutional operation in signal
processing and produces a m-dimensional feature map, m is the number of filters. For
example, let W € R¥/nxfw be the filter, and z € R¥™"*® be the input, and we set the
stride size to 1 and padding size to 0. Then the output feature map of the convolutional
layer will be of size (h — f, + 1) x (w — fi, +1). The value y;; in the feature map can be

formulated as follows:
d—1 fp—1 fu—1

Yij = Z Z Z Wcab * Le(ita)(j+b)- (23)

c=0 a=0 b=0

An overview of the convolution procedure is shown in Figure 2.2.
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Figure 2.2: The convolution process.

2.1.2 Activation Layer

The activation layer takes the output of the convolutional layer as the input and performs
some mathematical operations on the input. The activation function introduces non-
linearity to the network. There are several commonly used activation functions:

1. Rectified Linear Unit (ReLU) [201] is often used in CNN. It computes the function
f(z) = max(0,x).

2. Leaky ReLU [187] attempts to fix the "dying ReLLU” problem (gradient vanishing),
and it computes f(z) = 1(x < 0)(az) + L(x >= 0)(x), where « is a small constant.

3. Tanh is another activation function and it is often used in Recurrent Neural Network
(RNN). It computes f(z) = tanh(x).

4. The sigmoid function o(x) = 1/(1 + e™*) and softmax function f(z). = Bx: - are

often used after the classification layer to normalize the output.

2.1.3 Pooling Layer

The pooling layer is often used in CNN to progressively reduce the spatial size of the feature
map, hence, reduce the amount of the parameters and computation in the network. It also
helps to control overfitting. The pooling layer operates independently on every depth slice
of the input and resizes it spatially. The output size is controlled by the filter size, stride
size, and padding size. The most common approach used in pooling is the max pooling
and average pooling. Figure 2.3 shows the result of max pooling using the filter of size 2
X 2, stride 2.
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Figure 2.3: The process of downsampling the feature maps by the pooling layer. Left: The
input feature maps (d x 224 x 224) are pooled with filter of size 2 x 2, stride 2. The size
of the output is d x 112 x 112. Notice that the number of channels of the output remains
the same as the input. Right: Max pooling operation on a depth slice by using a filter of
size 2 X 2 with a stride of 2.

2.1.4 Batch Normalization

Batch Normalization (BN) is proposed by Loffe and Szegedy [I15]. The method was
initially proposed to solve the internal covariate shift. Generally, the output of an activation
layer can be normalized by subtracting the batch mean and dividing by batch standard
deviation. However, simply normalizing the input of each layer may change what the layer
originally represents. To recover the presentation power of each layer and control the shift
and scale level by the model itself. BN adds two trainable parameters to retain the training
effect of each layer. In addition, this method allows us to train the model with a higher
learning rate and reduce the dependence on weight initialization and image preprocessing,
and it also provides some regularization. BN is formulated by the following functions:

1 m
B+ — i
S
og 1 Y (z; — uB)?
o o 2 (2.4
; — uB
T; i K
og + €
where z; € B = {x1,...,x,,} is the input in a mini-batch. ~ and (§ are the learnable

parameters.

2.1.5 Loss Function

To evaluate the model during the training process, we need a loss (cost) function. The loss
function in a supervised learning problem measures the compatibility between a prediction
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and the ground truth label. In a training batch, the loss is the average of the losses for
the inputs. Let s = f(x) be the score function of a NN, which takes the image = as input
and outputs scores for each class. Then, the cross-entropy loss function is formulated as
follows:

L=-Y dilog(y), (2.5)
=1

e’

Yi = W,
where ¢ is the number of classes, y is the ground truth vector for the input, and it is often
one-hot encoded (1 for the ground truth category, 0 otherwise). s; is the predicted score
for class i, and it is often normalized by the softmax function to guarantee the score is

between 0 and 1 and sum to 1. The loss function can be different when training a model
for different tasks.

(2.6)

2.1.6 Optimization

The loss function is used to evaluate the performance of the model of a set of parameters
0. The goal of the optimization is to find # that minimizes the loss. To optimize a function
s = f(z,0), the most original method is to randomly select several #, and then select the
one with the smallest loss value. Another method is to start with a random 6, and then
randomly choose an update direction (perturbation) 66. When the selected perturbation
minimizes the loss, we can update the parameter # = 6 + §6. However, this method is
slow and computationally expensive, especially for a large model. An efficient way is to
calculate the gradient of the loss function with respect to each parameter. Then, we can
update the parameter according to the gradient.

When training the model, we repeatedly calculate the gradient of the loss function
with respect to each parameter and update the parameter. This method is called gradient
descent. Gradient descent is a general way to optimize a deep learning model. For a
deep learning model, to make the model have a good generalization ability, we often use
a large scale dataset (from thousands to millions of samples) to train the model. Hence,
it is wasteful to compute the full loss function over the entire training set to perform only
a single parameter update. It is also unrealistic due to the memory constraints of the
computer. Therefore, a common approach is Stochastic Gradient Descent (SGD), which
computes the gradient over randomly selected batches of the training data and updates
the model’s parameters by a small step:

Ht_;,_l = et — O!VQJ(@t) (27)

where J(6;) is the objective function parameterized by a model’s parameters 6. The learn-
ing rate o determines the size of the steps we take to reach a minimum.

There are several challenges that need to be addressed when optimizing a model:
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e Choosing a proper learning rate can be difficult. A learning rate that is too small
leads to slow convergence, while a large learning rate can hider convergence and cause
the loss function to fluctuate around the minimum or even to diverge. Therefore, a
practical way is to choose a large learning rate at the beginning and then reduce the
learning rate at some point.

e Learning rate schedule can be hard. Learn rate schedules try to adjust the learn-
ing rate during training, i.e., reducing the learning rate according to a pre-defined
schedule or when the change in objective between epochs falls below a threshold.
However, these schedules and thresholds have to be defined in advance and can only
be decided according to the training experience.

e Another key challenge of minimizing the loss function of the neural network is avoid-
ing getting trapped in their numerous sub-optimal local minima. Dauphinet al. [104]
argued that the difficulty arises not from local minima but saddle points, i.e., points
where one dimension slopes up and other slopes down. These saddle points are usu-
ally surrounded by a plateau of the same error, which makes it notoriously hard for
SGD to escape, as the gradient is close to zero in all dimensions.

The descending direction of SGD oscillates a lot between each batch, so it usually takes
a long time to find the minimum. Therefore, Momentum [211] is introduced to improve

SGD:
Vi1 = pug + VoJ (6,),

2.8
01 = 0, — avyy, ( )

where p is the coefficient of the momentum v. Instead of only using the gradient of the
current step to guide the search, momentum accumulates the gradient of the past steps to
determine the update direction. There are several variations of gradient descent algorithm
such as Adagrad [112] and Adam [I54]. A detailed comparison of these optimization
algorithms can be found in Reference [223].

2.1.7 Backpropagation

The backpropagation algorithm works by calculating the gradient of the loss function with
respect to each parameter by the chain rule. During backpropagation, the gradient of each
layer (local gradient) will also be calculated, which avoids the redundant calculation of the
middle terms in the chain rule.

Suppose we have a one-layer neural network, f = x - W is the FC layer, y = o(f) is
the sigmoid activation function, L = %(y — §)?, is the suqare error loss function. Both the
x and W are vectors. Then the gradient of the weight W can be represeted through chain
rule: AL dL dy df

W:d—y*d—?*W:l"T*fU(l—f)*(y—Q)» (2.9)
with the same idea, the gradient of x can be computed as:

dL dL dy df o A
%_d—y*g*%_(y—y) fo(l—f)=w'. (2.10)
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For a multi-layer neural network, it is hard to directly compute the gradient of each
weight. With the chain rule, we only need to calculate the local gradient of each layer and
multiply it with the gradient with regard to its output. This is very helpful, especially
when the neural network is very large.

2.2 Commonly Adopted Backbone Networks

In this article, we mainly introduce the deep learning-based vehicle recognition method,
which primarily relies on CNN. CNN has a great ability to understand image content
and has proven its superiority in many research areas such as classification, segmentation,
detection, and re-identification [174, , |. The general CNN architecture consists of
the convolutional layer, activation layer, pooling layer, and FC layer. A feature extraction
network is constructed by stacking multiple convolutional layers, activation layers, and
pooling layers. The feature extraction network extracts the features of the input image.
Then, the features are sent to the classification network to generate the classification
probabilities for each category. Generally, the classification network is the FC layer, usually
followed by a softmax function or a sigmoid function to normalize the generated scores.

Recently, many works have been proposed to improve CNN. The improvement of CNN
includes: choosing different filter sizes for the convolutional layer, increasing the depth and
width of CNN, and adopting different strategies to stack the convolutional layer. There
are many famous CNN architectures such as LeNet5 [161], AlexNet [158], VGG [233],
GoogLeNet [2141], ResNet [131] and DenseNet [112]. The characteristics of these CNN
architectures are introduced below:

e LeNeth [161] uses five convolutional layers to progressively aggregate simple features
into complicated features. This network is the starting point for many CNN archi-
tectures.

e AlexNet [158] has five convolutional layers and three FC layers. In the ImageNet

Large-Scale Visual Recognition Challenge (ILSVRC) 2012 [224] competition, AlexNet
achieved a classification test error rate of 15.3%, which is 10.9% lower than the second-
best method. CaffeNet[119] has the same structure as AlexNet, only the position of
the pooling layer and normalization layer is different.

e VGG [233] is a popular backbone network. The authors increased the depth of the
network to enhance the feature extraction ability of the network. Unlike LeNet and
AlexNet, which stack filters of different kernel sizes, VGG mainly uses filters with a
kernel size of 3 x 3.

e GoogLleNet [211] is another popular backbone network. It uses a special structure
called Inception. In the Inception module, features are processed simultaneously by
filters of size 1 x 1, 3 x 3, and 5 x 5. The outputs of filters have the same spatial
size and are merged by concatenating along the depth dimension. The 1 x 1 filter is
mainly used to reduce the feature dimension to control the computational complexity.
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Table 2.1: Summary of Commonly Adopted CNN Architectures

Model Characteristics
LeNet5 (1998) [161] Five convolutional layers, one of the earliest CNNs
AlexNet (2012) [158] Five convolutional layers and three FC layers
VGG (2014) [233] Filters with a kernel size of 3 x 3 were mainly used
GoogLeNet (2014) [244] | Inception module (stacking filters of size 1 x 1,3 x 3, and 5 x 5)
ResNet (2015) [134] Residual module (shortcut connection between convolutional layers)
DenseNet (2016) [142] Dense connection among layers

By stacking the Inception module, more convolutional layers can be used to generate
high-dimensional semantic features.

GooglLeNet and the VGG net were the first and second winners of the ILSVRC2014
competition. Their authors both adopted the idea of carefully increasing the depth and
the width of the network to improve the model recognition accuracy. They revealed the
network depth is important for CNN. However, by simply stacking more layers into the
network, a notorious problem of gradient vanishing or exploding occurs. Also, the accuracy
could saturate and then degrade rapidly, even if the very deep CNN starts converging
(degradation problem). ResNet [1341] and DenseNet [112] successfully solved the problem
mentioned above:

e ResNet was proposed in Reference [131]. The core component of ResNet is the Resid-
ual module. The authors built a shortcut among the convolutional layers. Therefore,
the gradient can be better backpropagated to the shallow layers. Consequently, with
the help of the Residual module, ResNet152 stacks 152 convolutional layers, and its
model size is still smaller than VGG [134].

e DenseNet [112] has a dense connectivity pattern. In the [th layer, it has [ inputs.
The inputs are from all the preceding convolutional blocks and are combined by
concatenating. The generated feature maps are passed on to all subsequent L — [
layers. There are @ connections in a L-layer network. These dense connections
improve the gradient backpropagation and allow the reuse of features from different
layers, making the network easier to train. The model size is also reduced, and the
overfitting is effectively suppressed.

The CNN architectures mentioned above were originally proposed for image classifica-
tion. Researchers found that these models have exceptional abilities in feature extraction.
Therefore, these models are often used as the backbone network for different tasks. We
summarize the characteristics of these commonly adopted backbones in Table 2.1.

In the following sections, we provide a systematic review of the works that addressing
different vehicle recognition tasks, i.e., VD, VMMR, VRelID. An overview of the classifica-
tion of deep learning-based vehicle recognition models is shown in Figure 2.4.
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Figure 2.4: The classification of deep learning-based methods for each task.

2.3 Vehicle Detection

Vision-based VD mainly focuses on detecting the vehicles from an image and recognizing
the type of the vehicle. VD method can be widely used in autonomous driving, toll
collection, traffic surveillance, and security-related area (e.g., gate monitoring, suspicious
vehicle searching) [234].

Traditional VD methods rely on extracting handcrafted features such as SIFT, SURF,
HOG, LBP, Haar-like, and optical flow. The introduction and related applications of
these handcrafted features can be found in References [231, 82, , , , , ].
Recently, deep learning-based methods have shown excellent performance in VD. The deep
learning-based VD method is usually developed based on the general object detection
method. Therefore, we will first briefly review the general object detection methods and
then introduce the modification of these methods.

2.3.1 Object Detection Method

Recently, researchers have proposed a significant number of deep learning-based object
detection methods. These methods significantly advance the object detection precision,
and can be classified into two categories: two-stage detector (such as R-CNN [121], Fast-
RCNN [125] and Faster-RCNN [210]), and one-stage detector (such as YOLO [213], SSD
[173], CornerNet [160], and CenterNet [111]).

Two-stage detectors

Two-stage detectors need two steps (i.e., generating region proposals and classifying these
proposals) to get the detection results. R-CNN [124] is one of the earliest deep learning
models that was proposed for the task of object detection. R-CNN uses the Selective Search
[251] method to generate a set of region proposals. Then, these proposals are wrapped to
the same size and sent to CNN to extract features. The Support Vector Machine (SVM)
[96] is used to classify these extracted features. Finally, the Non-Maximum Suppression
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(NMS) method is used to filter these proposals for each class independently. However,
R-CNN has several drawbacks. First, the feature extraction network and the classifier of
R-CNN need to be trained separately, and the training takes a long time. Second, this
model cannot be used for real-time detection as it takes 47 seconds to process one image

[125].

To address the issues mentioned above, Girshick et al. [125] proposed Fast-RCNN.
Instead of feeding the region proposals to CNN, Fast-RCNN directly processes the original
image and obtains the feature maps. Then, the generated region proposals are projected
to the feature maps. A Region of Interest (ROI) pooling layer is introduced to reshape the
selected feature maps to a fixed size so that they can be classified by the FC layers.

Both R-CNN and Fast-RCNN adopts the region proposal methods that cannot be
trained to generate better region proposals. In addition, their region proposal step sig-
nificantly slows down the whole network [216]. Faster-RCNN [216] uses Region Proposal
Network (RPN) to generate the region proposals. RPN uses a small window sliding over
the feature maps. At each feature map location, it simultaneously generates multiple re-
gion proposals. RPN improves the detection accuracy and speed of the detector. RPN also
allows Faster-RCNN to be trained end-to-end. These two-stage detectors usually have high
detection accuracy, but the detection speed is slow and cannot achieve real-time detection.

One-stage detectors

To achieve real-time object detection, one-stage detectors are proposed. One-stage detec-
tors directly predict the bounding box parameters for the objects in the image and classify
these objects at the same time. One-stage detectors often have high detection speed but
relatively low detection precision.

YOLO [213] is a popular one-stage detector. YOLO treats the image as a S x S grid.
Each grid cell can generate B bounding boxes, and each box predicts one object. For each
bounding box, YOLO predicts the center offset (x,y) related to the corresponding grid cell,
the width and height of the bounding box, and the box confidence score. The confidence
score represents whether the cell contains an object. In addition, k class probabilities
are predicted for each grid cell. The final classification scores for the bounding box are
obtained by multiplying confidence scores and the class probabilities. YOLO also applies
NMS to remove duplicate predictions, which increases the mean Average Precision (mAP)
by 2-3%. YOLO can be trained end-to-end, and it can achieve a detection speed of 45
Frames Per Second (FPS) on an NVIDIA Titan X GPU with mAP 63.4% on VOC2007
dataset [117]. YOLO has several drawbacks. First, in YOLO, each grid cell is designed
only to predict a small number of boxes, which limits YOLO’s ability when it comes to
detecting multiple closed objects. Second, YOLO has relatively low recall compared to
two-stage detectors. Furthermore, YOLO makes significant localization errors [211].

YOLOv2 [211] is an extended version of YOLO. The basic structure of the model is
called Darknet-19. YOLOv2 adopts Batch Normalization [116], which can accelerate the
convergence speed and increase mAP by 2%. Instead of using the FC layer to predict the
bounding box parameters, YOLOv2 predicts the offsets and the confidence score for five
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default anchor boxes at each feature map cell. The authors utilized k-means to cluster the
ground-truth bounding box of the objects in the training set to select the size of default
anchor boxes for each feature map cell.

YOLOV3 [215] is a fine-tuned version of YOLOv2. YOLOv3 adopted Darknet-53 as the
feature extraction network. YOLOvV3 predicts bounding boxes from three feature maps of
different scales. In some layers, the feature maps were upsampled and concatenated with
the feature maps generated by earlier layers. The combination allows the model to extract
more fine-grained information.

SSD [173] is another popular one-stage detector. The feature extraction network of SSD
is the truncated VGG-16 [233]. Instead of randomly generating bounding box parameters,
SSD directly predicts the classification results along with the bounding box adjustments
for each default anchor box at each feature map cell. The size of the default anchor boxes
is manually defined and has different scales and aspect ratios. SSD generates predictions
of different scales from different feature maps with different resolutions. The authors’ idea
is to use lower-level layers to predict small objects and higher-level layers to predict large
objects.

YOLOv2, YOLOv3 and SSD all use the anchor box. The use of default anchor boxes
significantly improves the accuracy of these models. However, there are two major draw-
backs: (1) There are many anchor boxes are predicted (e.g., SSD: more than 8K) and only
a small part of them are matched with the ground truth boxes, causing an imbalance in
the number of the positive samples and negative samples. Thus, the training efficiency is
severely affected. (2) A lot of hyperparameters are introduced, such as the size and the
number of default anchor boxes. Researchers need to spend a lot of effort to select these
hyperparameters.

Recently, a new type of one-stage detector for predicting the bounding box has been
proposed. CornerNet [160] does not use the default anchor box. CornerNet conducts
the detection by predicting a pair of keypoints of the object (the top-left keypoint and
the bottom-right keypoint). The feature extraction model is the hourglass network [202],
which has a great ability to generate keypoints of the object. In CornerNet, a novel pooling
layer, corner pooling, is introduced to locate the keypoints of the bounding box.

CenterNet [111] uses three keypoints to locate the object. Each object is represented by
a center keypoint and a pair of corners. The authors proposed the cascade corner pooling
to enrich the information collected by the pair of corners. Moreover, the center pooling is
proposed to collect recognizable information in the central regions. Even though CornerNet
and CenterNet are the one-stage detectors, their detection accuracy is higher than that of
the general two-stage detectors. As these two models use the keypoint instead of the anchor
box to locate the object, they have excellent performance on detecting occluded objects.
The use of keypoints also saving the work of finding a set of default anchor boxes. However,
one of the drawbacks of these two models is they have a relatively low detection speed.
The speed of processing an image of CornerNet511-104 is 300 ms and CentnerNet511-104
is 340 ms [111] (on an NVIDIA Tesla P100 GPU).

These two types of object detection methods have a powerful ability to detect general
objects. The characteristics of these methods are summarized in Table 2.2. Researchers
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Table 2.2: Summary of Commonly Adopted Object Detection Methods

Type Method Backbone Characteristics
R-CNN (2014) [124] AlexNet Selective Search, features are extracted from
each region proposal
Two-stage | Fast-RCNN (2015) [125] VGG Selective Search, ROI pooling layer, proposal
projection, bounding box regression
Faster-RCNN (2015) [216] VGG RPN, anchor box, trained end-to-end
SSD (2016) [173] VGG Multi-layer bounding box prediction, default
anchor box
YOLO (2016) [213] GoogLeNet Dividing the feature map into grid and
One-stage directly predicting bounding box parameter
YOLOv2 (2017) [214] Darknet-19 Default anchor box, multi-scale training,
predicting on each feature map cell
YOLOv3 (2018) [215] Darknet-53 Feature extraction improvement, feature
maps concatenation
CornerNet (2018) [160] Hourglass Pair keypoints detection, corner pooling
CenterNet (2019) [111] Hourglass Three keypoints prediction, center pooling

have made numerous modifications to improve their vehicle detection performance. In the
following section, we will introduce the VD method.

2.3.2 Vehicle Detection Method

Vehicle images are usually captured by the onboard camera or the surveillance camera.
Vehicles in the image can vary significantly in size, and the background is complex and
changeable. Compared with the general object category, the number of vehicle types is
relatively small (around 10 in KITTI [122] and CompCars [265] datasets). Based on these
features, the general object detection method is modified accordingly and adopted for VD.
The modification for the general object detection methods mainly focuses on changing the
feature extraction network and designing a better anchor box selection method.

Feature extraction network improvement

A common approach to improve the model’s detection accuracy and processing speed
is changing the feature extraction network or modifying the two-stage detector’s region
proposal method. The authors in Reference [39] observed that the region proposal methods
[124, , | generate proposals based only on the feature maps of the same scale, which
could cause a mismatch for objects with large scale variations in an image. Therefore, they
used multiple proposal networks to generate object proposals from multiple feature maps
(different resolutions) to detect the objects of different scales. As a result, the model could
generate high-quality proposals.

To take advantage of the smaller receptive region of the lower layers, Gao et al. [121]
combined the multi-layer proposal method (concatenate features from different layers),
multi-scale proposal method (using multiple convolutional kernels like the Inception mod-
ule), and Residual block embedding method (residual module) to improve Faster-RCNN
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for VD. Sang et al. [227] removed the redundant convolutional layers in higher layers
of YOLOvV2 by considering that only six vehicle types need to be distinguished in their
dataset. They also adopted the multi-layer feature fusion strategy to enhance the feature
extraction ability of the network.

Hao et al. [132] proposed a Multi-Target Corner Pooling (MTCP) to locate corners of
the vehicles. A corner matching method is introduced to complement corners when the
vehicles are blocked. Therefore, the proposed vehicle detection model can achieve excellent
performance in complex traffic scenes (e.g., when vehicles are occluded).

Selection of anchor box

The selection of default anchor boxes is also essential to the vehicle detector. Gao et al.
[121] used smaller default anchor boxes to improve the vehicle detection ability of Faster-
RCNN. Sang et al. [227] adopted the k-means++ clustering [27] algorithm to cluster the
bounding boxes of the training images to select the size of the default anchor boxes. Wu et
al. [200] observed that the size of the default boxes selected by the k-means++ algorithm
can help YOLOvV2 to detect the vehicles with the normal size (e.g., sedan), while the
generated boxes are usually not suitable for the vehicles with unusual size (e.g., minivan).
Therefore, the authors extended [227] and proposed Rk-means++ to enhance the model
adaptability to vehicles of various sizes to achieve multi-scale detection. Rk-means++
applies a certain proportion to the two ratios selected by the k-means++ algorithm to
generate anchor boxes that match vehicles with different sizes. Thus, the localization
ability of YOLOvV?2 is improved with the help of the Rk-means++.

Combining different type of information

Another way to improve VD model performance is to combine the vehicle-related informa-
tion obtained by different sensors such as radar and camera. He et al. [137] introduced
a coordinate transformation method to transform the radar information from the radar
coordinate system to the image coordinate system. The combination of radar information
and image information improved the model stability in bad weather conditions. Instead of
extracting the 2D information of the vehicle, Li et al. [162] proposed a video-based vehicle
detector. This detector uses the 3D-CNN to capture the temporal information from video
frames.

Other related work

In addition to the on-road image VD method, another related work is the VD in aerial
(satellite) image. The aerial image is taken by the cameras mounted on the Unmanned
Aerial Vehicle (UAV) or the satellite. The aerial image is usually captured at the height of

100 to 1,000 m (sometimes even higher) [107]. The aerial image has several features: (1)
The size of the vehicles is very small (vehicles only take up 30 x12 pixels in an aerial image
with a resolution of 5,616 x 3,744 pixels [171]); (2) vehicles have various orientations; (3)
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vehicles are usually occluded by objects (e.g., tree); (4) the background is intricate and
some objects can easily cause the false alarm. These four characteristics are the main
challenges of aerial image-based VD methods.

Jiang et al. [151] adopted a graph-based superpixel segmentation method [119] to
segment the image into a set of superpixels, and then used a deep CNN to determine
whether the image patch (superpixel) contained a vehicle. The superpixel segmentation
method could reduce the number of sliding windows used, thereby accelerating the pro-
cessing speed. Deng et al. [107] proposed one network to extract the vehicle-like regions
on combined hierarchical feature maps and another network to predict the orientation and
type of a vehicle. As the original aerial image (5616 x 3744 pixels) is very large, the
authors proposed to crop the original image into 48 image blocks. These image blocks are
stitched together after getting the prediction results.

2.3.3 Summary of Vehicle Detection Method

The two-stage object detectors usually have a high detection accuracy but a relatively low
detection speed. On the contrary, the one-stage object detectors typically have a very fast
detection speed, but the accuracy is relatively low. Aiming at the characteristic of these two
types of object detectors and the features of vehicles, many studies have proposed methods
to improve the model’s accuracy on detecting vehicles while maintaining the detection
speed. The general way of modification can be summarized as follows: (1) Changing the
size of the image. (2) Choosing the size of the default anchor box. (3) Utilizing features
of different scales. (4) Removing redundant layers. Table 2.3 summarizes the backbone,
model type, image type, and characteristics of the vehicle detectors.

As we mentioned before, CornerNet and CenterNet use the keypoint to locate the
object, and these two models have a higher detection accuracy than the general two-
stage detectors. Especially, they have a stable performance on detecting occluded objects.
Therefore, we believe using the keypoint is the future direction to improve the performance
of vehicle detectors.

2.4 Vehicle Make and Model Recognition

After locating vehicles in the image using the VD method we mentioned above, vehi-
cles are cropped out from the original image and then sent to the VMMR module for
finer recognition. In this section, we will review the deep learning-based method that is
aimed at addressing the VMMR task. Various deep learning-based methods have been
proposed to solve the VMMR problem, such as the part detector-based method, recurrent
attention-based method, and feed-forward attention-based method. In addition, VMMR
is the subcategory of fine-grained recognition, therefore, some related methods are also
introduced. In the following, we will introduce these models comprehensively.

22



Table 2.3: Summary of Vehicle Detection Methods

Model Type | Method | Image Type Backbone Characteristics Comments
MS- On-road Faster-RCNN | Multi-scale region The model
DCNN proposal generates high
(2016) quality region

proposals
Gao et On-road Faster-RCNN | Using small scale Excellent
Two-stage al. (2017) default anchor box, performance on
[121] feature maps detecting small
concatenation vehicles
Jiang et Aerial - Superpixel Superpixel
al. (2015) segmentation segmentation
[151] method, sliding method can
window region accelerate the
proposal detection speed
Deng et Aerial Faster-RCNN | Region proposal on High
al. (2017) combined computational cost
[107] hierarchical feature | and low detection
maps speed
Sang et On-road YOLOv2 K-means++ Strong weather
al. (2018) default anchor box adaptability
[227] selection, (daytime and
multi-layer feature night)
fusion, loss refine
He et al. On-road YOLOv2 Coordinate Stable performance
One-stage (2018) transforming in bad weather
[137] method, radar and conditions
image information
fusing
3D- On-road YOLOv2 Combining Better performance
DETNet temporal than YOLO on
(2018) information, focal rainy and night
[162] loss scenarios
Hao et al. On-road CornerNet Multi-target corner Excellent
(2019) pooling layer, performance when

[132]

corner matching

vehicles are
occluded
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2.4.1 Part Detector-based Method

VMMR can be considered as a special scenario of image classification. VMMR requires
the model to have the ability to extract subtle features of a vehicle. Part detector-based
methods address the VMMR problem by using different strategies (e.g., adopting an object
detector or grouping filter channels as the part detector) to locate the discriminative parts
(e.g., headlight, wheel) of a vehicle. Then, the selected part regions are sent to the feature
extraction network to extract the features of these parts. Finally, part features and global
features are processed by the classification network to generate the classification probabil-
ities for each category. Generally, the final probability of each category is the average of
all the classification results. The vehicle model of the input image is the category with
the highest probability. The detailed information of these part detector-based methods is
introduced below.

Object detector as the part detector

A Part-based R-CNN was proposed in Reference [278]. In their work, R-CNN was adopted
to detect an object and localize its semantic parts (e.g., bird head, dog nose). The object
and its parts were initially considered as independent object categories. A one-versus all
linear SVM was trained based on the features of the region proposals to score each region.
More specifically, each candidate detection region is assigned a score of w! f(z), where w;
is the learned SVM weight for region z, f(z) is the feature (extracted by CNN) of the
candidate region. A region with an overlap >0.7 with any ground-truth bounding box
(object or part) is taken as a positive for that object or part, and a negative region has
an overlap <0.3 with any ground-truth box. Then, one object detector and several part
detectors are trained with the help of object bounding box annotations and semantic part
annotations. In addition, geometric constraint functions were proposed to constrain each
part detector to detect the corresponding part. Similarly, Huang et al. [143] also adopted
R-CNN as the part detector. In their model, they trained one global vehicle detector and
seven part detectors (i.e., left and right turn signal lamps, two front lights, two rear-view
mirrors, and one air-inlet grille). Liu et al. [178] trained a part localizer and a multi-label
predictor for each part with the part attribute descriptions (e.g., wing color gray of a bird).

For these methods [278, , |, they have an excellent performance in localizing
parts. However, the part bounding box annotation or the part attribute descriptions need
to be provided to train the model, which may limit the application of these methods,
since not all datasets provide these detailed annotations. Besides, the human-defined part
labels may introduce noise and prevent the model from achieving optimal performance.
Therefore, some part detector-based methods were proposed, which do not require the
part annotations to train the model.

Segmentation

According to the observation that fine-grained categories (e.g., different vehicle models
within the same type) share similar shapes, Krause et al. [150] found the fine-grained
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objects can be aligned via segmentation (partitioning image into different parts at the
pixel level), and a figure-ground segmentation was sufficient to determine the pose of the
object and locate its parts. Therefore, the authors extended the co-segmentation [127]
method to segment the parts of the object, and aligned pairs of images with similar poses.
Then, the authors sampled points across all images based on these alignments. A fixed
area (corresponding to the bounding box of the object) around each point was taken as a
part region. Although the authors adopted R-CNN as the object detector to detect the
object during testing, their model does not require part annotation.

Filter as the part detector

Alternatively, some methods [201, | group the filter channels as the part detector. A
two-level attention model was proposed in Reference [261]. For object-level attention,
the authors trained a CNN (FilterNet) to predict the general object category (e.g., cat,
vehicle, dog) of an image. They adopted Selective Search to generate multi-scale and
multi-view region proposals. Then, these proposals were sent to FilterNet to filter out
the proposals (according to the generated object score) that not relevant to the object.
Then, the selected patches were used to train another CNN (DomainNet). By calculating
the cosine similarity of the filters in the Conv4 layer of DomainNet (AlexNet), filters were
clustered into groups and served as part detectors (part-level attention). Each group of
filters pays more attention to a particular part (e.g., one group of filters focuses on the
headlight, and another focuses on the logo). Similarly, Zhang et al. [281] found that some
filter channels could respond to specific patterns consistently (e.g., one channel always
has a high response to a particular part). Therefore, they proposed a two-step picking
strategy to pick up some distinctive filter channels as a set of part detectors. Wang et
al. [255] proposed a Discriminative Filter Learning (DFL) module. In the DFL module,
the 1 x 1 filters were taken as the patch detectors to generate patch response maps. The
authors introduced a Cross-Channel Pooling layer to supervise the patch detectors. The
filter supervision significantly improves model performance. These models [261, , ]
do not require the use of the object-level bounding box.

Feature map as the part detector

The feature map can also indicate the location of the part. Cross-domain hallucination
network was proposed in Reference [165]. The authors proposed to use the hallucination
network to reconstruct the low-resolution surveillance images under the guidance of the
high-resolution web images (the same vehicle models). Then, some channels of the feature
maps with maximum responses to some parts are manually selected. The part regions of
the vehicle are cropped from the original image according to the selected locations of the
cells in the feature map. However, manually selecting the feature map is time-consuming
and error-prone. More efficient ways of using the feature map will be introduced in the
next sections.
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Table 2.4: Overview of Representative Part Detector-based Recognition Methods. OP:
object detector as the part detector, SEG: segmentation, FP: filter as the part detector,
MP: feature map as the part detector

Method Backbone Characteristics Comments
Zhang et al. | CaffeNet OP, part detector (R-CNN), The geometric constraint function
(2014) [278] geometric constraint function significantly helps the model localize
the object and its parts
Krause et al. VGG SEG, object detector Requires bounding box to refine
(2015) [156] (R-CNN), sampling points segments; the model accurately
from alignments extracts the foreground
Xiao et al. AlexNet FP, selective search, filter Low recognition accuracy; part
(2015) [261] cluster according to cosine localization without using the
similarity bounding box
Zhang et al. VGG FP, selective search, picking High small objects recognition
(2016) [281] filter channels as part detectors accuracy; part localization without
based on the response scores using the bounding box
Huang et al. AlexNet | OP, one global vehicle detector Only tested on a small dataset; low
(2016) [143] and seven part detectors recognition accuracy
(R-CNN)
DFL-CNN VGG FP, patch response maps, High accuracy on recognizing objects
(2018) [255] patch filter supervision of different sizes; simple and efficient;
end-to-end training
Lin et al. CaffeNet | MP, image reconstruction, part | Mannully selecting the feature map as
(2018) [165] hallucination network the part detector is time-consuming
and error-prone
Summary

In general, the ways of part detector-based models detect the part regions are: (1) using
the object detector; (2) sampling points from alignments; (3) grouping the filter channel;
(4) directly cropping the region with high activation values in the feature map. These
models often require multi-step training. In Table 2.4, we summarize the features of the
part detector-based recognition methods. We noticed that part detector-based models still
have relatively low recognition accuracy even though they adopted some great methods to
locate an object’s discriminative parts. By analyzing these models, we believe that these
models’ accuracy can be further improved by choosing a more powerful standard CNN
architecture (e.g., ResNet, DenseNet) as the backbone.

2.4.2 Feed-forward Attention-based Method

Incorporating the feed-forward attention mechanism is another way to enhance the stan-
dard CNN architectures. These models expand the CNN architectures by generating the
attention masks based on the generated feature maps. These attention masks are then used
to attend the feature maps to select the discriminative regions of an image. In addition,
generating the bilinear feature to capture the pair-wise feature interaction can also improve
the model performance.
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Attention map-based methods

Zagoruyko et al. [273] proposed activation-based and gradient-based attention transfer
methods to train a teacher-student network. More specifically, for the activation-based
attention transfer method, the authors introduced three attention mapping functions to
generate attention maps:

C C
FomlZ) =) |2, Foum(Z) =) |12, Fhop(Z) = mazim,.c|Zil", (2.11)
i=1 i=1

where Z € RT*WXC represents the feature maps, H and W denote the height and width
of the feature maps, C is the channel of the feature maps, Z; = Z(:,:,i), p > 1. By
observing the attention map, the authors found that in the lower layer, the activation
value of the attention map is high for some points, in the middle layer, the activation
value is high for some regions such as a human’s mouth or a vehicle’s lights, and in the
top layers, the attention map focuses on a larger area. (e.g., the human face). For the
gradient-based attention, the authors defined the attention as the gradient with regard to
the input. Both attention transfer methods can improve the performance of the student
network, and activation-based attention works better. Spatially Weighted Pooling (SWP)
[111] directly predefines a set of spatially weighted masks and takes them as the attention
maps to pool the image features.

Multi-Attention CNN (MA-CNN) was introduced in [287]. In this model, a channel
grouping layer was proposed to the cluster channels of the feature maps, and these channels
respond to spatially correlated patterns. The attention map is the weighted sum of these
channels. More specifically, the authors defined N FC layers to regress the channels of
feature maps into N groups to detect N parts. Each FC layer takes the feature maps of
the image as input and produces a vector V;(Z) = [v1, ..., v ] over different C' channels. The
scalar v; indicates whether the channel j belongs to part i. A part attention map M;(Z)
is then defined as follows:

C
M(Z) = U(Z v * [Z);), (2.12)

where Z represents the feature maps, [Z]; denotes the 4% channel of Z, and o denotes the
sigmoid function. The attention map M;(Z) is then used to pool Z to generate the part
features:

C
Pi(2) =) _(12];0 Mi(2)), (2.13)

where ® denotes the element-wise product. Finally, the part features and the global object
feature are concatenated together and classified by the FC layer.

Instead of localizing the larger parts from the original image and then localizing the
smaller parts from the larger parts as Recurrent Attention CNN (RA-CNN) [120], Multi-
part Convolutional Attention Network (M-CAN) [290] simultaneously learns discriminative
object parts from feature maps of different scales. To remove the background noise, the

27



authors used the Class Activation Map [292] as the object detector to select the object
features. Then, the selected object features of different scales were sent to the part localiza-
tion network. In the part localization network, the deconvolutional layer [275] was adopted
to generate a single-channel attention map. The highest value in the generated attention
map was taken as the part region. Rodriguez et al. [222] proposed a modular attention
architecture. The attention map is generated by a convolutional layer and normalized by
a spatial softmax function. The module can be added to any layer of the current existing
CNN architectures, so it is a flexible architecture and can be trained in parallel to the
original network. Jetley et al. [118] defined a compatibility function, which combines the
weighted local feature and global feature, forcing the model to focus on the salient region
of the image and suppress the background information.

BCNN:-liked methods

Bilinear CNN (BCNN) was proposed in Reference [166]. In this model, two CNNs were
utilized to generate two distinctive feature representations. The authors’ motivation was
to use one network to locate discriminative parts, and another to extract the features of
these part regions. These two representations were combined together through an outer
product, obtaining a global image representation (bilinear vector). Let Z, € R#*W*Ce and
Z, € REXWXG denote the feature maps generated by two CNNs. The bilinear feature at
location [ is defined as follows:

B(Z7Za7Zb) = Za(l)TZb(l)v (214)

where Z,(I) € R™C%, B € REXWxCCh  Then, the bilinear feature is processed either by
summing or max pooling along the spatial location, obtaining the bilinear vector. The
authors also showed the relationship between the bilinear model and various orderless
texture descriptors such as Bag-of-Visual-Words model [102].

As the generated bilinear feature is a high-dimensional image representation, the com-
putational cost is very high. There are many methods [155, , ] proposed to improve
BCNN. Kong et al. [155] introduced a low-rank bilinear classifier to approximate the high-
dimensional bilinear feature, which significantly reduced the computational complexity.
The size of the proposed model is 0.8 MB, while the original BCNN is 200 MB [155], and
they have a similar recognition accuracy. BCNN only utilized the feature representation
generated by the last convolutional layer. This feature representation is insufficient to
capture all discriminative part features [270]. In Reference [270], a Cross-layer Bilinear
Pooling (CBP) method is proposed to obtain the inter-layer part feature interaction. The
authors cascaded multiple CBP modules and constructed a Hierarchical Bilinear Pooling
(HBP) framework to capture multiple inter-layer feature interactions. HBP uses all the
information of the feature maps. The information can contain noisy features, which may
degrade the final recognition accuracy [246]. Tan et al. [240] introduced an Aggregated
Slack Mask model to selectively extract salient features from multiple layers, thereby mak-
ing up for the drawback of the HBP framework. The slack mask is a binary image mask
generated based on the feature maps.
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Table 2.5: Overview of Representative Feed-forward Attention-based Methods. AM: at-
tention map-based method, BL: BCNN-liked method

Method Backbone Characteristics Comments
BCNN (2015) VGG BL, feature maps High computational cost; provided a
[166] combination through outer way of extracting discriminative
product features
Zagoruyko et al. WRN AM, teacher-student Explored the working mechanism of
(2016) [273] [272], network, attention transfer the attention map; results show
ResNet study activation-based attention works
better
MA-CNN (2017) VGG AM, channel grouping layer, Accurate multi-part localization
[287] channel grouping loss without using bounding box
annotation
Kong et al. VGG BL, low-rank bilinear Very small model size; comparable
(2017) [155] classifier recognition accuracy with BCNN
Jetley et al. VGG AM, compatibility function Shows the effectiveness of attention
(2018) [148] combine local and global in multiple applications; the model is
features robust to adversarial attacks
Rodriguez et al. WRN AM, modular attention Small model size, fast recognition
(2018) [222] architecture speed
M-CAN (2018) VGG AM, simultaneously extract | Fast attention process; relatively low
[290] multi-scale part features recognition accuracy
Tan et al. ResNet BL, selectively extracting High accuracy on recognizing large
(2019) [246] features with the slack mask objects
Summary

In this section, we introduced different methods for generating and using the attention
map to select discriminative features. Moreover, the mechanism and the improvement of
BCNN were introduced accordingly. Feed-forward attention-based methods usually can be

trained end-to-end and have a high recognition speed. The features of these methods are
shown in Table 2.5.

The BCNN-liked models often directly use the feature maps without feature selection.
We think BCNN-liked models can be further improved by using the attention map to select
the discriminative features.

2.4.3 Recurrent Attention-based Method

The recurrent attention-based method is inspired by the observation that humans tend to
focus their attention on parts of a scene within multiple glimpses because of their built-in
visual and biological attention mechanisms [103]. Inspired by the biological attention mech-
anisms, Recurrent Neural Networks (RNNs), such as Long-Short-Term Memory (LSTM)
[139], are introduced to combine with the CNNs, which allow models [281, 259] to pay at-
tention to different discriminative parts of the object. Similarly, some methods [179, ]
adopt the Reinforcement Learning (RL) algorithm to train a network to selectively find
the semantic region of an object without using the part annotations. In addition, some
methods [120, | adopt a coarse-to-fine strategy to recognize the object.
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Incorporating RNIN

Diversified Visual Attention Network (DVAN) [281] combines LSTM to extract the features
of semantic parts through multiple timesteps. In DVAN, a window is utilized to slide over
the original image to generate diversified attention canvases (region proposals). These
attention canvases were resized to the same size, and then sequentially processed by VGG
to extract features. The generated feature maps were sent to the proposed Visual Attention
Model (VAM) to generate attentive features for different parts. VAM consists of the
LSTM. Different parts are found through multiple timesteps. During each timestep, VAM
generates an attention map that focuses on a region of the feature maps. The attention
map is generated by integrating the hidden state of LSTM and feature maps Z;:
exp(Wg:»ht_l + ngZt)

)

Z]I.fl exp(Wg:jht_l + T/I/'ITJZt)7

(2.15)

lyi =

where [, ; is the value of i location of the attention map [ at time ¢, h; is the hidden state
of LSTM. The attention map can focus on K? location of Z;. The attentive feature z, is the
input of LSTM and it is generated by using the attention map to pool Z;: z; = Zfi ltiZ4 ;.
The hidden state h; is also used as the feature for classification. This model can locate
different prominent regions of the object. However, DVAN has a relatively low recognition
accuracy compared to other recurrent attention-based models, and the whole model needs
to be trained separately.

In BCNN [166], the pooled bilinear features are summed along the spatial location,
which ignores the location information of the features. To preserve the location informa-
tion, Wu et al. [259] introduced a Spatial LSTM to generate spatially meaningful hidden
representations. These hidden representations can capture the spatial relationship of part
features.

Reinforcement Learning

Fully Convolutional Attention Network (FCAN) was proposed in Reference [179]. The
attention procedure was formulated into a Markov Decision Process. The authors reused
the same feature maps across all time steps. At each timestep, the model samples an
attention location [, according to the attention selection policy. The RL algorithm was
used to optimize the attention network to focus on discriminative regions. The reward
strategy is: at the first timestep, the attention network can receive a reward if the image
is classified correctly; at other time steps, a reward is given when the image is correctly
classified and the loss decreases. Otherwise, there is no reward. The model achieves a
high recognition accuracy, but it requires multi-step training. Zhao et al. [285] proposed a
visual attention module. The module constructs the attention map matrix according to a
selected attention location, and the matrix is used to transform a raw image into a focused
image (i.e., one part clear and others fuzzy). To find a good attention location, the authors
adopted the Q-learning algorithm to find the key areas of the image.
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Coarse-to-fine

Fang et al. [1 18] proposed a coarse-to-fine strategy, which iteratively generates finer parts
according to the heatmap. The heatmap is an average of the channels of the feature maps
of all training images. The obviously isolated tight rectangular blocks in the heatmap were
selected as the discriminative region. Fu et al. [120] proposed a RA-CNN, which iteratively
extracts the finer discriminative region and produces classification results for each scale.
The general structure of RA-CNN consists of the feature extraction network, Attention
Proposal Network (APN) and classification network, and the general structure is stacked
twice. In APN, a FC layer is used to generate the part region: [iy,i,,%] = f(Z), where Z
represents the feature maps, f(-) represents the FC layers, i,, 4, and 4; present the center
coordinates and length of the predicted square region . The region is then represented by
a top-left (tl) point and a bottom-right (br) point. Then, an attention map is generated
based on the location information. An element-wise multiplication is performed between
the input image and the attention mask to crop the selected region X% from the input
image X:

X =X O M(iy, iy, i) (2.16)

M() = [h(ZE - Zx(tl)) - h($ - Zl‘(bT‘))] : [h(y - iy(tl)) - h(y - iy(br))] (217)

where h(-) = 1/(1 + exp~*®). When k is large, M(-) works as the two-dimensional box-
car function (attention map) where the value of the selected regions is one, others are
zero. M (-) can be used to approximate the cropping operation and the parameters can be
optimized through backpropagation. To get a finer part region, X is amplified to the
same size as the input image with the bilinear interpolation function and took as the input
of the next feature extraction network. The model has excellent performance, and more
importantly, the training of RA-CNN only needs category labels.

Similarly, Simonelli et al. [232] constructed a model, which is an ensemble of n same
structure networks, to sequentially process and zoom the image. The zoomed image is pro-
duced by a proposed focus module. The module contains a binary mask that is generated
based on the weights of a linear classifier. Tian et al. [219] proposed a Selective Multi-
Convolutional Region (SMCR) feature extraction method. This method extracts coarse
local feature regions by comparing the activation value in the heatmap with the mean ac-
tivation value. The heatmap is generated by summing the feature maps along the channel
direction. The author introduces an attention module similar to APN, which extracts finer
part features in an iterative manner. Zheng et al. [236] proposed a progressive-attention

CNN by extending the MA-CNN.

The aforementioned models [120), , , ] can achieve high recognition accuracy,
but they have a large model size and require fine-tune the submodels separately (multi-step
training). Liu et al. [169] proposed a Bidirectional Attention-Recognition Model. In this
model, an attention agent (RPN) was used to propose part regions, and a recognition agent
was used to extract the region features. The recognition result from the recognition agent
is transferred to the attention agent through a feedback path so that the two agents can
reinforce each other. Thus, the model can be trained end-to-end. In addition, the authors
proposed a Multiple Random Erasing data augmentation method. This method randomly

31



Table 2.6: Overview of Representative Recurrent Attention-based Methods. IRNN: incor-
porating RNN, RL: reinforcement learning, CTF: coarse-to-fine

Method Backbone Characteristics Comments
FCAN ResNet RL, reusing the same High recognition accuracy; the model
(2016) [179] feature maps can effectively locate different part
regions
DVAN VGG, LSTM | IRNN, attention canvas low recognition accuracy; the attention
(2017) [281] generation, diversified canvas generation is a fixed process, and
attention regions a better canvas cannot be obtained
through training
RA-CNN VGG CTF, stacking CNNs to large model size; high part localization
(2017) [120] extract features of accuracy
different scales
Zhao et al. VGG RL, focused image, Only tested on small scale datasets;
(2017) [285) Q-learning unclear model performance when
vehicle pose changes
ID-CNN VGG CTF, SMCR feature Stable performance when vehicle pose
(2018) [249] extraction, iteratively changes
part cropping
Wu et al. VGG, LSTM | IRNN, Bilinear pooling, Excellent performance on recognizing
(2019) [259] spatial recursive encoding small objects; LSTM can help the
with attention model keep the spatial relationship of
different parts
Zheng et al. VGG CTF, Part features are Accurate finer part localization ability;
(2020) [236] extracted progressively long training time; many
hyperparameters

selects multiple rectangle areas of the training image and erases their pixels with random
values. Ma et al. [185] proposed a Recurrent Attention Unit to recurrently extract and
combine discriminative features of different scales.

Summary

The recurrent attention-based method can generate an attention location based on the past
attention location, which enables the model to focus on different discriminative regions of
an object. The features of these recurrent attention-based methods are shown in Table 2.6.
This type of method achieves high recognition accuracy by accurately locating different or
finer discriminate regions of the object. However, one weakness of this type of method is
that the submodules of these models usually need to be fine-tuned separately to achieve
optimal recognition results.

For the models of coarse-to-fine subcategories, they either stack networks of the same
structure multiple times or consist of multiple subnetworks, which makes them have a large
model size. For future work, more efforts can be made to simplify the models to allow them
to work in a portable device and have a faster recognition speed.
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2.4.4 Other VMMR Methods

There are some methods that do not belong to any of the categories we mentioned above,
but they provide potential directions to improve the model. Xie et al. [263] collected
super-type hyper class images (coarse class labels, e.g., car, cat) and factor-type hyper
class images (different view of fine-grained class labels, e.g., front view of Audi Q5) as the
auxiliary datasets to augment model training. Sochor et al. [230] utilized the 3D bounding
box annotation. These annotations allow each side of the vehicle (e.g., roof, front, rear) to
be identified. Relying on the 3D bounding box annotation, the image is unpacked into a
plane, and the sides are encoded as three 2D vectors.

In Reference [280], the classification and similarity constraint of the fine-grained repre-
sentations are jointly optimized. Instead of learning one image feature representation once
a time, the network took four images as the input of a CNN to generate four image feature
representations. The authors developed the triplet loss (will introduce in Section 2.5.1) to
a quadruplet loss L(a,xt, 27 n, my, ms):

N
1
L= N ;max{o, D(a;, %) — D(aj, ™) +my —ma}
- (2.18)
+ L Zmax{o D(a;,x™) — D(a;,n;) +ma}
IN - ) (3] iy 1 24

where z is the image of the same fine-grained class as a (the same vehicle make and
model), = is the image of the same coarse class as a (the same vehicle make), n is the
negative sample (different vehicle make and model), D(z,y) is the distance function, and
my and msy are the margins. The quadruple loss can be seen as a combination of two triplet
losses. The negative sample set in the triplet is further classified into two subsets.

FC layer is often employed to produce the probability for each class. In the original
Cross-Entropy Loss (CEL) function, only the probability related to the ground-truth class
is optimized in a training batch, the probability of other classes is ignored. In Reference
[163], a Dual CEL (DCEL) was proposed to constrain the increase of non-ground-truth
class probabilities. Chen et al. [92] outlined a progressive transfer learning problem and
proposed a hierarchical transfer learning approach for fine-grained recognition. In their
work, multiple Generative Adversarial Networks (GANs) [120] (generators for different
classes and discriminators with different scales) are used to learn transferable information.
Ma et al. [186] proposed a Channel Max Pooling (CMP) layer. CMP conducts the max
pooling operation along the channel direction of the feature maps. CMP layer gathers the
significant features of different feature maps and can reduce the number of channels of the
feature maps. Table 2.7 summarizes the characteristics of the related VMMR, methods
introduced in this section.

2.4.5 Summary of Vehicle Make and Model Recognition Method

For the VMMR method, the goal is to find the discriminative parts of the vehicle and rely
on these subtle appearance differences to recognize the model information. The general
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Table 2.7: Other Representative VMMR Methods

Method Backbone Characteristics Comments
Xie et al. AlexNet Hyper class data The work provides an effective data
(2015) [263] augmentation and augmentation approach
regularized learning
Sochor et al. VGG 3D bounding box The work provides a way of using
(2016) [2306] information encoding the 3D bounding box
Zhange et al. GoogLeNet Quadruplet loss, Efficient training strategy
(2016) [280] multitask learning
Li et al. VGG, DenseNet | Dual cross-entropy loss Training with the DCEL function
(2019) [163] results in fast convergence and high
model performance
Chen et al. ResNet Hierarchical multi-scale | A new transfer learning method for
(2019) [92] adversarial Network fine-grained recognition
CMP (2019) DenseNet Channel-wise max CMP layer can simultaneously

[186] pooling layer improve the model performance and

reduce the model size

approach is to use the part detector to locate the part regions and extract their features.
Some methods directly use the object detection network to detect the part regions. How-
ever, this type of method often requires extra part annotations, and the region proposal
procedure is time-consuming. To speed up the region selection procedure, some methods
were proposed to group the filter channels as the part detector. Inspired by the human
attention mechanism, the recurrent attention-based methods iteratively extract finer or
different discriminative part features. This type of method can achieve high recognition
accuracy, but they often require multi-step training. The feed-forward attention-based
model is relying on generating the attention map to help the model extract discrimina-
tive features along the feed-forward convolution process. Moreover, BCNN was proposed
to generate pair-wise feature interactions. The feed-forward attention-based model can
achieve high recognition accuracy at a relatively faster speed. We also introduced the re-
lated VMMR methods that do not belong to the three types of methods mentioned above.
We hope these methods can also inspire researchers and provide potential ways to build a
better recognition model.

2.5 Vehicle Re-identification

The VMMR module filters out a large number of vehicles. The rest of the images are
sent to the VRelD module to precisely search the target vehicle. In addition, the VRelD
module can also directly process the vehicles extracted by the VD module. Most of the
traditional VRelID methods rely on different sensors such as inductive loop detectors and
wireless magnetic sensors [152]. Traditional VRelD is mainly used for deriving the vehicle’s
travel time (time taken by a vehicle to go from one location to another) for traffic analysis
and management. Considering the high extra cost and environmental sensitivity of the
sensors, the sensor-based VRelD method is not a good option for surveillance. A recent
explosion in the use of surveillance cameras makes vision-based VRelD a new demand in
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the public security system. The vision-based VRelD system is an essential part of I'TS and
has been widely used in many fields such as surveillance and social security:

1. Travel time: If the spatial-temporal information is available, then the travel time can
be calculated. The travel time is useful for traffic operations, planning, and control.

2. Social security: When a vehicle is stolen or robbed by the criminal, VRelD methods
can help the police quickly search the target vehicle.

The vision-based VRelD method finds a target vehicle from the candidates by compar-
ing the feature distance of the anchor (query) image and candidates. For example, CNN
is first used to extract the features of all images. Then, a FC layer is used to generate
a n-dimensional vector for each image. Instead of using the softmax function to generate
classification probabilities of each category, the n dimensional vector is used to calculate
the Euclidean distance between the anchor image and other images. The image with the
shortest distance from the anchor image is taken as the target image.

According to the feature type, the methods that address the VRelD task can be clas-
sified into three categories: single-view appearance feature-based method, appearance
and additional information-combined method, and multi-view appearance feature-based
method. In the following section, we will first introduce the backbone of VReID method,
and then introduce the development and comparison of each type of method.

2.5.1 Backbone of Vehicle Re-identification

VRelD requires to identify and verify vehicles. Therefore, simultaneously learning the
features of two or three images is a common way to train a model. The idea is to reduce
the feature distance of the same vehicle and increase the feature distances of different
vehicles. The Siamese Neural Network (SNN) and triplet loss function are commonly used
in many models.

Siamese Neural Network

SNN [88] is widely used in VRelD, due to its special structure. Bromley et al. [38]
introduced SNN to solve the signature verification problem. SNN represents a special
structure, and it consists of twin networks to receive two images as the inputs, which are
then jointly evaluated. The loss function can simultaneously optimize the feature distances
of the input image pair. The parameters of the twin networks are often shared.

Triplet loss
The triplet loss network is another backbone network. In a triplet loss network, the input

is three images (triplet) {a, 2P, 2"}. In the triplet, a is the vehicle anchor (query) image,
xP (positive sample) is the same vehicle as a. In contrast, 2" (negative sample) indicates
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the vehicles different than a. The feature representation of the input image x is denoted
as f(z). The loss function of the network is defined as:

L= Zmax{l\f(ai) — f@)|; + o = |If(a:) = f(=™)]]3, 0}, (2.19)

where N is the number of the samples, « is the minimum margin. The function pulls the
images belonging to the same vehicle closer, and pushes the images of different vehicles
away.

2.5.2 Single-view Appearance Feature-based Method

Single-view appearance feature-based methods directly use features of originally captured
views (the appearance features of the input image). The vehicle similarity is determined
by calculating the feature distance of the extracted single-view features of the query image
and candidates. Different ways to improve this type of method are concluded as follows:

1. Feature Extraction Network Improvement: Intuitively, to get a good feature repre-
sentation, many approaches have focused on improving the feature extraction ability
of the model and extracting various types of appearance features (e.g., texture, color,
semantic features).

2. Loss Function Improvement: Loss function is improved to learn the inter-class dif-
ference and intra-class variance.

3. Sampling Method Improvement: Models are usually trained with the triplet loss
function, and the model performance is sensitive to the triplet selection. Therefore,
a good sampling method can help the model converge fast and get good performance.

4. Combining other information: When the license plate information or the spatial-
temporal information is available, the information can help improve the verification
precision.

Feature extraction network improvement

The feature extraction network improvement is a general way to improve the model’s
performance. Liu et al. [175] compared the handcrafted feature-based method with the
CNN-based method for VRelD. Then, they proposed a Fusion of Attributes and Color
feaTures (FACT) model. The model combines the handcrafted feature (color, texture) and
the semantic feature (generated by CNN). In their work, the authors first calculated the
rank scores of each image according to the color-based feature, texture-based feature, and
semantic feature, respectively. Then the scores were summed with different weights based
on the results of the experiments. The combination of handcrafted features and high-level
semantic features improves the feature representation of the model.
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However, simply combining different types of features has limitations in improving
model performance. The combination of handcrafted features with semantic features may
prevent the deep learning model from achieving higher accuracy. Jiang et al. [150] found
different CNN architectures are sensitive to different attributes. They adopted the CaffeNet
to extract color features, GoogLeNet to extract the vehicle model attribute, and DenseNet
to learn discriminant appearance features. Instead of combining these features, they set
color and model attributes as the filter conditions. The appearance feature distances are
calculated only when two images have similar color and model attributes. The strategy
accelerates the verification speed, and the model achieves a high reidentification accuracy.
A Shortly and Densely Connected CNN was proposed in Reference [29%], which was con-
structed by considering the advantage of VGG structure (a shortlist of convolutional layers)
and DenseNet structure (the dense connection between each layer).

The models mentioned above mainly focus on extracting global features. However, ve-
hicles of the same model have a very similar global shape, and it is difficult to distinguish
different vehicles only based on global features. Some small parts, such as decorations and
the window region, can provide very useful information when verifying vehicles. In Refer-
ence [133], the authors selected and labeled three vehicle parts (i.e., lights, window, brand)
and trained a part detector (YOLO) to locate these parts. Vehicles were verified based
on these part features and global features. Guo et al. [128] extended their coarse-to-fine
model [129] by introducing a two-level attention network. First, the Spatial Transformer
Network (STN) [117] was adopted to locate two vehicle parts (i.e., window screen and
car-head parts). Then, they adopted a residual attention module to extract discrimina-
tive visual cues at the pixel level. This model needs to use a detection network to obtain
the prior knowledge parameters for STN. Qian et al. [210] proposed a Stripe-based and
Attribute-aware Network (SAN). The stripe-based branch is used to extract the part-level
features through a horizontal average pooling layer. The attribute-aware branch uses two
FC layers to predict the vehicle ID and vehicle model/type information. The model has a
simple structure and achieves higher accuracy than other complex models.

Loss function improvement

The triplet loss function is commonly used to optimize the VRelID model. However, in some
situations, the triplet loss function does not perform well [170]. Figure 2.5 (a) shows two
cases of distance between samples. In case 1, the triplet loss function can easily optimize the
feature distance between the samples because the feature distance between the anchor and
the positive sample (intra-class distance) is larger than the feature distance between the
anchor and negative sample (inter-class distance). In case 2, the triplet loss function will
neglect the two triplets (this situation would slow down the model convergence) because
the intra-class distance is indeed smaller than the inter-class distance. The small distance
between the negative sample and the positive sample may cause a failure when verifying
two vehicles.

Liu et al. [170] proposed the Deep Relative Distance Learning (DRDL) model. In their
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Figure 2.5: Tlustration of the general triplet loss function and Coupled Clusters Loss
function. (a) Triplet loss function only has the inter-class constraint, and is sensitive to
the triplet selection. In case 1, the triplet loss function works fine. However, in case 2, the
triplet loss function ignores optimizing the two circled triplets. (b) Coupled Clusters Loss
function solves the problem of case 2, but the intra-class variance is still ignored.

work, they introduced a Coupled Clusters Loss (CCL) function:
NP
L(e?, X7, X") = ) max{0, ||f (@) — &[5+ ar = [If(22) — |3}, (2.20)

where N? is the number of samples, X? is the positive sample set, X™ is the negative sample
set, ¢? is the mean value of all the positive sample features (positive center point), and x7
is the nearest negative sample to the center point of the positive sample set. The CCL
function can guarantee the negative point will be pushed away from the positive center
point, as illustrated in Figure 2.5 (b). The triplet loss function has a weak constraint in
distance learning. To solve the drawback of the triplet loss function, Zhang et al. [282]
adopted the softmax-based classification loss function to augment the triplet loss function.

Vehicles usually have large intra-class appearance differences when the viewing angle
or illumination changes. Jiang et al. [150] introduced an intra-class similarity constraint
to optimize the general triplet loss function:

Lin = Zmaﬂf(U, 1f(ai) = F@@)l]3 + ). (2.21)

Bai et al. [28] also proposed an intra-class constraint. In their work, samples of the
same vehicle were further clustered into groups. An intra-class variance constraint loss
function is defined as follows:

G
Lingra(a??, 28, 2%) = >~ maz{0, || f(a”?) = f (D)3 +az—[| f (")~ (D)3}, (2.22)
9=1 zhesr.g

where G is the number of image groups that belong to the same vehicle. « is the distance
margin. SPY denotes the sets of vehicle p in group g (same vehicle but in a different
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Figure 2.6: Triplet sampling method.

group). a”? € SP9 is the anchor point in group g of vehicle p. zf denotes the vehicle p
from group g. z¥ denotes the vehicle p from a group that different with g. Also, instead
of predefining the vehicle group, an online group generation method is proposed, in which
the group samples are updated during the training iteration with the k-means clustering
method. The authors adopted CCL function (Equation (2.20)) proposed in Reference [170)]
as the inter-class similarity constraint. The proposed Group Sensitive Triplet Embedding
(GS-TRE) method constraints the inter-class similarity and intra-class variance at the
same time and demonstrates the importance of preserving intra-class variance. Similarly,
Guo et al. [129] proposed a coarse-grained ranking loss and fine-grained ranking loss to
constrain the feature distance in a coarse-to-fine manner.

Sampling method

The triplet loss function is sensitive to the triplet selection. Models can learn faster and
better with a good triplet sampling method. Zhang et al. [282] proposed a Pair-wise
sampling method. One positive image pair (an anchor and a positive sample) can generate
two triplets, and the negative sample is from another positive image pair. This method
ensures a negative sample in one triplet to be a positive sample or an anchor in another
triplet. Kumar et al. [159] evaluated four sampling methods: Batch All [138], Batch Hard
[138], Batch Weighted [221], and Batch Sample (BS). An illustration of these sampling
methods is shown in Figure 2.6. These four sampling methods are evaluated with the
model that trained with the triplet loss function and the contrastive loss function [159].
The experiment shows that the BS sampling method outperforms other methods.

A well-annotated dataset is usually hard to obtain. The model trained with the dataset
collected at one place cannot be directly used in another place. To address these issues, an
adoptive feature learning method was introduced in Reference [257] to sample the training
data from the unlabeled video. The authors used a detector to detect the vehicles and
adopted an ToU tracker [32] to track the detected vehicles. By grouping the vehicles with
similar appearances (according to the Euclidean distance of the features) and vehicles
that occur in the video with spatial and temporal continuity, they constructed a new
dataset. Wu et al. [258] employed DCGAN [212] to generate new samples. The Label
Smoothing Regularization for Outliers [288] method was adopted to model the generated
vehicle category distribution. A k-reciprocal nearest neighbor method was proposed to
make positive samples get a high score in the rank list.
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Table 2.8: Summary of Representative Single-view Appearance Feature-based VRelD
Methods. F: feature extraction improvement, L: loss function improvement, S: sampling

method improvement

Method Backbone | Improve Characteristics Comments
FACT GoogLeNet F Handcrafted features Simply combining different
(2016) [175] (texture, color) and types of features has limitations
high-level semantic in model performance
features fusion improvement
DRDL VGG F, L CCL, mixed difference Provides a unified model to
(2016) [170] network structure achieve feature extraction and
distance metric learning
Zhang et al. VGG L, S Optimizing triplet loss Simple and effective
(2017) [282] and softmax loss, improvement; effective sampling
triplet sampling method
GS-TRE VGG L Group sensitive triplet Stable performance when
(2018) [28] embedding, inter-class vehicle pose changes;
and intra-class demonstrates the importance of
constraint preserving intra-class variance.
Kuma et al. - S, L Sampling methods BS sampling method
(2019) [159] evaluation, contrastive outperforms other methods
loss optimizing
He et al. ResNet F Three parts detection Model performance is improved
(2019) [133] (YOLO), part feature | by accurately locating the parts
and global feature of the vehicle; requires bounding
fusion box annotation
SAN (2020) ResNet F Horizontal average Simple structure; stable and
[210] pooling layer high performance when vehicle
pose changes
Summary

Single-view appearance feature-based methods usually have a simple model structure.
With the help of a proper loss function (e.g., GS-TRE [28]), the model can achieve high
reidentification accuracy, and only need the vehicle ID or vehicle attribute label to train
the model. Table 2.8 summarizes the features of single-view appearance feature-based
methods. To further improve the model accuracy of this type of models, some attention
modules introduced in Section 2.4.2 and 2.4.3 (e.g., Reference [120, 222]) can be adopted
to locate the discriminative regions of the object, and help the model distinguish subtle
differences between objects.

2.5.3 Appearance and Additional Information-combined Method

The appearance-based method can hardly give optimal results due to the subtle inter-class
similarity. There are various types of information (e.g., license plate information, and
spatial-temporal information) that can be used to improve the model’s re-identification
accuracy.

Liu et al. [180] investigated whether the spatial-temporal information is useful for
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verifying the similarity of two vehicles. By analyzing the space and time distance of vehicle
pairs, they found the space and the time distance of the same vehicles are usually smaller
than those of different vehicle pairs. According to the observation, a spatial-temporal
similarity function ST'(i, j) of anchor image i and candidate image j is defined as:

- _ L =T D(C, C)

ST(i,j) = T X D (2.23)
where T; and Tj is the timestamps of ¢ and j, T},,4, is the maximal time length among
all tracks, D(C;, C;) is the distance between camera ¢ and camera j, Dy, is the maximal
distance among all cameras. By combining the spatial-temporal information and the license
plate information, they proposed a PROgressive Vehicle Re-ID (PROVID) method [180],
which progressively uses these three pieces of information. The PROVID method first
uses the FACT [175] feature extraction method to extract the appearance features (i.e.,
texture, color, semantic) to filter out the vehicles with different visual appearances. SNN
was employed to verify the license plate similarities (when the license plate is unclear)
of two vehicles. Finally, the spatial-temporal information was taken into consideration to
further identify the vehicles.

Shen et al. [228] proposed a two-stage framework. In the first stage, instead of simply
comparing the spatial-temporal difference between two input query images, the authors
generated the visual-spatial-temporal path candidate by modeling the problem as a chain
Markov Random Fields model with one image as the starting state and another as the
ending state. In the second stage, a SNN and path-LSTM network was proposed to verify
whether two vehicles were the same vehicle. However, their model needs to pre-collect
all the possible spatial paths of the same vehicles from the training set, and the model
accuracy highly relies on the quality of the generated candidate visual-spatio-temporal
paths. Other works [250, , ] also used the spatial-temporal information.

Summary

The common weakness of appearance and additional information-combined method is that
the additional information is not available in some cases, which may limit the application of
these methods. Moreover, the re-identification result based on different types of information
can have a conflict, so the method of weighing the different results is still an open challenge.
Table 2.9 summarizes the features of the representative methods in this section.

2.5.4 Multi-view Apperance Feature-based Method

Single-view appearance feature-based methods directly compare the appearance feature
distances of vehicles without considering the influence of viewpoint variation. The view-
point variation is the major factor that drags down the model performance. The multi-view
appearance feature-based method embeds the multi-view features (appearance features of
a vehicle from different views) and compares the vehicle similarity in a viewpoint-invariant
feature space. By learning the variation of multi-view features of the same vehicle, the
model performance can be further improved.
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Table 2.9: Overview of Representative Appearance and Additional Information-combined
VRelD Methods. SA: single-view appearance, ST: spatial-temporal information, LS: li-
cense plate information, F: feature extraction improvement

Method Backbone Type Improve Characteristics Comments
PROVID GoogLeNet, | SA+ST+LS F Appearance feature Provides a practical
(2016) SNN filtering, way of using
[180, ] spatial-temporal spatial-temporal
re-ranking, license information
plate verification
Shen et al. ResNet, SA+ST F Spatial-temporal path Requires to
(2017) SNN proposal, SNN and pre-collect the
[228] path-LSTM spatial path and
appearance extra time to
verification process the path

Keypoint and viewpoint learning

Wang et al. [256] proposed an orientation-invariant feature embedding module. In this
work, 20 vehicle keypoints were pre-defined. The response map of each keypoint is gener-
ated by a modified hourglass-like Fully Convolutional Network [202]. The response map
generation network was trained under the supervision of ground-truth maps. Considering
that some keypoints are invisible, these keypoint response maps are clustered into four
sets to generate four masks of different orientations. These masks are used to create four
orientation features (i.e., left, right, front, and back). Then, these orientation features are
weighted by a set of scalars. These scalars are generated based on the input image. Visi-
ble orientation features are given a high weight. These weighted orientation features were
combined with one global feature to generate the viewpoint-invariant feature (features are
concatenated together and sent to a FC layer to generate a 256-dimensional feature vector).
Vehicles were identified by calculating the FEuclidean distance of the viewpoint-invariant
features. Khorramshahi et al. [153] observed that using all the keypoints without selection
could lead to erroneous results. Therefore, they proposed a two-stage keypoint selection
framework. In the first stage, VGG was used to generate 21 coarse keypoint heatmaps.
In the second stage, a two-stack hourglass network [202] was employed to refine the se-
lected keypoints. These keypoints are grouped into eight orientation groups. The final
visible keypoints selection is based on the orientation of the input image. Zhou et al. [293]
proposed a CNN-LSTM to learn the non-linear transformation of viewpoints. Tang et al.
[247] modified the HRNet [237] as the vehicle pose estimation backbone network to predict
the keypoint coordinates (used to segment the vehicle’s body) and extract heatmaps for
36 vehicle keypoints. Moreover, the authors generated a large-scale randomized synthetic
dataset with a dataset synthesizer NDDS [250]. The model was trained with real and
synthetic data.

The weakness of these models mentioned above is that these models usually require
multi-step training. In addition, the authors cannot directly use the current dataset to
train these models, extra annotations (vehicle keypoints) need to be provided. Zhu et al.
[296] proposed four directional average pooling layers (i.e., pooling the features generated

42



by four SDCNNs along the horizontal, vertical, diagonal, and anti-diagonal directions) and
a spatial normalization layer to reduce the impact of viewpoint variation. The training of
the model only needs vehicle class labels and has a fast processing speed (89 FPS on a
Titan X GPU).

Incorporating Generative Adversarial Network

Generative Adversarial Network (GAN) [126] contains a generator G and a discriminator
D. The learning process of G and D is an adversarial process. For example, if we use
GAN to generate images, then the goal of G is to generate realistic images that D cannot
determine if it is fake. The goal of D is to determine whether the input image is from G or
a real image. Inspired by GAN, some works [183, , | proposed adversarial learning
strategies to generate training samples or train discriminators. Embedding Adversarial
Learning Network (EALN) [183, | was proposed to generate samples related to the
input image. The idea is to use the generator to generate sample G(x), whose feature
distance is close to the input image x, and train an embedding discriminator Dg,,; to
distinguish between G(z) and = (push G(z) away from x). D, is considered as the
feature extraction network for the embedding representation. The adversarial scheme is
formulated as follows:

m(g'mgaxEzwpdata(x)max{d(:v, G(z)) — a,0}, (2.24)

emb

d(, G(2)) = || Demp(2) — Den(G(2))|[5, (2.25)

where pdata(zx) represents the image distribution, d(x, G(z)) calculates the Euclidian dis-
tance of the embedding features between x and G(z). This method was further extended
to generate hard negative samples Gjq,4(x), whose feature distances are closer to the input
image than negative samples:

pr < d(x, Ghrara(x)) < d(z,2™) — Po, (2.26)

where z" is the negative sample. (i is the minimal margin between Gp,.q(x) and x, [y is
the margin between Gjg,q(x) and 2". In addition, a cross-view adversarial learning method

based on the CycleGAN [295] was proposed to generate cross-view samples. Experiments
show their model can generate high quality hard negative samples and cross-view samples.
Similarly, Zhou et al. [294] also proposed an adversarial multi-view feature learning method

to infer the multi-view features according to the single-view features.

Summary

We summarize the features of the multi-view appearance feature-based method in Table
2.10. The multi-view appearance feature-based method has stable performance when the
vehicle pose changes and can achieve higher reidentification accuracy, but these models
usually have a complex model structure, and their training is a multi-stage process. We
think incorporating GAN and build a more efficient structure is the future research di-
rection. Moreover, as shown in References [247, |, training the model with the help of
synthetic data can improve model performance.
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Table 2.10: Overview of Representative Multi-view Appearance Feature-based VRelD
Methods. ST: spatial-temporal information, F: feature extraction improvement, S: sam-
pling method improvement, IGAN: incorporating GAN, KVL: keypoint and viewpoint

learning
Method Backbone | Improve Characteristics Comments
Wang et al. | Hourglass F KVL, ST, An effective way to reduce the
(2017) [256] viewpoint-invariant impact of viewpoint variation;
feature embedding, requires 20 keypoints and
spatial-temporal viewpoint annotations
regularization
EALN VGG, F, S IGAN, embedding Effectively generates high
(2019) [182] ResNet adversarial learning quality hard negative samples
and cross-view samples;
end-to-end training

Tang et al. HRNet, F KVL, keypoint heatmap, High reidentification accuracy;
(2019) [247] | DenseNet segmentation, synthetic | training with synthetic data can

dataset training also help improve the model

performance
Zhu et al. SDCNN F KVL, quadruplet average | Fast speed (89 FPS); simple and
(2020) [290] pooling layer, spatial effective model structure to
normalization layer reduce the impact of viewpoint
variation; only requires vehicle’s
class annotation

2.5.5 Summary of Vehicle Re-identification Method

In this section, we detailed the features of each type of method. Many single-view appear-
ance feature-based methods have shown a great performance on VeRi [175] and VehicleID
[170] datasets. These methods often have a fast re-identification speed. However, these
models’ performance could decrease due to the illumination change and variations in ve-
hicle pose. Some additional information, such as the spatial-temporal information and
license plate information, can be incorporated to improve the model’s robustness when the
information is available. Considering the multi-view appearance variance and extracting
local discriminative features are the major directions to improve the model performance.

2.6 Dataset

Dataset is essential to the deep learning models. However, some tasks do not have a large-
scale dataset, and the models cannot obtain good generalization ability by only trained
on the small-scale datasets. Therefore, most models are first pre-trained on a large-scale
dataset (related to the target dataset) and then fine-tuned on the target dataset. This
method is also called transfer learning [215]. There are three commonly used large-scale
datasets: ImageNet [221], PASCAL VOC [117] and MS COCO [167]. Many models are
first pre-trained on them and fine-tuned on the target dataset. In this section, we conclude
the dataset requirements and outline the key information of the commonly used dataset

for VD, VMMR, and VRelD.
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2.6.1 Dataset Requirements

A good vehicle-related dataset can help the model acquire a great generalization ability
and systematically evaluate the model. The dataset should meet several requirements:

1. Large-scale: Deep learning is a data-driven approach. Therefore, to give the model a
good generalization ability, the dataset should contain massive images for the model
to learn the variation of each object.

2. Multi-view: An object in different poses can be recognized as different categories,
and training the model with different views of the vehicle can increase the robustness
of the model in different situations.

3. Diversified Road Environment: Vehicles in different places such as highways, country-
side, or indoor parking lots may have different characteristics due to the variations in
weather, illumination change, and low-heavy occlusion. A good dataset should cover
images from different environments.

4. Recurrence Rate: Vehicle images with different viewpoints and backgrounds of the
same vehicle should be collected in a dataset. The images of the same vehicle collected
from different cameras are especially helpful for VRelD models to acquire cross-
camera vehicle search ability. The number of images per vehicle should be balanced.

2.6.2 Vehicle-related Dataset

Many datasets are collected for systematically and comprehensively evaluating various
models for vehicle-related tasks:

e KITTTI [122]: The KITTI vision benchmark suite contains a series of computer vision
benchmarks such as road (lane) detection, (2d, 3d) object detection, and tracking.
Images are collected by two high-resolution color and grayscale cameras, which are
mounted on the vehicle. This dataset also provides depth maps captured by the
Velodyne laser scanner.

e DLR-MVDA [171]: Images in this dataset are captured from an airplane at the
height of 1,000 m above ground. The image resolution is 5,616 x 3,744. This dataset
contains seven vehicle types.

e Stanford Cars [157]: This dataset is mainly used for VMMR. Images are collected
from the website and have high resolution. There are 196 car models covering various
vehicle types.

e CompCars [265]: The CompCars is a large and diversified dataset. Images are col-
lected from public websites and surveillance cameras. The dataset provides the an-
notations including twelve car types, fine-grained labels (make, model and year),
attributes (e.g., number of doors, maximum speed), viewpoints, car parts (e.g., head-
light, fog light, dashboard, console).
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Table 2.11: Summary of Vehicle-related Datasets. VD: Vehicle Detection, VMMR: Ve-
hicle Make and Model Recognition, VMM: Vehicle Make and Model label, VTR: Ve-
hicle Type Recognition, BBox: Bounding Box, VA: Vehicle Attribute, VRelD: Vehicle
Re-identification, VV: Vehicle Verification, ST: Spatial-temporal information, SEG: Seg-
mentation. VT: Vehicle Tracking, MV: the dataset contains Multi-view images of a vehicle

Name Application Annotation Basic Information
KITTI Vehicle [122] VD, VTR 2D, 3D 12,000 images with 40,000 labeled objects; MV
BBox, type
DLR-MVDA [171] VD, VTR BBox, type | 20 images, 9,248 objects, the aerial image with
a resolution of 5,616 x 3,744
Stanford Cars [157] | VD, VMMR | VMM, BBox 16,185 images of 196 classes; Train: 8,144
images; Test: 8,041 images; MV
CompCars [265] VD, VMM, 208,826 images of 1,716 vehicle models; MV
VMMR, VV, | BBox, VA,
VA, VTR type
BoxCars [230)] VD, VMM, 63,750 images with 21,250 vehicle identities;
VMMR, VV 3DBBox 27 vehicle makes; MV
VeRi [175] VRelD, Vehicle 1D, 40,395 images, 619 vehicles, and 7,021 tracks;
VTR ST, type, Train: 37,781 images of 576 vehicles; Test:
color 11,579 images of 200 vehicles; MV
VehicleID [170] VMMR, VMM, 221,763 images of 26,267 vehicles; Train:
VRelD Vehicle 1D, 110,178 images of 13,134 vehicles; Test:
color 111,585 images of 13,133 vehicles; front-rear
view
PKU-Vehicle [28] VRelD Vehicle ID 10 million vehicle images with various
resolutions and weather conditions; MV
Toy Car [293] VMMR, Vehicle 1D, 30,000 toy cars images with 200 models; MV
VRelD, VMM, type
VTR
Vehicle-1M [129] VMMR, Vehicle ID, 936,051 images of 55,527 vehicles; 400 vehicle
VRelID VMM models; Train: 844,571 images of 50,000
vehicles; Test: 91,480 images of 5,527 vehicles;
front-rear view
CityFlow [248] VT, VRelD Vehicle 1D, 3.25 hours of videos, 229,680 images of 666
BBox vehicle identities; Train: 36,935 images of 333
identities; Test: 18,290 images of 333
identities, 1,052 query images; MV
VERI-Wild [183] VRelD Vehicle ID, 416,314 images of 40,671 vehicle identities;
ST Train: 277,797 images of 30,671 identities;
Test: 138,517 images of 10,000 identities; MV
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BoxCars [230]: This dataset provides the 3D bounding box annotation and label
annotation in a label structure of make, model, submodel and year. Images are taken
from 137 surveillance cameras, and are collected for VMMR, and vehicle verification.

VeRi [175]: This dataset is the benchmark dataset for VReID. Images are captured
by 20 surveillance cameras with unconstrained angles, different illuminations, and
resolutions. Vehicle images in this dataset have a high recurrence rate. The dataset
provides the labels of types, colors, camera ID and vehicle ID.

VehicleID [170]: This dataset is also the benchmark dataset for VRelD. Images are
captured during the daytime by multiple non-overlapping surveillance cameras. The

vehicle in each image is either captured from the front or the rear. The dataset also
provides the labels of colors, vehicle ID and VMM.

PKU-Vehicle [28]: Images are captured from multiple surveillance cameras under
unconstrained scenarios. The dataset is split into eight subsets to meet different
requirements. This dataset is mainly used for VRelD task.

Toy Car [293]: This dataset contains vehicles with 50 different viewpoints. The
camera angles are set at 30, 60 and 90 degrees to capture the vehicles. The dataset
provides the vehicle type annotation. The dataset is used for VRelD, VMMR and
vehicle type recognition tasks.

CityFlow [248]: This dataset provides images and original videos. Videos are taken
by 40 cameras locating in diverse types of locations (e.g., highway, roadways and in-
tersections). This dataset can be used for multi-target multi-camera vehicle tracking
tasks.

Vehicle-1M [129]: Images are captured from the front or the rear of the vehicle, across
day and night. This dataset provides the vehicle model and vehicle ID annotations.

VERI-Wild [183]: Images are captured by 174 surveillance cameras under uncon-
strained scenarios (i.e., different viewpoints, various backgrounds, occlusion, severe
illumination and weather changes) across 30 days. This dataset is mainly used for
VRelD.

The general application, annotation, and features of these datasets are summarized in
Table 2.11.

2.7 Open Challenges

This article outlines the recent progress and the state-of-the-art deep learning-based models
that address the fundamental challenges and issues in vehicle recognition. High-precision
and reliable models that have robust performance in real world environments have yet to
be achieved. Other open issues to improve existing models have yet to be addressed. The
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general challenges, issues, and possible directions for future research of vehicle recognition
are discussed in this section.

Inter-class Similarity and Intra-class Variance. As we mentioned before, the
inter-class similarity and intra-class variance are the basic challenges for different vehicle-
related problems. For VD, different vehicle types can have a very similar appearance,
such as truck and estate, SUV and crossover (inter-class similarity), and different vehicle
models within the same vehicle type can have a large difference, such as BMW X3 and Audi
Q5 (intra-class variance). For VMMR, different vehicle models need to be distinguished.
Different vehicle models can have a similar appearance, such as Volkswagen Passat and
Volkswagen Magotan (inter-class similarity), and different vehicles within the same vehicle
model can be identified as different models when vehicles are captured under different
illuminations or have different decorations (intra-class variance). For VRelD, two vehicles
of the same viewpoint can look more similar (inter-class similarity) than the same vehicle
from different views (intra-class variance). A possible solution for these problems could be
embedding the original feature into a new feature space. By learning the variation of the
embedding features, the model can acquire better generalization ability.

Speed and Model Size. The recognition speed of the model is related to many
factors, such as the size of the input image, the size of the model, and the hardware.
However, most of the current studies have not reported the model size and the model’s
processing speed (computational complexity). While, these factors are the crucial factors
for evaluating models. In particular, without the key information, it is difficult to determine
which model is more appropriate while considering the deployment scenario. Moreover, the
detection speed is especially important for VD. The frame rate of traditional surveillance
cameras ranges from 10 to 30 FPS. Some high-speed cameras can even reach 60 FPS.
Therefore, to achieve real-time detection, the model detection speed should be greater
than 10 FPS to display detection results without delay. Current models can achieve a
real-time detection speed in a powerful computer (e.g., 89 FPS on a Titan X GPU [290]);
however, if we want to rely on the vehicle to achieve real-time detection, then we need to
compress the model. Besides, the detection speed and precision are correlated; a model
with high detection speed usually has low detection precision. Determining how to prune
the model to achieve real-time detection without reducing the detection precision is still an
open challenge. It has been suggested in References [131, ] that quantizing the model
is a way to shrink the network size and speed up the network.

Occlusion and Appearance Deformation Vehicles are often partially or severely
occluded by front vehicles, or pedestrians. This occlusion could seriously affect detection
and recognition precision. Only a few works have tried to solve the occlusion problem.
The vehicle has a symmetrical shape. A possible solution is to take advantage of this
special characteristic. For example, when the vehicle is partially occluded, one can use
a keypoint location method to predict the location of the whole vehicle [160, , ].
In addition, using a proper data augmentation method (e.g., random erasing [291, 1)
during training can also make the model robust to occlusion. Moreover, the appearance of
the vehicle would change due to a traffic accident. For a deep learning-based model, the
influence of different deformation degrees on the model performance is still unclear, which
could be a potential research topic.
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Evaluation Under Different Environmental Conditions. As we mentioned be-
fore, diversified illuminations, weather conditions, and road conditions could affect the
performance of vehicle recognition models. However, to the best of our knowledge, there is
no paper that comprehensively evaluates the performance of different deep learning-based
vehicle recognition models under different environmental conditions. In addition, different
models need to be comprehensively and fairly evaluated under the same runtime environ-
ment (hardware, deep learning platform). Therefore, this could also be a potential research
topic.

Multi-modal Sensing. In this article, we only introduced vision-based vehicle recog-
nition works. The detection and identification performance of the VAVR system can be
affected by severe weather conditions, such as heavy snow and fog. Overcoming the limi-
tations of vision sensors by combining other sensors such as lidar and radar can benefit the
VAVR system. Also, the prediction results obtained based on different information may
conflict. How to weigh the importance of the different results in different environments
is worth studying. He et al. [137] has made attempts to achieve the fusion of vision and
radar information.

Online Training. One of the main disadvantages of the deep learning-based method
is that every time a new vehicle model is produced, we need to retrain the whole model.
The repeated retraining will waste time and resources. It is imperative to figure out how
to update the model without retraining the whole model. We believe the RL method could
be a possible solution.

Dataset. A comprehensive dataset that meets the requirements we mentioned in Sec-
tion 2.6.1 is essential to the deep learning-based model. Most of the images in the current
VD dataset were collected under general environmental conditions. Therefore, there is an
urgent need for the VD dataset that collects images under different environmental condi-
tions (especially harsh weather conditions). Also, there is a lack of a multi-VD dataset
labeled with general vehicle types and fine-grained vehicle model information. With these
datasets, researchers can explore more potential research topics to enrich the ITS and
Smart City applications. Meanwhile, the model’s robustness can be verified with the
dataset collected from different scenarios.

VMMR. Current VMMR methods focus on single-vehicle recognition. A possible
research topic could be multi-target fine-grained VD and recognition. Also, to improve the
model practicality, a multi-stage approach can be adopted, for example, in the first stage,
the VMMR method can first identify the make and model of the vehicle, then recognize
its year of manufacture.

VRelD. Vehicle appearance is more likely to be changed after a long time interval
and a large space separation. When identifying and verifying two vehicles, a change in
appearance can easily cause a malfunction. This highlights the importance and difficulty
of building a long-term reliable VRelD model. In addition, for a dataset with N images,
there could be O(n?) triplets. Training a model with all triplets is time-consuming and
inefficient since only a minority of triplets are useful. Therefore, designing a suitable
sampling method or a proper loss function could be the future direction of research.
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2.8 Summary

In this chapter, we provide a systematic review of the literature using deep learning-based
methods to solve vision-based VD, VMMR, and VRelD problems. For VD, on-road and
aerial image-based VD methods are achieved by improving the current two-stage and one-
stage general object detection methods. For VMMR, there are three major approaches:
part detector-based, feed-forward attention-based, and recurrent attention-based methods.
For VRelD, earlier works found the target vehicle by directly comparing the single-view
appearance features. Recent works embedded appearance features to a viewpoint-invariant
feature space to perform the comparison. Other methods combined the spatial-temporal
information and license plate information to improve the model performance. We also in-
troduced the dataset requirements and characteristics of each dataset. The open challenges
and potential directions for further research are discussed comprehensively.
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Chapter 3

Recurrent Attention Unit

In this chapter, we propose the Recurrent Attention Unit (RAU), which is designed as
a modular attention unit that can be applied to different convolutional layers without
changing the original structure of the standard CNN. This design allows the transfer learn-
ing approach to be instantly applied to the proposed models. When solving the VMMR
task, RAU seamlessly enhances the performance of standard CNN architectures (such as
ResNet). The content of this chapter has been published in An Al-based Visual Attention
Model for Vehicle Make and Model Recognition.

3.1 The Proposed Approach and Assumption

RAU can be applied on different layers of standard CNN architectures to extract prominent
information from different scales. Each RAU takes the feature maps generated by the
convolutional layer and the attention state generated by the previous RAU as inputs.
Afterward, the unit produces a new state for the next RAU. The mechanism is not only
extracting discriminative information from different layers but also combining them. This
process allows the model to recognize an object by evaluating the discriminative features
of different resolutions.

3.1.1 Recurrent Attention Unit

The internal structure of RAU can be concluded as three parts: feature integration, at-
tention mask generation, and attention state generation. For the feature integration sub-
module, we integrate the features from the feature maps and the attention state. First,
the feature maps are processed by a convolutional layer to generate M} € Rknxhixuw!,

M) =W, « H', (3.1)

where H! € RE*M'xw' are the feature maps for the Ith RAU, [ € [1,...,L]. The height
and width of the feature maps are denoted by hA! and w', ¢ is the channel of the feature
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maps. The number of attention masks is denoted by k, n is the number of vehicle model
categories. The whole convolution process of the convolutional layer is denoted by “*’. W,
represents the overall parameters of the convolutional layer.

To make the attention state =1 € RFnxh'™'xw!™ 1o compatible with the parameters
of current RAU, a convolutional layer is utilized to reduce the spatial size of the attention
state S'™! and we use another convolutional layer to generate M':

St — Wl S (3.2)

M =W} «S", (3.3)

where S-1 e RwxWxw' -l e Rnxhixw! - Then M} oand M! are combined together to
generate the feature representation U':

U' = tanh(M}, + M' +b,), (3.4)

where U € RF»Mxw' 4anh introduces nonlinearity to the sum of M} and M!, b, is the
bias.

For the attention mask generation submodule, whether the attention mask is generated
by considering features from the feature maps and the attention state is what we want to
ensure. Therefore, H' and S'*~! are sent to two convolutional layers to generate k learnable
single-channel attention masks respectively, and then they are added together:

C'=o(Wl « H + W! xS +b,), (3.5)

where C! € RF*h'*v' wil] gelect the information of the attention state S°~1. These attention
masks focus on the discriminative regions of S'*~'. The sigmoid function is denoted by o.

The new attention state S! € RF»*A' xv' ig the sum of the selected features and U':
St=Cl'o s+ U, (3.6)

where ® denotes the element-wise product. The feature selection operation is done by
repeating each mask for each of the feature channels of S~' and conducting element-
wise production. The attention state S' represents the features of n vehicle models on k
discriminative locations. In VMMR, the module should extract distinctive information of
the object. We do not want to discard (weaken) the semantic information of the same
region in the feature representation U'. Therefore, U' is directly added in Eq. (3.6), rather
than adding the (1 — C') ® U! as in [151].

The difference between different vehicle models is quite subtle. Feature maps of different
scales can provide different levels of information. Therefore, it is useful to collect and
combine sufficient discriminative features from multi-scale regions. Therefore, we deploy
the RAUs to different convolutional layers to receive the feature maps of different scales.
The attention state S’ generated by the last RAU represents the integrated part features.
The Global Average Pooling layer [131] is used to pool these part features, resulting a
kn x 1 x 1 vector. The vector represents the scores of n vehicle models selected by k
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Table 3.1: The detailed information of the weights of the convolutional layers in RAU

‘ weight name ‘ size of the kernel ‘ stride ‘ number ‘

Wan Ix1 1 En
W, 3 x3 1 k
Wy 3 x 3 2 n
Wos 1x1 1 kn
Wes 3x3 1 k

n categories
k attention masks

—____________________________________________________________‘

\

[}

l

1 OB
* |

i average

]

]

n categories

3x224x224 feature maps feature maps feature maps

Standard CNN

Figure 3.1: The framework of the proposed model. Three Recurrent Attention Units
(RAUs) are applied to the original CNN architecture at three different layer groups. Each
RAU contains k attention masks. The final results come from the original CNN and the
final RAU.

attention masks. Then, the vector is processed by the FC layer to generate the classification
scores.

The final recognition result is the average of the results of the standard CNN and the
last RAU. The loss function is defined as:

1 o 1 o
=3 2_; YilogYi + 5 2_; YilogP,, (3.7)

where P € R™ is the predicted classification probabilities from the last RAU, Y; is the
predicted probability for class i from the standard CNN, Y is the one-hot encoded ground
truth label vector. This loss function simultaneously optimizes the global and part fea-
ture extraction abilities of the model. The detailed information about the weights of the
convolutional layers in RAU are provided in Table 3.1.

3.1.2 Using RAU with ResNet

RAU is compatible with most standard CNN architectures. We choose two strong base-
lines ResNet50 and ResNet101 [134] as our base models. By deploying RAUs to these two
base models, we get two new models, ResNet50-RAU and ResNet101-RAU. A three-RAU
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Table 3.2: The statistics of three VMMR datasets. BBox stands for bounding box

‘ Datasets ‘ Category ‘ Train ‘ Test ‘ BBox ‘
Stanford Cars [157] 196 8,144 | 8,041 N4
CompCars [265] 431 16,016 | 14,939 vV
CompCars Surveillance [265] 281 31,148 | 13,333

(a) Stanford Cars (b) CompCars SV (¢) CompCars

Figure 3.2: Samples from (a) Stanford Cars dataset, (b) CompCars Surveillance dataset
and (¢) CompCars dataset in our experiments.

structure ResNet-RAU is presented in Figure 3.1. ResNet contains several groups of convo-
lutional layers, which are called layer groups. Each layer group contains a set of Residual
Network [134], which contains convolutional layers with the same number of channels.
ResNet50 and ResNet101 both consist of four convolutional layer groups, but each layer
group contains a different number of convolutional layers. The sizes of the feature maps
generated by theses four layer groups are 256 x 56 x 56, 512 x 28 x 28,1024 x 14 x 14,
and 2048 x 7 x 7. We deploy RAUs to the end of the last three layer groups to test the
effectiveness of our proposed module. The recognition ability of each RAU is controlled
by the number of attention masks k. It is worth mentioning that each attention mask can
focus on different locations. The final classification result of the whole model is the average
of the results from the global stream (standard CNN) and the part stream (RAUs). The
related experiments are shown in Section 3.2.2.

3.2 Experiments

We conduct experiments on three benchmark vehicle datasets, including Stanford Cars [157],
CompCars [265] and CompCars Surveillance [265]. The detailed information of these
datasets is provided in Table 3.2. Samples from these datasets are shown in Figure 3.2.
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3.2.1 Implementation Details

Our method is implemented with PyTorch [206]. The two standard CNN architectures are
first pre-trained on ImageNet dataset [235], later fine-tuned on the target datasets. For the
original ResNet architecture, only the last FC layer is modified to adapt to each dataset.
For all the experiments, the models are trained using Stochastic Gradient Descent (SGD)
with a weight decay of 0.0005 and a momentum of 0.9. Models are trained for 120 epochs.
The initial learning rate is set to 0.01. After 40 epochs, the learning rate is reduced by
a factor of 0.5 every 20 epochs. The image is resized to 224 x 224. Data augmentations
such as random crop and horizontal flip are applied. For the last 40 epochs, images will
be cropped with the help of the bounding box when training the model on the CompCars
dataset. The weights of the convolutional layers in RAU are initialized by using the method
presented in [131], biases are initialized to zero.

3.2.2 Ablation Study

We evaluate the influence of two adjustable parameters of our model on the Stanford Cars
dataset following a similar procedure presented in [222]. We conduct experiments to show
the effect of the number of RAUs d and the number of attention masks k. To capture more
target information contained in features of different scales, we need to deploy at least two
RAUs to combine these features. The maximum number of RAUs that can be added is
determined by the structure of the base model. For example, ResNet contains four layer
groups, and three of them generate mid-level and high-level features, which are the main
useful features for recognizing an object, since the information carried by the lower layers
is very fundamental, and features of higher layers are more class-specific [255]. Therefore,
the maximum value of d is 3 in our experiment. The value of k is set from 1 to 4.

The number of parameters and floating point operations (FLOPs) [197] are usually
used to measure the computational complexity of deep learning models. The experimental
results, including the accuracy and computational complexity of ResNet50-RAU with dif-
ferent d and k, are presented in Table 3.3. We can observe that our model can achieve a
better result than the previous state-of-the-art methods (shown in Table 3.4) when com-
bining features extracted from feature maps of different scales. Moreover, when we increase
k to 2 (d = 2), our model achieves the best recognition result 93.57%. In Table 3.3, we can
also observe that the computational complexity of the models has increased, but our mod-
els still have the ability to process images with real-time processing speed. For example,
when running on a workstation with a GTX1080Ti GPU, the processing speed of ResNet50
(d =2,k = 2)is 128 frames per second (FPS). For the next part of our experiments, we set
d to 2 and k to 2 for ResNeth0-RAU as these values give the best recognition result. Since
ResNet50-RAU and ResNet101-RAU have a similar structure, we use the same parameter
setting for ResNet101-RAU.
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Table 3.3: The influence of the number of RAUs d, and the number of attention masks k
for each RAU on the Stanford Cars dataset

ResNet50-RAU
d=2 d=3
A P F A P F
k=1 93.42 25.0 4.20 93.30 25.5 4.36
k=2 93.57 26.0 4.28 93.40 27.0 4.59
k=3 93.32 27.1  4.36 93.41 28.5 4.83
k=4 93.26 28.1 4.44 93.35 30.1 5.06
baseline | ResNet50 91.78 P=239 F =412

Abbreviations: A: Accuracy (%); P: The number of parameters
(x10%); F: The number of FLOPs (x10?).

3.2.3 Comparison with State-of-the-Art Methods

Performance on Stanford Cars

We compare the proposed models with recent state-of-the-art methods. The results are
listed in Table 3.4. In this table, the results of the previous part are cited from the
original papers, and the results of baseline models and our models are derived from the
experiments that are conducted based on the experimental setting we mentioned before.
Without adopting the bounding box annotation at test time, our model ResNet101-RAU
achieves 91.47% recognition accuracy, which outperforms the baseline ResNet101 with
a clear margin (4.14% relative gains), and it is also a comparable result with M-CAN
(91.5%), which adopted the Class Activation Map (CAM) to select object features [292].
RA-CNN [120] and MA-CNN [287] crop out the part regions of the object according to
their attention modules, and these models are trained with images of size 448 x 448.
These part regions and large scale images provide more detailed information, which allows
these models to produce higher results of 92.5% and 92.8%, respectively. PA-CNN [150]
adopts the co-segmentation and alignment methods and tests the model by adopting the
bounding box annotation, which achieves 92.8% accuracy. Under a similar experiment
setting, the baseline ResNet50 and ResNet101 achieve 91.78% and 92.45%, respectively.
By adopting our attention selection method, the recognition accuracies are improved from
91.78% to 93.57% for ResNet50-RAU and from 92.45% to 93.81% for ResNet101-RAU.
The evaluation shows that the proposed RAU advances the performance of ResNet for
the VMMR task. The previously reported best recognition accuracy 93.1% is achieved
by ResNet101-SWP [111] and FCAN [179], ResNet101-RAU achieves a better recognition
result with 0.71% relative improvement.

Performance on CompCars

The recognition results on the CompCars dataset are summarized in Table 3.5. The
two baselines ResNet50 and ResNet101 obtain 96.73% and 97.41% accuracy, respectively.
By adopting our RAU, the values of the accuracy of the proposed ResNetb0-RAU and
ResNet101-RAU are boosted to 97.60% and 97.84%, respectively. The improvement shows
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Table 3.4: Comparison of the recognition results on the Stanford Cars dataset, y/ means
testing with bounding box annotation, N/A indicates that bounding box annotation is not
used

Type Model Test Anno.  Accuracy (%)
Previous DVAN [284] N/A 87.1
WARN [227] N/A 90.0
BCNN (448) [165] N/A 91.3
M-CAN [290] N/A 91.5
RA-CNN (448) [120] N/A 92.5
MA-CNN (448) [257] N/A 92.8
ResNet50-SWP [111] Vv 92.3
PA-CNN [15(] Vi 92.8
FCAN [179] Vv 93.1
ResNet101-SWP [141] 4 93.1
Baseline ResNet50 N/A 86.78
ResNet101 N/A 87.33
ResNet50 Vv 91.78
ResNet101 4 92.45
Ours ResNet50-RAU N/A 90.30
ResNet101-RAU N/A 91.47
ResNet50-RAU vV 93.57
ResNet101-RAU Vv 93.81

Table 3.5: Comparison of the recognition results on the CompCars dataset

Type Model Accuracy (%)
Previous AlexNet [205] 81.9
OverFeat [265] 87.9
GoogLeNet [265] 91.2
ResNet50-SWP [111] 97.5
ResNet101-SWP [1411] 97.6
Baseline ResNet50 96.73
ResNet101 97.41
Ours ResNet50-RAU 97.60
ResNet101-RAU 97.84

our models have a stable performance on recognizing vehicle models. The recently proposed
ResNet101-SWP [111] achieves 97.6% accuracy on this dataset, ResNet101-RAU surpasses
it by a small margin of 0.24%, achieving the best recognition result on the CompCars
dataset.

Performance on CompCars Surveillance

For this dataset, we only trained our models for 50 epochs. The initial learning rate is
set to 0.001. The learning rate is divided by 0.5 at 30th and 40th epoch. We use this
dataset to test the performance of our models in a practical environment. The recognition
results on the CompCars Surveillance dataset are summarized in Table 3.6. A coarse-to-
fine (CF) [ 18] method was proposed to iteratively extract global and local vehicle features,
achieving 98.63% accuracy. Lightweight Convolutional Neural Network (LWCNN) [279] is
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Table 3.6: Comparison of the recognition results on the CompCars Surveillance dataset

Type Model Accuracy (%)
Previous AlexNet [265] 98.0
OverFeat [265] 98.3
GoogLeNet [265] 98.4
CF [118] 98.63
LWCNN [279] 98.71
FF-CMNET [271] 98.89
Ours ResNetb0-RAU 98.83
ResNet101-RAU 98.90

a simplified VGG model and is trained with a combined training strategy. The lightweight
VGG achieves 98.71% accuracy. FF-CMNET [271] uses two separate networks to extract
the upper part and down part features of a vehicle, and it achieves 98.89 % accuracy.
Our proposed models ResNet50-RAU and ResNet101-RAU achieve results of 98.83% and
98.90%, respectively, which demonstrate our models can still obtain excellent results on
the surveillance dataset.

3.3 Summary

In this paper, we propose the Recurrent Attention Unit (RAU) to enhance the performance
of standard CNN architectures for the VMMR task. RAU can help the model extract the
most discriminative features of an object. RAU is easy to be added to most standard CNN
architectures and can be trained end-to-end. Extensive experimental results demonstrate
the effectiveness of fusing prominent features of different scales. With the help of the
Vehicle-to-Everything (V2X) technology, the accurately identified vehicle information can
be transmitted to the agents, which will help the police find the criminal and increase the
region’s security. In the future, we will try to simplify the structure of RAU and reduce
the size of the model, so that the proposed models can have excellent performance under
different hardware conditions. We will also test the performance of RAU when combining
it with other models.
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Chapter 4

Lightweight Recurrent Attention
Unit

In this chapter, we simplify the structure of RAU and propose the Lightweight RAU
(LRAU). We add LRAUs to ResNet and VGG to construct two VMMR models, ResNet50-
LRAU and VGG16-LRAU. In addition, we add LRAUSs to the detection network SSD to
construct a one-stage Vehicle Detection and Fine-grained Recognition (VDFR) model,
SSD-LRAU. The proposed SSD-RAU can generate the bounding box and fine-grained
vehicle information simultaneously. The content of this chapter has been published in A
Lightweight Visual Attention Model for Fine-Grained Vehicle Recognition.

4.1 The Proposed Approach

Convolutional filters in different layers can have relatively different receptive field sizes, and
these filters focus on extracting different types of features. In the lower layer of a CNN,
convolutional filters have a relatively small receptive field (224 x 224 vs. 3 x 3), and these
convolutional layers mainly focus on extracting the fundamental features such as corners
and lines. In higher layers, convolutional filters have a larger receptive field (14 x 14 vs. 3 X
3), and they focus on more class-specific features (e.g., the general shape of the object). By
visualizing the convolutional filters [270], we can observe such a working pattern. However,
during the feed-forward extracting process, we think some discriminative features may get
lost. Therefore, to retain the discriminative features, we could establish a connection to
combine fine-grained features with coarse features. This is achieved by generating attention
masks based on the current input features maps and preceding attention features, and using
these attention masks to select discriminative features from feature maps. Finally, the
selected features are fused with the preceding attention features. These fused discriminative
features help recognize an object.

The designed LRAU is a modular attention unit and it can be easily added to different
standard CNN architectures such as ResNet [131], VGG [233] and InceptionV3 [213] to
enhance their performance on solving the VMMR task. In the following, we will introduce
the structure of LRAU comprehensively.
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Figure 4.1: The detailed internal structure of the Lightweight Recurrent Attention Unit
(LRAU). The convolutional layer is denoted by C'onv. For simplicity, biases are omitted.

4.1.1 Lightweight Recurrent Attention Unit

The detailed structure of our proposed LRAU is illustrated in Figure 4.1. The standard
CNN backbone takes the image as input to generate multi-scale feature maps along the
feed-forward process. The inputs for each LRAU are the feature maps H' and the preceding
attention state S'~!. The initial attention state is set to 0. After a series of operations on
the feature maps and attention state, LRAU will output a new attention state S'. Each
attention state retains the discriminative features selected by the attention masks.

The internal structure of LRAU can be divided into two parts: attention mask gen-
eration, and attention state generation. For the attention mask generation submodule,
the attention masks are generated based on the current input feature maps and the pre-
ceding attention state. First, the input feature maps and the resized attention state are
processed by two convolutional layers to generate k attention masks, respectively. Each
mask highlights different discriminative regions of the image:

Ch =W!, « H + by,, (4.1)

C° =W, « S 4+ b, (4.2)

where H! € RE*Mxw" rapresents the feature maps for the [th LRAU, [ € [1,...,L]. The
height and width of the feature maps are denoted by A! and w!, ¢ is the channel of the
feature maps, S'°~! is the resized attention state. The attention state generation will be
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introduced in the following. W/, and W/, are the overall parameters of the convolutional
layers. The whole convolution process of the convolutional layer is denoted by ‘x’. By
directly using the 1 x 1 convolutional layer to process the feature maps, the value of a
location in the attention map is determined by evaluating the importance of each feature
map channel in that location. During training, the filter will learn to assign a high weight
to the important channels and a lower weight to the less important channels. Then, the
attention masks C* and C* are combined through the element-wise summation. The values
of the masks are normalized between 0 to 1 by the sigmoid function:

C' = o(C" + C¥), (4.3)

where C! € RF*h'xv! 5 ig the sigmoid function. C* and C*® highlight different discriminative
regions since they are generated based on different features. By summing these two types
of attention masks, the combined attention masks can focus on a wider discriminative
region, while highlighting the keypoint regions.

For the attention generation submodule, we first use a convolutional layer to convolve
the feature maps to have n channels:

U =W, « H +b,, (4.4)

where U' € R”Xhl”’l, n is the number of vehicle categories. In the convolutional layer,
each filter needs to have the same channels as the input feature maps; by using n filters,
we select the features for n vehicle models. Therefore, each channel of U’ can be seen as
the compressed feature for one vehicle model. Then, the attention masks are used to select
the discriminative features. The feature selection is done by repeating each mask for each
feature channel of U!, and then performing the element-wise production:

cU'=cC'o U, (4.5)

Rknxhl xw!

where ® denotes the element-wise product. The selected features CU! € can be

interpreted as the features of n vehicle models selected by k attention masks.

The difference among different vehicle models is quite subtle, so it is useful to collect
sufficient prominent features from multi-scale regions to make correct identification de-
cisions. Let S'=1 e RFnxh"'xw™! qenote the attention state generated by the preceding
LRAU. To make the attention state S'~! compatible with the currently selected features
CU', S'=1 should have the same size as the input feature maps. Therefore, a convolutional
layer is utilized to reduce the size of the attention state S~

S = Wk S b, (4.6)

17 l l
where S'1~1 € Rknxhixw’

The new attention state is generated by combining the preceding attention state with
the currently selected features:

St=cut+ 51 (4.7)

The Attention Residual Learning (ARL) [252] introduced the idea of using attention
masks to select features, and then combine the selected features with the original feature
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Table 4.1: The detailed information of the convolutional filters in LRAU for VMMR. n is

the number of vehicle categories, and k is the number of attention masks
’ weight name \ size of the kernel \ stride \ number ‘

Wuh 1 x1 1 n
Wen 1x1 1 k
Wes 1x1 1 k
W 1 x1 2 kn

maps. Inspired by ARL, we also adopt the idea of using the attention mask, but our
attention mask generation is different from ARL. Instead of summing the original feature

maps, we fuse the selected features with the attention state generated by the preceding
LRAU.

The attention state S generated by the last LRAU represents the integrated discrim-
inative part features. A Global Max Pooling (GMP) layer is used pool S to select the
prominent values over the spatial location, obtaining a kn x 1 x 1 vector. During training,
GMP causes the gradients to be backpropagated to the prominent location. Finally, a
FC layer is used to generate the classification scores based on these discriminative part
features.

The final recognition results combine both the results from the standard CNN archi-
tecture and the last LRAU. The loss function is defined as:

1< Iy
L= 5;1%093@ + §;Elogl%, (4.8)

where P € R" is the predicted classification probabilities from the last LRAU, Y; is the
predicted probability for class ¢ from the standard CNN architecture, Y is the one-hot
encoded ground truth label vector. This loss function simultaneously optimizes the global
and part feature extraction abilities of the model. Therefore, our proposed model can be

trained end-to-end. The detailed information of the weights of the convolutional layers in
LRAU is provided in Table 4.1.

4.1.2 Using LRAU with Standard CNNs

LRAU is compatible with most standard CNN architectures. To fairly compare our models
with other state-of-the-art models and prove the compatibility of LRAU, we choose three
popular CNN architectures, namely ResNet50, VGG16 and InceptionV3, as our baselines.
By deploying LRAUs to these three baselines, two VMMR, models are generated. We
denote the two models as ResNet50-LRAU, VGG16-LRAU, and InceptionV3-LRAU. The
implementation details and the variants to the three baselines are introduced below.

The original ResNet50 consists of the feature extraction network and classifier. ResNet
only uses one FC layer as the classifier, and we only modify the FC layer to predict clas-
sification scores that match the number of classes in the target datasets. The modified
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Figure 4.2: The framework of the proposed VMMR model. In this figure, we use ResNet
as the backbone, three LRAUs are added to the ResNet at three different convolutional
layer groups. Each LRAU contains three attention masks. In the first LRAU, we show
the process of attention state generation. For a clear visualization, the attention mask
generation process is omitted.

baseline is still referred to as ResNet50. The feature extraction network of ResNet50 con-
sists of four convolutional layer groups. Each convolutional layer group contains a different
number of convolutional layers (batch normalization layers, activation layers). The sizes of
the feature maps generated by the four group layers are 256 x 56 x 56 (groupl), 512 x 28
x 28 (group2), 1024 x 14 x 14 (group3), and 2048 x 7 x 7 (group4). ResNet50-LRAU
is constructed by deploying LRAUs after each convolutional layer group of ResNet50, and
LRAUs receive the feature maps generated by these convolutional layer groups as one of
the inputs. The branch that contains LRAUs is called the part feature extraction branch.
The recognition ability of the part feature extraction branch is controlled by the number
of LRAUs d and the number of attention masks k for each LRAU. We prioritize adding
LRAUs to the higher layers. For example, when d is set to 2, LRAUs are added after group4
and group3. Figure 4.2 shows a three-LRAU structure of ResNetbh0-LRAU, LRAUs are
added after group4, group3 and group?2.

The original VGG uses three FC layers as the classifier. We remove these three FC
layers, since they take most of the parameters of VGG. Then, we add the global average
pooling layer at the end of VGG to pool the 512 x 7 x 7 feature maps to a 512 x 1 x 1
vector. Finally, we add one FC layer to classify the vector. The modified VGG is referred
to as VGG16-GAP. VGG uses the max pooling layer to reduce the size of the feature
maps, so LRAU can be deployed around each max pooling layer to receive feature maps
of different scales. More specifically, we deploy LRAUs after Conv3_3, Conv4_3, Conv5_3
(i.e., before the reduction of the size of the feature maps), and after the last max pooling
layer of VGG16-GAP to construct VGG16-LRAU.

InceptionV3 is an improvement of GoogLeNet[211]. For the original InceptionV3, we
remove the auxiliary classifiers and modify the FC layer to fit the target datasets. Incep-
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Table 4.2: The detailed information of the convolutional filters in LRAU for VDFR, ¢ is

the channel of the feature maps, and k is the number of attention masks
’ weight name \ size of the kernel \ stride \ number ‘

Wuh 1 x1 1 c
Wen 1x1 1 k
Wes 1x1 1 k
W 1x1 2 kc

tionV3 mainly consists of different types of Inception modules. Each Inception module has
different branches and each branch is the combination of convolutional layers with different
kernel sizes (e.g, 1 x 1,3 x 3,1 x 3, 1 x 7). For the Inception module, feature maps
generated by its branches are finally concatenated together and then sent to the following
Inception module. Our LRAUs are added to receive the concatenated feature maps. The
original input size of InceptionV3 is 299 x 229, whereas the input size is 224 x 224 in our
experiment. Therefore, we change the size of the last pooling layer accordingly. The sizes
of feature maps we used are 192 x 52 x 52, 288 x 25 x 25, 768 x 12 x 12, and 2048
x 5 x 5. Compared with ResNetb0 and VGG16, we can observe that the size of these
feature maps is reduced by a different ratio. Thus, we change the kernel size of Wy to 3 x
3 to increase compatibility among LRAUs. We name this model InceptionV3-LRAU. Such
design guarantees that LRAU receives multi-scale feature maps, and we can conduct a
fair comparison of the proposed ResNet50-LRAU, VGG16-LRAU, and InceptionV3-LRAU
under the same setting.

4.1.3 Vehicle Detection and Fine-grained Recognition

Generally, when an image contains multiple vehicles, an object detection method is first
used to locate these vehicles. Then, vehicles are cropped out according to the predicted
bounding box, and these vehicles are sent to the recognition model to perform vehicle make
and model recognition. We refer to this type of method as the two-stage VMMR method.
Alternatively, we can also build a model to locate the vehicles and recognize the vehicle
information simultaneously (one-stage). We add LRAUs to an object detection model SSD
[173] to construct a one-stage VDFR model.

In SSD, feature maps of different scales are sent to the convolutional layers to generate
the default bounding box adjustments and the classification scores of general objects (e.g.,
car, bicycle, cat). To improve the fine-grained recognition performance of SSD, feature
maps are sent to LRAUs to generate the attention states. Then, these attention states
are sent to the corresponding convolutional layers to generate the detection results. For
each LRAU, we also change the dimension of the generated attention states because the
model not only uses the attention state to predict the fine-grained classification scores, but
also generates the bounding box adjustments. The information of the filters in LRAU for
VDFR is shown in Table 4.2.

An overview of the proposed SSD-LRAU is illustrated in Figure 4.3. As illustrated in
the figure, we add five LRAUs to receive feature maps of five scales. Then five attention
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Figure 4.3: The framework of the SSD-LRAU. Five LRAUs are added to SSD to process
five feature maps and generate five attention states. Five attention states and the last
feature maps are used to generate the detection results.

states are generated by these LRAUs. Each attention state is sent to two convolutional
layers. One convolutional layer is responsible for predicting 4 x B x h x w bounding box
adjustments, and another is used to predict nx B x h x w fine-grained category classification
results, where B is the number of default anchor boxes of each layer, h and w is the size
of the corresponding attention state (each attention state cell generates detection results
for B boxes). The backbone of the SSD network is the truncated VGG16. We remove the
Conv6 and Conv7 layers of SSD and directly use the feature maps generated by Conv5_3
layer. The rest of the convolutional layers in our model remain the same as SSD. Also, we
continue to use the same objective loss function as SSD.

During the training procedure, the default bounding boxes will match the corresponding
ground truth box. This is determined by comparing the Jaccard overlap (IOU) between
the ground truth box and each default anchor box. We match default anchor boxes to any
ground truth box with IOU score >0.5.

We continue to use the same objective loss function as SSD. Let pj; = {1,0} is the
indicator for matching the i-th default anchors to the j-th ground truth box of category
n. The objective function is the weighted sum of the classification (confidence) loss (cla)
and the localization loss (loc):

1
L(p7 Y, b7 t) = N(Lcla(p, y) + aLlOC<p7 b? t))? (49)

where N is the number of matched default anchors. The loss is set to 0 when N = 0. The

65



classification loss L. (p,y) is the Softmax loss:

N
— Y piilogyy — > logy, (4.10)

1€ Pos i€Neg
where ()
o _ cp(yi
i = —. (4.11
IRETD )
The localization loss Lj.(p, b, t) is a Smooth L1 loss [125] between the predicted box (b)

and the ground truth box (¢). The predicted box is generated based the default anchor
box (db). Let (cx,cy) denotes the center location of the box, the localization loss is defined
as:

Lioe(x, b, 1) Z Z pfijsmoothL1(blm — tA;”)

1€ Pos me{cx,cy,w,h}

ic c (¢ e cx cx w th Tw ty
tjy = (tjy - dbiy)/dbﬁl, t5" = (15" — dbi*) /dby’, lOg(d_éh) ty = log(ﬁ),
(4.12)
0.522 if |zl <1,
smoothr,(x) = 4.13
11(®) {|£B| — 0.5 otherwise. (4.13)

4.2 Experiments

Our experiments are conducted on three benchmark VMMR datasets, Stanford Cars [157],
CompCars [265], and NTOU-MMR [1]; and one benchmark object detection dataset, PAS-
CAL VOC [117]. The detailed information of these datasets is introduced in the following.
The important information of these datasets is concluded in Table 4.3. Sample images in
these datasets are shown in Figure 4.4.

4.2.1 Datasets

Stanford Cars [157]: The Stanford Cars dataset is mainly used for VMMR. The dataset
contains 16,185 images of 196 classes. Images are mainly collected from the website and
are split into 8,144 training images and 8,041 testing images. Images have vehicles with
different poses.

CompCars [265]: The CompCars dataset is a large dataset that has been widely used
in various vehicle-related tasks. We use the web-nature subset of the CompCars dataset.
The web-nature subset contains 30,955 images of 431 car categories. Images are collected
from the website and have vehicles with different poses. The dataset is split into 16,016
training images and 14,939 testing images.
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(c) NTOU-MMR (d) PASCAL VOC

Figure 4.4: Samples from (a) Stanford Cars dataset, (b) CompCars dataset and (¢) NTOU-
MMR dataset (d) PASCAL VOC dataset.

NTOU-MMR [1]: The NTOU-MMR dataset was collected under the Vision-based
Intelligent Environment (VBIE) project [3] and can be accessed at [1]. Images are mainly
collected by surveillance cameras under different weather conditions such as sunny, cloudy,
and rainy. This dataset also includes images with vehicles that are partially occluded by
other objects. Therefore, the dataset can be used to demonstrate the effectiveness of our
models in different challenging environmental conditions. The dataset was originally split
into a training set containing 2,846 images and a testing set containing 3,793 images. The
number of vehicle models is 29.

However, we find some problems with the NTOU-MMR dataset: (1) There are some
duplicate images (same image but with different names); (2) Some images are labeled with
a wrong class name; (3) The partition strategy of splitting the training and testing set is
unclear. The bias partition could result in misleading results [230]. To fix the problems
mentioned above, we remove the duplicate images and correct the labels of the images.
Then, we follow the partition strategy mentioned in [230], i.e., for each class of vehicle
models, the related images are randomly split into the training set and testing set in a
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Table 4.3: The statistics of four benchmark datasets. BBox stands for bounding box

’ Datasets \ Category \ Train \ Test \ BBox ‘
Stanford Cars [157] 196 8,144 | 8,041 vV
CompCars [265] 431 16,016 | 14,939 Vv
NTOU-MMR]] 29 2,846 3,793 -
VOC2007[117] 20 5,011 4,952 Vv
VOC2012[117] 20 11,540 - vV

Table 4.4: The number of training images and testing images in NTOU-MMR dataset
(ratio 8:2)

Make Toyota
Model Altis | Camry | Vios Wish Yaris | Previa
#Train 963 553 547 302 243 49
#Test 241 139 137 76 61 13
Make Toyota Honda
Model | Innova Surf Tercel RAV4 CRV Civic
#Train 36 66 144 62 495 264
#Test 9 17 37 16 124 67
Make Honda Nissan
Model FIT March | Livna Teana Sentra | Cefiro
#Train 83 154 202 76 73 122
#Test 21 39 51 19 19 31
Make Nissan Mitsubishi
Model | X-Trail | Tiida | Zinger | Outlander | Savrin | Lancer
#Train 110 207 12 61 42 62
#Test 28 52 4 16 11 16
Make Suzuki Ford
Model Solio Liata | Escape | Mondeo Tierra | Total
#Train 100 15 89 86 52 5,270
#Test 26 4 23 22 13 1,332
6,602

ratio of 8:2. The number of images for each category after the clean and partition step is
shown in Table 4.4. We repeat the partition strategy 10 times to construct 10 different
train-test splits. Experiments are conducted on these 10 train-test splits, and we report
the average results over the 10 train-test splits.

PASCAL VOC [117]: The PASCAL Visual Object Classes (VOC) challenge is a
benchmark for object classification and detection. We use the train/val of VOC 2007 and
VOC 2012 (16,551 images) as the training set, and the test of VOC2007 (4,952 images)
as the testing set. We adopt the evaluation procedure of PASCAL VOC to evaluate the
object detection performance of our model.

4.2.2 Implementation Details

Our models are implemented with PyTorch [206] and run on a workstation with a single
GPU of GTX1080Ti. We pre-train ResNet50, VGG16 and InceptionV3 on the ImageNet
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dataset [235], and then combine with LRAU fine-tuning on the target datasets. For the
general setting of VMMR experiments, we trained our models with Stochastic Gradient
Descent (SGD) with a weight decay of 0.0005 and a momentum of 0.9. We used images
of size 224 x 224 as the input of our models. Data augmentations such as horizontal flip
and random crop are applied to the original images. The convolutional weights of LRAU
are initialized by using the method presented in [134], biases are initialized to zero.

When our models are trained on the Stanford and Compcars datasets, the initial learn-
ing rate is set to 0.01. After 40 epochs, the learning rate is reduced by a factor of 0.5 every
20 epochs. Models are trained for 120 epochs in total. The vehicle is cropped out from the
image with the help of the bounding box in the last 40 epochs when models are trained
on the CompCars dataset. When conducting experiments on the NTOU-MMR dataset,
models are trained for 60 epochs. The initial learning rate is set to 0.01 and divided by 0.5
at the 30th, 40th, and 50th epoch. In addition, instead of using the pre-trained ResNet50,
VGG16 and InceptionV3, the parameters of these models are randomly initialized.

The main metric for evaluating the VMMR model is accuracy, which is the ratio of
the number of correctly classified images to the total number of test images. In addition,
when conducting experiments on the NTOU-MMR dataset, we also report the class-wise
accuracy, and average class-wise accuracy (ACC2) [230]:

n correct;
ACC2 = M’ (4.14)
n
where n is the number of vehicle categories, Total; is the number of testing images of class

1, correct; is the number of correctly classified images of class i.

For the VDFR experiments, we still use SGD with the same setting mentioned above.
We adopt the learning rate warming up strategy in [172] for the first 5 epochs (i.e., the
learning rate is increased from 107 to 4 x 1073). After the first 5 training epochs, the
initial learning rate is set to 0.004 and divided by 0.1 at 150, 180, and 210 epochs. The total
number of training epochs is 220. The size of the input image is 300 x 300. The number
of the default anchor boxes for each layer is shown in Figure 4.3. Other training strategies
(such as hard negative mining, data augmentation, and settings of default anchors) are
still the same as SSD. We use the mean Average Precision (mAP) [125] as the evaluation
metric.

4.2.3 Ablation Study

In this subsection, we systematically evaluate the performance of the proposed three models
under different parameter settings.

The number of attention masks and LRAUs. We investigate the influence of two
parameters, namely the number of attention masks, and the number of LRAUs, on the
performance of ResNetb0-LRAU, VGG16-LRAU, and InceptionV3-LRAU. The number
of attention masks k controls the number of attention masks generated in each LRAU,
and k is set from 1 to 4. The number of LRAUs d controls the number of feature maps
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Table 4.5: The influence of the number of LRAUs d, and the number of attention masks k
for each LRAU on the Stanford Cars dataset.

ResNet50-LRAU VGG16-LRAU InceptionV3-LRAU
k d=2 d=3 d=4 d=2 d=3 d=14 d=2 d=3 d=4
k=1 93.57% 93.61% 93.52% 92.95% 93.11%  93.26% 92.30% 92.20%  91.79%
k=2 93.79% 93.94%  93.63% 93.20% 93.12%  93.10% 92.28% 92.51%  92.38%
k=3 93.55% 93.71% 93.68% 93.51% 93.17%  93.07% 92.64% 92.17%  92.53%
k=4 93.25% 93.60% 93.61% 93.16% 93.06%  92.97% 92.45% 92.18%  92.61%
baseline ResNet50 91.78% VGG16-GAP  91.23% InceptionV3  90.95%

Table 4.6: The influence of the number of LRAUs d, and the number of attention masks &
for each LRAU on the CompCars dataset.

ResNet50-LRAU VGG16-LRAU InceptionV3-LRAU
k d=2 d=3 d=14 d=2 d=3 d=4 d=2 d=3 d=14
k=1 97.9% 98.18%  98.04% 97.78% 97.85%  97.92% 97.26% 97.38%  97.29%
k=2 98.11% 98.19%  98.18% 98.23% 98.18%  98.11% 97.51% 97.43%  97.44%
k=3 98.25% 98.19%  98.15% 98.31% 98.17%  98.29% 97.36% 97.46%  97.47%
k=4 98.19% 98.15%  98.02% 98.20% 98.00%  98.06% 97.44% 97.28%  97.42%
baseline ResNetb0 96.73% VGG16-GAP  96.18% InceptionV3  96.61%

Table 4.7: The influence of the number of LRAUs d, and the number of attention masks k

for each LRAU on the NTOU-MMR dataset.

ResNet50-LRAU VGG16-LRAU InceptionV3-LRAU
k d=2 d=3 d=14 d=2 d=3 d=4 d=2 d=3 d=4
k=1 98.44% 98.51%  98.36% 99.38% 99.39%  99.38% 98.43% 98.52%  98.55%
k=2 98.66% 98.53%  98.45% 99.40% 99.26%  99.39% 98.38% 98.46%  98.55%
k=3 98.53% 98.56%  98.08% 99.41% 99.32%  99.38% 98.56% 98.55%  98.34%
k=4 98.53% 98.61%  98.23% 99.38% 99.39%  99.38% 98.35% 98.53%  98.51%
baseline ResNet50 98.00% VGG16-GAP  97.53% InceptionV3  96.32%

that the model will combine, and it is determined by the structure of the standard CNN
architecture. For example, as we mentioned earlier, ResNet has four convolutional layer
groups, and different convolutional layer groups generate feature maps of different scales.
Therefore, we can add four LRAUs to ResNet in total. In addition, we need to add at least
two LRAUs so that features of different scales can be combined.

To find the optimal parameter settings for ResNet50-LRAU, InceptionV3-LRAU and
VGG16-LRAU, and to study the changes in model performance on each dataset, we con-
duct experiments on Stanford Cars, CompCars, and NTOU-MMR. Table 4.5, 4.6, and 4.7
show the experimental results on different datasets using different £ and d for ResNet50-
LRAU, VGG16-LRAU, and InceptionV3-LRAU. We can observe that the recognition re-
sults of these three models are better than the corresponding baselines. Generally, the
model recognition accuracy is improved when increasing k. For example, when d = 2, the
recognition accuracy of VGG16-LRAU is increased from 92.95% (k = 1) to 93.51% (k = 3)
on the Stanford Cars dataset. This means that using the attention mask to extract dis-
criminative part features can improve the recognition accuracy. Based on the experimental
results, we can observe that the best results are usually obtained by setting £ to 2 or 3.
However, a large k (k greater than 3) can cause accuracy degradation. By observing these
attention masks, we found that some attention masks focus on some unrelated regions, or
the value of the whole mask is near 1. In addition, deploying two LRAUs to combine the
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Table 4.8: The number of parameters (Params.) and floating point operations (FLOPs) of
InceptionV3-LRAU, ResNet50-LRAU and VGG16-LRAU when evaluating on the Stanford
Cars dataset

Model Params. (10°) [ GFLOPs | Accuracy
ResNet152-CMP (116) [150] 615 - 92.96%
ResNet50 23.9 4.12 91.78%
ResNet50-LRAU (d3k1) 24.8 4.27 93.61%
ResNet50-LRAU (d3k2) 95.2 4.30 93.94%
ResNet50-LRAU (d3k3) 25.8 4.35 93.71%
ResNet50-LRAU (d3k4) 26.6 441 93.60%
VGG16-CMP (12) [1°0] 21.3 - 91.94%
VGG16 135.1 15.50 91.28%
VGG16-GAP 14.8 15.38 91.23%
VGG16-LRAU (d2k1) 15.1 15.43 92.95%
VGG16-LRAU (d2k2) 15.4 1544 | 93.20%
VGG16-LRAU (d2k3) 15.8 15.45 93.51%
VGG16-LRAU (d2k4) 16.4 1546 | 93.16%
InceptionV3 21.8 2.85 90.95%
InceptionV3-LRAU (d2k1) 23.5 2.89 92.30%
InceptionV3-LRAU (d2k2) 25.6 2.91 92.28%
InceptionV3-LRAU (d2k3) 29.1 2.96 92.64%
InceptionV3-LRAU (d2k4) 34.0 3.02 92.45%

Table 4.9: The number of parameters (Params.) and floating point operations (FLOPs) of
InceptionV3-LRAU, ResNet50-LRAU and VGG16-LRAU when evaluating on the Comp-
Cars dataset

Model Params. (10°) [ GFLOPs | Accuracy
ResNet152-CMP (r8) [180] 64.8 - 97.01%
ResNet50 244 4.12 96.73%
ResNet50-LRAU (d2k1) 26.3 4.26 97.9%
ResNet50-LRAU (d2k2) 27.6 4.29 98.11%
ResNet50-LRAU (d2k3) 29.6 4.33 98.25%
ResNet50-LRAU (d2k4) 32.4 4.40 98.19%
VGG16-CMP (12) [150] 21.4 - 97.80%
VGG16 136.0 15.50 96.15%
VGG16-GAP 14.9 15.38 96.18%
VGG16-LRAU (d2k1) 15.9 15.47 97.78%
VGG16-LRAU (d2k2) 17.3 1550 | 98.23%
VGG16-LRAU (d2k3) 19.3 1554 | 98.31%
VGG16-LRAU (d2k4) 22.1 1561 | 98.20%
InceptionV3 22.7 2.85 96.61%
InceptionV3-LRAU (d2k1) 27.4 2.96 97.36%
InceptionV3-LRAU (d2k2) 37.6 3.08 | 97.51%
InceptionV3-LRAU (d2k3) 04.6 3.29 97.36%
InceptionV3-LRAU (d2k4) 78.2 3.59 97.44%

higher level features can achieve a better result, which indicates the benefit of fusing fea-
tures of different scales. However, according to the experimental results, combining lower
level features does not seem very helpful. One possible explanation is that the information
carried by the lower layers is very fundamental (e.g., line, corner), and combining these
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Table 4.10: The number of parameters (Params.) and floating point operations (FLOPs) of
InceptionV3-LRAU, ResNet50-LRAU and VGG16-LRAU when evaluating on the NTOU-
MMR dataset

Model Params. (10°) [ GFLOPs | Accuracy
ResNet50 23.57 4.12 98.00%
ResNet50-LRAU (d2k1) 23.66 413 97.90%
ResNet50-LRAU (d2k2) 23.67 413 98.11%
ResNet50-LRAU (d2k3) 23.68 413 | 98.25%
ResNet50-LRAU (d2k4) 23.70 4.13 98.19%
VGG16 134.38 15.50 96.73%
VGG16-GAP 14.73 15.38 97.53%
VGG16-LRAU (d2k1) 14.77 1541 | 97.78%
VGG16-LRAU (d2k2) 14.78 1541 | 98.23%
VGG16-LRAU (d2k3) 14.79 15.41 98.31%
VGG16-LRAU (d2k4) 14.80 1541 | 98.20%
InceptionV3 21.84 2.85 96.32%
InceptionV3-LRAU (d2k1) 21.95 2.85 98.43%
InceptionV3-LRAU (d2k2) 21.99 2.85 98.38%
InceptionV3-LRAU (d2k3) 22.07 2.85 98.56%
InceptionV3-LRAU (d2k4) 22.18 2.85 98.35%

fundamental features is not very useful to improve the model recognition performance.
Instead, features of higher layers are more class-specific [292], and combining them can
improve the model performance.

For VGG16-LRAU, the optimal recognition result on each dataset is achieved by setting
d =2 and k = 3. For ResNet50-LRAU, we observe that the parameter settings to achieve
the optimal result on each dataset are different. For example, the best recognition result
93.94% on Stanford Cars is achieved by setting d = 3 and k& = 2, and the optimal parameter
setting on CompCars dataset is d = 2 and £ = 3. For InceptionV3-LRAU, the optimal
results on StanfordCars and NTOU-MMR dataset are achieved by setting d = 2 and
k = 3, and the optimal parameter setting on CompCars is d = 2 and k£ = 2. By taking
the computational complexity (to be shown in the next section) into consideration, we
believe d = 2 and k = 3 are better choices for ResNet50-LRAU, VGG16-LRAU, and
InceptionV3-LRAU, as they give the best trade-off between computational complexity and
accuracy.

Computational Complexity. The number of parameters and floating point oper-
ations (FLOPs) [197] are usually used to measure the computational complexity of deep
learning models. In Table 4.8, 4.9, and 4.10, we show the number of parameters and float-
ing point operations (FLOPs) of each model when recognizing vehicle models on different
datasets. For simplicity, we only show the data related to the optimal parameter setting
for each model. We also show the number of parameters of ResNet152-CMP [180] and
VGG16-CMP [186] with the optimal settings on each dataset.

In general, as d and k increase, the number of parameters and the number of FLOPs
also increase. We think the increment is acceptable because the increment of model size and
FLOPs is small, and the recognition accuracies of our models are significantly improved.
For example, in Table 4.8, the number of parameters of ResNet50-LRAU (d3k2) is 25.2 x
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Table 4.11: The influence of the Global Average Pooling (GAP) layer and Global Max
pooling (GMP) layer for ResNet50-LRAU and VGG16-LRAU. Experiments are conducted
on the Stanford Cars dataset

Model GAP GMP
ResNet50-LRAU (d3k1) | 93.38% | 93.61%
ResNet50-LRAU (d3k2) | 93.48% | 93.94%

(d3k3)
(d3k4)

ResNet50-LRAU (d3k3) | 93.53% | 93.71%
ResNet50-LRAU (d3k4) | 93.30% | 93.60%
VGG16-LRAU (d2kl1) | 92.63% | 92.95%
VGG16-LRAU (d2k2) | 92.66% | 93.20%
VGG16-LRAU (d2k3) | 92.76% | 93.51%
VGG16-LRAU (d2k4) | 92.81% | 93.16%

10%, which is only a small percentage increase (5.4%) compared with ResNet50. We can
observe that compared to ResNet152-CMP [156], ResNet50-LRAU (d3k2) can achieve a
better recognition result with only 40.9% parameters. In addition, our models can achieve
a high processing speed. For example, the average processing speeds of ResNet50-LRAU
(d3k2), VGG16-LRAU (d2k3), and InceptionV3-LRAU (d2k3) are 138 FPS, 204 FPS, and
74 FPS (with a test batch size of 1). We also show the size of the original VGG and the
VGG16-GAP. The size of VGG16-GAP is significantly reduced by removing the extra FC
layer, and the accuracy remains almost the same. VGG16-LRAU (d2k3) obtains 2.23%
relative improvement on accuracy compared with VGG16, and the number of parameters is
reduced by 88.30%. InceptionV3-LRAU (d2k3) also obtains 1.69% accuracy improvement
compared with InceptionV3, and the number of FLOPS is increased by 3.9%. We notice
the number of parameters and FLOPs increments of InceptionV3-LRAU are larger than
that of ResNet50-LRAU and VGG16-LRAU. As we mentioned before, we choose to use
the convolutional filters with a larger kernel size to reduce the size of the attention state
so that the features extracted by different units can be combined. The use of large kernel
size filters leads to a greater increase in model computational complexity. However, LRAU
can also be directly added (without changing the filter kernel size) to receive the feature
maps generated by the last three Inception modules and obtain similar accuracy (92.41%).

In Table 4.9, we can observe that the number of parameters and FLOPs increases
more because there are 431 vehicle models that need to be recognized in the Compcars
dataset. The increment is still acceptable since the models can still achieve very high
processing speed. For example, the average processing speeds of ResNet50-LRAU (d2k3),
VGG16-LRAU (d2k3) and InceptionV3-LRAU (d2k2) are 135 FPS, 192 FPS and 68 FPS
(with a batch size of 1). With the increment of k£ (d = 2), the number of FLOPs of
ResNet50-LRAU are only increased by 0.14 GFLOPs (k = 1), 0.17 GFLOPs (k = 2),
0.21 GFLOPs (k = 3) and 0.28 GFLOPs (k = 4). Moreover, the number of FLOPs of
VGG16-LRAUs with different k is less than that of VGG16, and VGG16-LRAU (d2k3)
achieves the best recognition result on the Compcars dataset. In addition, in Table 4.10,
we note that the model size and the number of FLOPs of ResNet50-LRAU, VGG16-LRAU,
and InceptionV3-LRAU are almost unchanged when recognizing a small number of vehicle
models, and the recognition accuracies of our models are significantly improved.

GMP vs. GAP. As we mentioned in Section 4.1.1, we use the GMP layer to process
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Figure 4.5: Samples of attention masks. The upper row shows attention masks with an
original size of 14 x 14. The bottom row shows attention masks with an original size of
7 x 7. We can observe that different attention masks highlight different discriminative
regions of the image.

the attention state generated by the last LRAU. Another method to achieve this is to use
the GAP layer. During training, the GMP layer only backpropagates the gradient to the
location with the highest response value, while the GAP layer treats every location equally.
Since LRAU is designed to selectively extract features, we consider the GMP layer to be
a better choice for our model. Therefore, to check the influence of using the GAP layer
and the GMP layer, we also conduct related experiments on the Stanford Cars dataset to
check the changes in the model performance of ResNet50-LRAU and VGG16-LRAU. The
experimental results are shown in Table 4.11. By using the GAP layer, we can observe that
with the setting of d = 3 and k = {1, 4}, the accuracy of the ResNet50-LRAU is reduced
by an average of 0.29%. Also, with the setting of d = 2 and k = {1,4}, the accuracy of the
VGG16-LRAU is reduced by an average of 0.49%. The experimental results demonstrate
the GMP layer is a better choice for our model.

4.2.4 Visualization

The visualization of the attention masks is shown in Figure 4.5. The size of the attention
masks is much smaller than the input image. Therefore, for better visualization, we resize
(by interpolating) these attention masks and overlay them on the input image. To show the
effectiveness of the attention mask at different viewpoints, we choose images with varying
poses of vehicles. In Figure 4.5, the upper row shows the attention masks with an original
size of 14 x 14. The bottom row shows the attention masks with an original size of 7 x
7. We can observe that these attention masks indicate some discriminative regions of the
image, and each mask focuses on different regions. For example, for the left vehicle (Figure
4.5(a)), the left attention mask in the upper row pays more attention to the logo region,
and the right attention mask focuses on the front edge of the vehicle.

To show the effectiveness of LRAU, we also visualize the feature maps generated by the
standard CNN architecture and the attention state generated by the last LRAU in Figure
4.6. We use the same visualization method proposed in [273] to visualize the feature maps.
By summing along the channel side of the feature maps, we can obtain a single-channel
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(a) Original (b) Standard CNN

Figure 4.6: Visualization of feature maps. (a) Original image. (b) The heatmaps of the
last feature maps. (c) The heatmaps of the last attention state.

heatmap that highlights the prominent regions of the image. Figure 4.6(b) shows the
heatmap generated according to the last feature maps generated by the standard CNN
architecture. Figure 4.6(c) shows the heatmap generated based on the last attention state.
We can observe that the heatmap in Figure 4.6(c) has a wider attention area than the
heatmap in Figure 4.6(b). In addition, there are more discriminative regions shown in
the heatmap of the attention state. For example, in Figure 4.6(c), the bottom heatmap
highlights three discriminative regions (i.e., the left door, the left light, and the logo region).
However, there is only one major discriminative region (near the left headlight of the
vehicle), which is highlighted in the bottom heatmap in Figure 4.6(b).

Basically, for each LRAU, the attention mask is generated based on the features gen-
erated by the current layers and previous LRAU, which makes the attention mask show
a wider attention region while highlighting the discriminative region. Then, the attention
mask helps extract the discriminative features from the feature maps generated by the
current convolutional layer. However, only using the extracted features may cause the loss
of some keypoint features. Therefore, we combine the extracted features with the attention
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Table 4.12: Comparison of the recognition results on the Stanford Cars, i/ means testing
with bounding box annotation, N/A indicates that bounding box annotation is not used

Type Model Test Anno.  Accuracy (%)
Previous DVAN [284] N/A 87.1
WARN [227] N/A 90.0
BCNN (448) [165] N/A 91.3
M-CAN [290] N/A 91.5
RA-CNN (448) [120] N/A 92.5
MA-CNN (448) [257] N/A 92.8
BCNN-LSTM (448) [25] N/A 93.4
HBP (448)[270] N/A 93.7
ResNet50-SWP [111] vV 92.3
PA-CNN [150] J 92.8
FCAN [179] Vv 93.1
ResNet101-SWP [141] Vv 93.1
DenseNet161-CMP [136)] v 93.71
Baseline ResNet50 N/A 86.78
VGG16-GAP N/A 86.64
InceptionV3 N/A 85.84
ResNet50 vV 91.78
VGG16-GAP v 91.23
InceptionV3 vV 90.95
Ours ResNet50-LRAU (d3k2) N/A 91.26
VGG16-LRAU (d2k3) N/A 92.13
InceptionV3-LRAU (d2k3)  N/A 89.32
ResNet50-LRAU (d3k2) Vv 93.94
VGG16-LRAU (d2k3) J 93.51
InceptionV3-LRAU (d2k3) v 92.64

state generated by the previous LRAU to compensate for the loss. As shown above, the
visualization of the last attention state shows more discriminative regions than the global
feature maps. The final classification score is generated by evaluating these discriminative
features and global features instead of only evaluating one global feature. The evaluation of
two types of features provides more information to the model when recognizing a vehicle’s
fine-grained class.

4.2.5 Comparison Experiments on the Stanford Cars Dataset
Vehicle make and model recognition

Table 4.12 shows a comparison of the recognition results of our models with the recent
state-of-the-art methods. In the table, Previous section shows the results cited from the
original paper and results from Baseline and Ours section are derived from the experiments
conducted based on the experimental setting we mentioned before. Without adopting the
bounding box annotation at test time, the baseline VGG16-GAP achieves 86.64% accuracy.
By combining two LRAUs, the proposed VGG16-LRAU (d2k3) achieves 92.13% recognition
accuracy, with a significant improvement of 5.49%. VGG16-LRAU (d2k3) outperforms
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Table 4.13: Comparison of vehicle detection and fine-grained recognition results on the
Stanford Cars dataset. Param.: the number of parameters of the model. FPS: Frame Per
Second

model backbone | mAP (%) | Params. (10%) | FPS
SSD VGG 91.61 49.8 54
RFB VGG 93.44 61.7 39
SSD-LRAU VGG 93.68 40.3 56
WARN [222] by 2.13%. RA-CNN [120] and MA-CNN [287] crop out the part regions of

the object according to their attention modules, and their models are trained with images of
size 448 x448. These part regions and large-scale images provide more detailed information,
which allows their models to achieve higher results of 92.5% and 92.8%, respectively. HBP
[270] is an improvement of BCNN; it combines multiple cross-layer bilinear features and
conducts center cropping on the input image during testing, achieving an accuracy of
93.7%. Our ResNet50-LRAU (d3k2) achieves 93.94% accuracy by cropping the image with
the help of the bounding box during testing. The best recognition accuracy, at 93.71% is
achieved by DenseNet161-CMP [150]; ResNet50-LRAU outperforms it by a small margin,
achieving the best recognition accuracy.

Vehicle detection and fine-grained recognition

We compare SSD-LRAU with two baselines SSD and RFB, as they both adopted VGG as
the feature extraction network. Since there is no paper that reported the one-stage VDFR
results, we re-implemented SSD and RFB and trained them with the same experimental
setting. RFB net proposed RFB to simulate the human visual systems. The authors
replaced the top convolutional layers of the SSD with RFB, which improved the feature
extraction performance of the model. For the SSD-LRAU, the number of attention masks
in each LRAU is fixed to 1. When we increase the number of attention masks, the model
size increases significantly, but no obvious improvement in the model performance is found.
The experimental result of VDFR is shown in Table 4.13. By combining five LRAUs, the
mAP of SSD-LRAU is improved to 93.68%. Compared with SSD, which is 2.07% relative
gain, RFB achieves 93.44% mAP; our model achieves a better result with only 65.3%
parameters. Meanwhile, SSD-LRAU has the fastest processing speed (56FPS) among these
three models. Figure 4.7 shows the sample images of the VDFR results of SSD-LRAU.

4.2.6 Comparison Experiments on the CompCars Dataset
Vehicle make and model recognition

The recognition results on CompCars dataset are summarized in Table 4.14. ResNet50,
VGG16-GAP, and InceptionV3 achieve 96.73%, 96.18%, and 96.61% recognition accuracy.

By combining multi-scale features, the performance of these baselines is improved, e.g.,
from 96.73% to 98.25% for ResNet50-LRAU. The improvement shows our models have
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Figure 4.7: Sample images of the vehicle detection and fine-grained recognition result.
Each image shows the predicted bounding box, the fine-grained label in a structure of
make, model, type and year, and the confidence score.

Table 4.14: Comparison of the recognition results on the CompCars dataset

Type Model Accuracy (%)
Previous AlexNet [265] 81.9
OverFeat [265] 87.9
Hu et al. [140] 91.0
GoogLeNet [265] 91.2
ResNet50-SWP [111] 97.5
ResNet101-SWP [141] 97.6
ResNet152-CMP [156] 97.01
VGG-CMP [156] 97.80
DenseNet161-CMP [136] 97.89
Baseline ResNet50 96.73
VGG16-GAP 96.18
InceptionV3 96.61
Ours ResNet50-LRAU (d2k3) 98.25
VGG16-LRAU (d2k3) 98.31
InceptionV3-LRAU (d2k2) 97.51

a stable performance in recognizing vehicle models. Hu et al. [110] proposed a two-
stage framework to localize and recognize the vehicle. Their model requires bounding box
annotation and an auxiliary dataset that contains saliency annotation to train the model.
ResNet101-SWP [111] proposed a spatial weighted pooling layer to generate the attention
mask to select the discriminative features, which achieves 97.6% accuracy. The recently
proposed DenseNet161-CMP [186] achieves 97.89% accuracy on this dataset. VGG16-

LRAU outperforms it by 0.42%, achieving the best recognition result on the CompCars
dataset.
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Table 4.15: Comparison of the vehicle detection and fine-grained recognition results on the
CompCars dataset

model backbone | mAP (%) | Params. (10°) | FPS
SSD VGG 95.82 81.2 33
RFB VGG 97.17 95.3 22
SSD-LRAU VGG 98.09 65.2 35

Table 4.16: Comparison of the recognition results on the NOUT-MMR dataset

Type Model Accuracy (%) Speed (FPS)
Previous ~ LHS+Naive Bayes [209] 85.9 1.73
FID-SRC-HDC [01] 91.1 0.46
BoSURF-SD-SVM [230] 94.84 7.5
Baseline ResNetb0 98.00 163
VGG16-GAP 97.53 243
InceptionV3 96.32 78
Ours ResNet50-LRAU (d2k2) 98.66 143
VGG16-LRAU (d2k3) 99.41 208
InceptionV3-LRAU (d2k3) 98.56 76

Vehicle detection and fine-grained recognition

The VDFR results of the models on the CompCars dataset are shown in Table 4.15. SSD
achieves 95.82% mAP. By incorporating multiple LRAUs, we can obtain 2.27% relative im-
provement. SSD-LRAU achieves mAP of 98.09%, which is also better than RFB (97.17%),
and SSD-LRAU only uses 68.4% parameters when compared with RFB. When these mod-
els need to distinguish a large number of vehicle models, SSD-LRAU still has the fastest
real-time processing speed.

4.2.7 Comparison Experiments on the NTOU-MMR Dataset

As the traditional machine learning methods usually conduct experiments on the NTOU-
MMR dataset, we can compare our models with them by conducting experiments on the
NTOU-MMR dataset under a similar setting. In addition, when using the pre-trained
models, we found it is easy for the baselines and our models to get a very high accuracy
(almost 100%). Thus, it is difficult to observe the performance difference between the
baseline and the proposed models. Therefore, instead of using the pre-trained ResNet,
VGG, and InceptionV3, the model parameters are randomly initialized.

The comparison of the traditional machine learning VMMR models with our models
is shown in Table 4.16. Overall, in terms of the recognition accuracy and the processing
speed, the proposed ResNet50-LRAU, VGG16-LRAU, and InceptionV3-LRAU are superior
to the traditional VMMR models. The BoSURF-SD-SVM [230] is an improvement of the
SURF method. The authors first extracted the SURF features of the image and retained
the domain features in a dictionary. Then, these features were embedded in the BoSURF
histogram. Finally, SVM was used to classify these features. The BoSURF-SD-SVM
model achieves 94.84% recognition accuracy with a processing speed of 7.5 FPS, which
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Table 4.17: The class-wise accuray (%) of ResNet50-LRAU (d2k2) on the NTOU-MMR
dataset. ACC2: average class-wise accuracy. Acc: accuracy

Make Toyota

Model | Altis Camry Vios Wish Yaris | Previa
Acc 99.67 98.92 99.49 99.34 99.84 99.23

Make Toyota Honda

Model | Innova Surf Tercel RAV4 CRV Civic
Acc 100 97.06 95.67 97.50 99.43 99.70
Make | Honda Nissan
Model FIT March | Livna Teana Sentra | Cefiro
Acc 98.10 96.67 99.22 97.37 94.21 90.97
Make Nissan Mitsubishi
Model | X-Trail | Tiida | Zinger | Outlander | Savrin | Lancer
Acc 100 99.42 90.00 98.12 95.46 99.38
Make | Suzuki Ford ACC2
Model Solio Liata | Escape | Mondeo Tierra | 97.36
Acc 100 90.00 98.26 94.09 96.15 Acc
98.66

was the best traditional VMMR model. The three baselines ResNet50, VGG16-GAP, and
InceptionV3 all outperform it with a clear margin of 3.16%, 2.69%, and 1.48%, respectively,
and the processing speeds of ResNetb0, VGG16-GAP, and InceptionV3 are significantly
faster than the processing speed of BoSURF-SD-SVM. By adding LRAUs to ResNet50,
VGG16-GAP, and InceptionV3, the performance of our models is improved. In particular,
a significant improvement of 1.88% is obtained for VGG16-LRAU (d2k3), achieving the
best recognition accuracy of 99.41% on the NTOU-MMR dataset.

The processing speeds of ResNet50-LRAU (d2k2), VGG16-LRAU (d2k3), and Incep-
tionV3 (d2k3) are 143 FPS, 208 FPS, and 76 FPS. Compared with the baselines, the
processing speed of the proposed models is decreased. Since the frame rate of the common
surveillance cameras is 25-30 FPS [2], our models can still meet the processing speed re-
quired for real-time applications. In addition, the processing speed shown in Table 4.16 is
the average speed of processing 1332 images with a batch size of 1. Under this setting, we
note the processing speed of VGG16-LRAU (d2k3) is faster than that of ResNet50-LRAU
(d2k2). When we use a larger batch size, ResNet50-LRAU (d2k2) is indeed faster than
VGG16-LRAU (d2k3) as ResNet50-LRAU has fewer FLOPs. For example, when the batch
size is set to 4, the processing speed of ResNet50-LRAU (d2k2) and VGG16 (d2k3) is 10.1
ms (millisecond) and 13.5 ms per batch. When the batch size is set to 8, the processing
speed of ResNet50-LRAU (d2k2) and VGG16 (d2k3) is 16.3 ms and 25.7 ms per batch.

To systematically compare our models with the related traditional machine learning
VMMR models, we also report the class-wise accuracy and average class-wise accuracy
(ACC2) of ResNet50-LRAU (d2k2), VGG16 (d2k3), and InceptionV3-LRAU (d2k3) in
Table 4.17, 4.18, and 4.19. The values of ACC2 of ResNet50-LRAU (d2k2), VGG16-LRAU
(d2k3) and InceptionV3-LRAU (d2k3) are 97.36%, 99.19%, and 97.43%. We notice that
the performance of ResNet50-LRAU (d2k2) is relatively low on several vehicle models. One
reason for this could be the lack of sufficient training images to train a model with very deep
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Table 4.18: The class-wise accuray (%) of VGG16-LRAU (d2k3) on the NTOU-MMR
dataset. ACC2: average class-wise accuracy. Acc: accuracy

Make Toyota

Model | Altis Camry Vios Wish Yaris | Previa
Acc 99.84 99.42 99.78 99.74 99.67 100

Make Toyota Honda

Model | Innova Surf Tercel RAV4 CRV Civic
Acc 100 97.65 97.84 99.38 99.84 99.85

Make | Honda Nissan

Model FIT March | Livna Teana Sentra | Cefiro
Acc 99.05 98.21 99.61 97.90 99.47 94.84

Make Nissan Mitsubishi

Model | X-Trail | Tiida | Zinger | Outlander | Savrin | Lancer
Acc 100 100 100 100 99.09 100

Make | Suzuki Ford ACC2

Model Solio Liata | Escape | Mondeo Tierra | 99.19
Acc 100 100 100 95.45 100 Acc

99.41

Table 4.19: The class-wise accuray (%) of InceptionV3-LRAU (d2k3) on the NTOU-MMR
dataset. ACC2: average class-wise accuracy. Acc: accuracy

Make Toyota
Model | Altis | Camry | Vios Wish Yaris | Previa
Acc 99.59 99.06 99.34 99.47 99.84 98.46
Make Toyota Honda
Model | Innova Surf Tercel RAV4 CRV Civic
Acc 98.89 94.71 96.76 98.12 99.52 99.40
Make | Honda Nissan
Model FIT March | Livna Teana Sentra | Cefiro
Acc 97.14 94.62 99.41 97.90 93.68 90.32
Make Nissan Mitsubishi
Model | X-Trail | Tiida | Zinger | Outlander | Savrin | Lancer
Acc 100 98.85 97.5 99.38 92.73 99.38
Make | Suzuki Ford ACC2
Model Solio Liata | Escape | Mondeo Tierra | 97.43
Acc 99.62 92.50 99.13 93.18 96.92 Acc
98.56

layers (50 layers for ResNet50), so the model does not acquire a good generalization ability.
For example, there are only 15 training images for Ford Liata and 12 for Mitsubishi Zinger,
and the recognition accuracy of ResNet50-LRAU (d2k2) on both vehicle models is only
90.00%. Surprisingly, VGG16-LRAU (d2k3) has a stable performance when recognizing
different vehicle models, even though some vehicle models have a small number of training
images. For some vehicle models, VGG16-LRAU (d2k3) even achieves 100% accuracy, such
as with the Nissan X-Trail and Ford Liata. The ACC2 of BoSURF-SD-SVM is 86.78%,
VGG16-LRAU (d2k3) outperforms it by a large margin of 12.43%.

Since ResNet50-LRAU (d2k2) and VGG16-LRAU (d2k3) have higher performance,

we also show their confusion matrices to compare with the traditional machine learning
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Figure 4.8: Confusion matrices for (a) ResNet50-LRAU (d2k2) and (b) VGG16-LRAU
(d2k3). The result is the average of experiments on ten datasets.

method. Their confusion matrices on recognizing the 29 vehicle models in the NTOU-
MMR dataset are shown in Figure 4.8. Siddiqui et al. [230] found most of the inaccurate
predictions of their models are towards Class Toyota Altis and Toyota Camry. They
thought this was mainly caused by the imbalanced number of training images for different
vehicle models. For example, the number of training images of the Toyota Altis and Toyota
Camry is largely greater than other vehicle models. For our proposed model, we did not
observe the wrong predictions clearly towards any specific vehicle model, which shows our
models have a robust performance in recognizing different models, even though the number
of training images is imbalanced in the dataset. For ResNet50-LRAU (d2k2), we observe
it would mistakenly recognize class 16 (Nissan Sentra) as class 17 (Nissan Cefiro) or vice-
versa. By checking the images, we found the vehicles of these two classes are very similar,
and the training images of both models are very few. We think ResNet50-LRAU (d2k2)
has a poor performance in recognizing these two vehicle models, mainly due to the lack
of training images. For VGG16-LRAU (d2k3), the recognition performance of recognizing
these two vehicle models is better than ResNet50-LRAU (d2k2). We can also observe such
an improvement in Table 4.17 and 4.18.

4.2.8 Performance Under Different Environmental Conditions

In order to evaluate the performance of our models under different environmental condi-
tions, we manually marked the environmental conditions of each image in the NTOU-MMR
dataset. There are four environmental conditions: (1) Sunny; (2) Cloudy; (3) Rainy; (4)
Underground (parking lot). Vehicle images taken on a sunny day are marked as sunny.
Sometimes, it is difficult to distinguish between sunny and cloudy days. The standard we
use is to mark the image as sunny if it shows the obvious shadow of the objects or sunlight.
When there is no clear shadow or rain, we mark the image as cloudy. If the vehicle is
parked in an underground parking lot, we will mark the image as underground. In Figure
4.9, we show sample images under different weather conditions.
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(¢) Rainy day (d) Underground parking lot

Figure 4.9: Sample images under different environmental conditions

Table 4.20: Performance of ResNet50-LRAU (d2k2) under different environmental condi-
tions

Sunny Cloudy Rainy Underground Total

Total 418.6 648.3  179.3 85.8 1332
#Correct 410 640.6  177.8 85.8 1314.2
Accuracy  97.94 98.81 99.17 100 98.66

Table 4.21: Performance of VGG16-LRAU (d2k3) under different environmental conditions
Sunny Cloudy Rainy Underground Total

Total 418.6 648.3  179.3 85.8 1332
#Correct  414.9 644.7  178.8 85.8 1324.2
Accuracy  99.11 99.44 99.72 100 99.41

Images taken in different environmental conditions can affect model performance. On
sunny days, the strong sunlight can cause the vehicle’s surface to reflect. Some keypoint
regions may be difficult to identify. For example, it is difficult to recognize the logo of the
vehicle in the first image in Figure 4.9(a). On rainy days, rain and windshield wipers could
also affect the appearance of the vehicle. For vehicles parked in an underground parking
lot, dim lights and a short distance from the nearby vehicles can also interfere with vehicle
recognition.

In Table 4.20 and Table 4.21, we show the performance of ResNet50-LRAU (d2k2)
and VGG16-LRAU (d2k3) under different environmental conditions. We observe that
the recognition accuracy of ResNet50-LRAU (d2k2) on sunny days is lower than other
environmental conditions. By checking the images of wrong predictions, we found that
the reflection of the vehicle surface caused by sunlight would affect the model. However,
VGG16-LRAU (d2k3) still achieves an excellent performance under this challenging en-
vironmental condition. The recognition accuracy on sunny days is improved to 99.11%.
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Table 4.22: Comparison of the object detection results on the PASCAL VOC 2007 test set

Model mAP(%) | Params.(10%) | FPS

Previous  YOLO (448) [217] 63.4 - 15
YOLO VGG (448) [213] 66.4 - 21

YOLOV2 (352) [211] 73.7 - 81

SSD [173] 77.2 ; 59

RFB [177] 80.5 34.5 83

Our SSD 77.6 26.3 83
RFB 80.0 36.5 56

SSD-LRAU 77.8 21.6 83

According to the high recognition accuracy on rainy days, we believe that the blurring
effect of rainwater has little effect on our models. The experimental results demonstrate
VGG16-LRAU (d2k3) has a stable performance under different challenging environmental
conditions.

4.2.9 Object Detection

Even though SSD-LRAU is not designed for the object detection task, we also test the
object detection performance of SSD-LRAU. We report the results from the original papers,
and re-implement SSD and RFB for a fair comparison. These models are trained on the
VOC200742012 training set and tested on the VOC2007 testing set. The comparison
of these models is shown in Table 4.22. SSD-LRAU achieves 77.8% mAP, which is a
comparable result to SSD. The VGG version of YOLO achieves 66.4% mAP, SSD-LRAU
outperforms it with a large margin (11.4%). Moreover, SSD-LRAU is much smaller than
YOLO, SSD, and RFB, and it has a faster detection speed. The results show that SSD-
LRAU is also an excellent object detection model.

4.3 Summary

In this chapter, we proposed LRAU, a lightweight attention module designed to enhance the
fine-grained feature extraction ability of standard CNN architectures. The proposed LRAU
can help the model effectively extract discriminative features. By adding LRAU to two
popular standard CNN architectures, we proposed two VMMR models, ResNet50-LRAU
and VGG16-LRAU. We conducted a wide range of experiments on three benchmark VMMR
datasets, including evaluation under different environmental conditions. The experimental
results on these three challenging vehicle datasets demonstrate that our models surpass the
traditional VMMR models and the state-of-the-art deep learning-based VMMR models. In
particular, our models have stable performance under different environmental conditions.

In addition, we proposed a one-stage VDFR model SSD-LRAU to simultaneously detect
and recognize the vehicle information. Our model achieves excellent fine-grained recogni-
tion performance and can be used in a real-time environment. We also conducted exper-
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iments on an object detection dataset, and the results demonstrated that SSD-LRAU is
also an excellent object detection model.
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Chapter 5

Compact Attention Unit

Vehicle Re-identification (VRelD) is an essential topic in the Intelligent Transportation
System (ITS) and Smart City. As shown in Figure 5.1, given a query vehicle image, the
goal of the vision-based VRelD is to find the target vehicle from a large image database.

Query Gallery

Vehicle 2

Vehicle 3

Figure 5.1: Vehicle re-identification (VReID) task. For each image in the query set, the
goal of VRelD task is to find the target vehicle from the gallery set. The query wvehicle
1 has a similar shape as vehicle (a) and vehicle (b). To distinguish these two vehicles,
we need to pay more attention to the discriminative regions (e.g., red circle region) and
compare them.

In this chapter, we propose the Compact Attention Unit (CAU). By adding multiple
CAUs to a truncated ResNet, we construct an efficient VReID model. The model extracts
both the global feature and discriminative local feature and uses them to identify the target
vehicle. More importantly, the model has a small model size and fast image processing
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speed, making the model more suitable for smaller devices and the real-time environment.
The content of this chapter has been published in An Efficient Real-Time Vehicle Re-
Identification Scheme Using Urban Surveillance Videos.

5.1 The Proposed Approach

This section introduces the proposed attention module and the combination with standard
CNN architectures. Generally, humans recognize a vehicle by checking its global appear-
ance (the whole vehicle). For very similar vehicles, they pay extra attention to the local
feature (e.g., headlight, taillight, logo). To make the model pay more attention to the local
feature, we propose our attention model.

4 - N\
H| ‘pxixl N
Conv: W, g%
Z
IxIxl
Conv: W, M
- J

Figure 5.2: The structure of Compact Attention Unit. Conv denotes the convolutional
layer.

5.1.1 Attention Module

Given an image x as input, the backbone network will generate a set of feature maps.
The CAU takes the feature maps as input. Then, CAU will automatically locate the
discriminative regions and generate attention features. The structure of the CAU is shown
in Figure 5.2. In CAU, the input feature maps will first be processed by the convolutional
layers with 1 x1 kernel size. Let H represents the input feature maps, and W, the overall
parameters. The procedure is denoted by:

U=W,x*H, (5.1)

where U € R¥>"*% i5 the generated feature maps, h and w represent the height and width
of the feature maps, respectively, d is the number of channels. The whole convolution
operations are denoted by ‘“*’. Then, a Batch Normalization (BN) layer [115] is used to
normalize U.

As each channel of the feature maps can reflect some discriminative regions [287], a
general way of generating the attention map is summing up (or averaging) the feature map
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along the channel dimension to generate a heatmap. Then the most important region will
have a higher value in the heatmap. By setting a threshold, the discriminative region can
be explicitly selected (e.g., [219]). Instead, we adopt another 1 x1 convolutional layer to
produce the attention map directly:

M = o(W,, « H), (5.2)

where M € R"™% is the attention map, which is a 2D matrix. The sigmoid ¢ function is
used to normalize the value of the attention map between 0 and 1. The value of a location
in the attention map is the weighted sum of all channels of the input feature maps in that
location. Therefore, the filter can learn to give a high weight to the important channel
and a low weight to the less important channel. Then, the discriminative regions will be
shown in the generated attention map. Figure 5.2 shows the visualization of M, where the
red regions indicate the discriminative parts of the vehicle.

Then, the attention map is used to extract the discriminative features from U.

where Z; represents the ith channel of the attention features, x € {0,w}, y € {0,h}.
By multiplying the attention map with the feature maps, the value of the discriminative
regions of all channels in the feature maps will be given a high weight. The size of the
generated attention features is the same as the size of the input feature maps.

[ Classification Loss J«—_ FC Layer ]
A
| Triplet Loss |« —
A feature embedding
( GAP
CAU
0 H2¢ H
cl 4 |c C A
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1 2 3
feature
{ 3x256x128 ResNet maps )

Figure 5.3: The framework of the ResNetT-CAU.

5.1.2 Combining CAU with ResNet

The proposed CAU can be added to most standard CNN architectures to extract the local
features. We choose ResNetb0 as the backbone feature extraction network. ResNetb0
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mainly consists of four Convolutional Layer Groups (CLGs). Each CLG consists of a
different number of Bottleneck Blocks (convolutional layers). The numbers of channels
of the output feature maps of these CLGs are 256, 512, 1024 and 2048, respectively. By
checking the number of parameters of each CLG, we found the fourth CLG accounts for
the largest proportion among the four groups. Also, the size of the images in the VRelD
datasets is smaller than the general input size of ResNet (224 x 224). Therefore, we think
the fourth CLG of ResNet maybe redundant when used to address the VRelD task. To
construct a model with small model size, we remove the fourth CLG of ResNet50. The
generated model is called ResNetT.

We add two CAUs to the end of the first and second CLG to receive the feature maps
with 256 and 512 channels, respectively. The proposed model is called ResNetT-CAU. The
structure is shown in Figure 5.3. As shown in Figure 5.3, these two CAUs extract the
discriminative local features from the feature maps of different scales. The local and global
features (generated by the last CLG) are processed by the Global Average Pooling (GAP)
layer. After the pooling operation, tree vectors of sizes 1024, 512, and 256 are generated.
The vectors are then concatenated together and normalized by the BN layer to generate a
1792-dimension feature embedding. The feature embedding is used to calculate the feature
distance during testing.

5.1.3 Loss Function

We use the triplet loss function and the Cross-Entropy Loss (CEL) function to train our
model. Given tree images (triplet) {q, z?, 2™} as inputs, where ¢ (query) is the image of a
specific vehicle, P (positive) is an image that contains a vehicle the same as ¢. In contrast,
x™ is the negative sample of a vehicle different than ¢q. Let f(x) be the feature embedding
of the input image x. The triplet loss function is defined as:

Liyi = Zmaw{(l D(f(g), f(2")) + = D(f (@), f(z"))}, (5.4)

where N is the number of the samples, « is the minimum margin between the positive
sample and negative sample. D(a,b) calculates the feature distance of a, b. In general,
the feature distance is the Euclidian distance. The function’s goal is to make the feature
embeddings of the images belonging to the same vehicle have a smaller feature distance,
and make the feature embeddings of different vehicles have a large feature distance.

During testing, the feature embedding is directly used to compare the feature distance.
During training, a Fully-Connected (FC) layer is used to process the feature embedding
to generate the vehicle model classification score. The classification score is then further
normalized by the softmax function. With the vehicle model classification loss function,
vehicles of the same vehicle model will be clustered together, which will further improve
the model performance. In our work, we adopt the CEL function as the classification loss
function:

Lcel = - Z ZjllOgyla (55)
i=1
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where y; is the predicted probability for class ¢, ¢ is the number of vehicle model categories,
g is the one-hot encoded ground-truth label vector. However, by simply using the CEL
function, the model will cluster vehicles of the same model tightly, which will affect the
model performance when recognizing two different vehicles of the same model. Therefore,
we adopt the label smooth strategy [199]: ¢ is redefined as ¢;(i = j) = 1 — ¢ and g;(i #

j) = %, where j is the target category. 4 is set to 0.1 in our experiments.

5.2 Experiments

5.2.1 Dataset and Evaluation Metrics

VeRi [175]: The images in this dataset are captured by 20 surveillance cameras deployed
along a circular road. Each vehicle is captured by 2-18 cameras with different viewpoints
under different environmental conditions. The dataset contains a training set and a testing
set. The training set contains 37,781 images of 576 vehicles. The testing set is further split
into a gallery set containing 11,579 images of 200 vehicles and a query set containing 1,678
images of 200 vehicles.

VehicleID [170]: The entire dataset contains 221,567 images of 26,328 vehicles, which
are also captured by several surveillance cameras. The images are only captured from the
front or the back viewpoint. The training set contains 110,178 images of 13,134 vehicles.
VehiclelD provides several testing sets. We mainly use the three commonly used test sets
to test our models, namely Test800, Test1600, Test2400. Test800 contains 5,693 query
images and 800 gallery images of 800 vehicles. Test1600 contains 11,777 query images and
1,600 gallery images of 1,600 vehicles. Test2400 contains 17,377 query images and 2,400
gallery images of 2,400 vehicles.

Evaluation Metrics. For the performance evaluation, we follow the evaluation pro-
cedures proposed in [175, 170]. We use the mean Average Precision (mAP) and the rank-1
and rank-5 identification rate to evaluate the model performance. The two metrics are
widely used in the re-identification field. The mAP reflects the average precision of the
model for all queries. The rank-k identification rate represents the percentage that the
correct matches appear in the top-k results. We use the cosine distance and adopt Deep
Spatial Reconstruction (DSR) [135] as the matching method.

5.2.2 Implementation Details

The models are implemented with PyTorch [206]. Experiments are conducted on a work-
station with one GTX1080Ti GPU. The size of the input image of the model is 256 x
128. We use the horizontal flip and Random Erase [291] methods to augment the training
image.

The model is trained for 120 epochs in total. The initial learning rate is 0.00035, and
the learning rate is reduced by a factor of 0.1 (learning rate decay) at 40th and 90th epoch.
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The training batch size is 64. We use the pre-trained ResNet as the backbone network,
which is first trained on the ImageNet dataset [235], and then combined with CAU fine-
tuned on the target datasets. The filter weights of CAU are initialized using the method
introduced in [134], and biases are initialized to zero. The vehicle ID and vehicle model
annotations are used as the ground truth labels in training.

Learning rate warmup. We adopt a learning rate warmup method proposed in [135]
for the first 10 training epochs. During each training iteration (train a batch of images),
the learning rate changes based on the following equation:

Ir = lriyg xwf, (5.6)
wf = wfini x (1= B) + 5, (5.7)

where [r;,;; is the initial learning rate, w f is the warmup factor, which is initialized to 0.01.
f= totaliw;ﬁ;‘ﬁf’gzmtiom, B is a factor used to adjust wf during each training iteration. In
our experiment, the number of warmup epochs is set to 10, which is 5,890 warmup iterations
for the VeRi dataset and 17,710 warmup iterations for the VehicleID dataset. Generally,
at the beginning of the warmup iterations, the learning rate will be a value lower than
the initial learning rate (0.00035). Then, the learning rate will be gradually increased to
0.00035. The learning rate warmup strategy can effectively prevent the over-fitting of batch
training at the initial training stage and improve the model performance.

Hard triplet mining. For the triplet loss function, the selection of triplets is impor-
tant. To make the training more efficient, during training, the inputs are a batch of images,
and each image is taken as the query. For each vehicle in a training batch, we sample k
images. For example, we select 16 vehicles in a training batch, each containing 4 images
(samples). Therefore, the number of images belonging to a vehicle in a training batch is
balanced. During training, for each vehicle, instead of randomly choosing the positive and
negative samples, we adopt the strategy proposed in [138]. The positive sample is the
one that has the largest distance with query among all positive samples, and the negative
sample is the one that has the smallest distance with query among all negative samples.

5.2.3 Ablation Study

This section conducts a series of comparison experiments on the VeRi dataset to validate
the effectiveness of our proposed VRelD model. We propose three models that have a
similar structure to our model. The structure of these three models is shown in Figure 5.4.
Figure 5.4(a) is named ResNetT-Plain. In this model, we directly concatenate the features
extracted by CLG3, CLG2, and CLG1. We can verify whether the model performance
mainly comes directly from using feature maps of different scales. In Figure 5.4(b), instead
of directly using the feature maps, we add extra convolutional layers to further extract
the features. We named this model ResNetT-Conv. The model can help us verify the
effectiveness of our CAU. In Figure 5.4(c), we add one FC layer to further process the
concatenated feature embedding. We named this model ResNetT-CAUFC.

To systematically evaluate the proposed models, we also report the number of param-
eters, floating point operations (FLOPs) [197], and the processing time per batch (the
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Figure 5.4: The structure of the models used for ablation study

Table 5.1: Ablation study results on the VeRi dataset (%). WU: Learning rate warmup.

HT: Hard Triplet Mining
Model P F T | mAP | Rank-1 | Rank-5
ResNet(no WU) 24.69 | 4.06 | 5.5 | 70.77 92.67 96.84
ResNet(no HT) 24.69 | 4.06 | 5.5 | 73.03 93.44 96.96
ResNet 24.69 | 4.06 | 5.5 | 73.33 93.80 97.50
ResNetT(no WU) | 9.13 | 2.15 | 4.6 | 63.87 89.7 96.00
ResNetT(no HT) 9.13 | 215 | 4.6 | 70.38 93.03 97.38

ResNetT 9.13 | 2.15 | 4.6 | 71.16 91.66 97.20
ResNetT-plain 9.57 | 2.15 | 4.6 | 71.37 92.25 97.02
ResNetT-Conv 9.9 | 242 | 5.1 | 74.19 94.10 97.20
ResNetT-CAU 991 | 242 | 5.1 | 75.86 | 94.87 97.74

ResNetT-CAUFC | 11.3 | 242 | 5.2 | 75.38 | 94.99 97.56

Abbreviations: P: The number of parameters (x10°). F: The
number of FLOPs (x10%). T: Processing time per batch (ms).
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testing batch size is 128) of each model. These factors are usually used to evaluate the
deep learning models. The evaluation results are shown in Table 5.1. In the table, we
can observe that the learning rate warmup strategy and hard triplet mining can effectively
improve the model performance, and they are beneficial for the truncated ResNet. For
example, these two training strategies can improve the mAP of ResNetT by 7.29% and
0.78%, respectively.

When we remove the last CLG of ResNet, the mAP is decreased from 73.33% (ResNet)
to 71.16% (ResNetT). We can also observe that the combination of feature maps of dif-
ferent scales (ResNetT-plain) can slightly improve the model performance. By further
extracting feature maps, ResNetT-Conv achieves mAP of 74.19%, which is an excellent
improvement. By adding CAUs to ResNet, the mAP is further improved to 75.86%. Com-
pared with ResNetT, the mAP is improved by 4.7%, the rank-1 and rank-k identification
rate is improved by 3.21%, and 0.54%, respectively. The results indicate that CAU can
significantly improve the model performance. In addition, the mAP of ResNetT-CAU is
2.53% higher than that of ResNet, and the model size of ResNetT-CAU is only 40.14% of
the original ResNet. The processing speed of ResNetT-CAU is 5.1ms per batch (one batch
contains 128 images). As a comparison, the image processing speed of QD-DLF [290] is
11.2ms per image. ResNetT-CAU is significantly faster than QD-DLF, and our model has
a better performance (shown in Section 5.2.4). The FC layer is often used to further pro-
cess the concatenated feature embedding. Therefore, we add one FC layer to project the
feature embedding to a 1024-dimensional feature embedding. We can observe the rank-1
identification rate is slightly improved.

Table 5.2: Comparison with the state-of-the-art VReID methods on the VeRi dataset (%)

Model mAP Rank-1 Rank-5
FACT [175]  19.92 59.65  75.27
SDC-CNN [297]  53.45 83.49 92.55
PROVID [176] 5342  81.56  95.11
VAMI [201] 6132 8592  91.84
RAM [177] 615 886 94.0
QD-DLF [296]  61.83  88.50  94.46
VANet [91] 66.34 89.78 95.99
PAMTRI [247]  71.88 92.86 97.97
SAN [210] 72.5 93.3 97.1
He et al. [133]  74.3 94.3 98.7

ResNetT-CAU  75.86 94.87 97.74

5.2.4 Comparison with the State-of-the-Art Methods
Performance on VeRi

Table 5.2 shows the comparison results of our proposed model with the recent state-of-
the-art methods on the VeRi dataset. Compared with the global feature extraction models

(FACT [175], SDC-CNN [297]), ResNetT-CAU shows a significant model performance
improvement. From the table, we can observe that the models ([210, , |) that using
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Table 5.3: Comparison with the state-of-the-art VRelD methods on the VehicleID dataset
(%). R-1: rank-1; R-5: rank-5

Model Test800 Test1600 Test2400
R-1 R-5 R-1 R-5 R-1 R-5
DRDL [170] 48.91 66.71 | 46.36 64.38 | 40.97 69.02
FACT [175] 49.53  67.96 | 44.63 64.19 | 39.91 60.49
VAMI [294] 63.12 83.25 | 52.87 75.12 | 47.34  70.29
SDC-CNN [297] | 56.98  86.90 | 50.57 80.05 | 42.92 73.44
QD-DLF [296] 72.32 9248 | 70.66 88.90 | 64.14 83.37
RAM [177] 75.2 91.5 72.3 67.7 67.7 84.50
GS-TRE [28] 75.9 84.2 74.8 83.6 74.0 82.7
ResNetT-CAU | 80.40 93.75 | 76.27 90.14 | 74.45 87.87

both the global and local features achieve a better result than the models only use the
global features. He et al. [133] adopted a detection network to locate the part regions,
the model achieves mAP of 74.3%. Our model implicitly locates the discriminative regions
without using any part annotation, achieving 75.86% mAP, which is the best result.

Performance on VehicleID

Table 5.3 shows the performance comparison of ResNetT-CAU with the state-of-the-art
methods on the VehicleID dataset. We can observe that our model consistently achieves
very high rank-1 and rank-5 identification rates on these three test sets. The results show
that the performance of ResNetT-CAU on the VehicleID dataset is better than the recent
state-of-the-art methods.

5.3 Summary

In this chapter, we proposed a Compact Attention Unit (CAU), which can effectively ex-
tract the discriminative local features. The proposed ResNetT-CAU retrieves and identifies
vehicles by comparing the extracted global and discriminative local features. Extensive ex-
periments on the VeRi and VehicleID dataset indicate the proposed ResNetT-CAU achieve
the highest re-identification results on both datasets. Moreover, ResNetT-CAU has a small
model size and a very fast processing speed (5.1 ms per batch), which allows it to be used
in devices with poor hardware specifications, and still achieves excellent performance. For
future work, we plan to add CAU on other CNNs to explore its compatibility.
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Chapter 6

Conclusion and Future Work

In this section, we conclude the proposed vehicle recognition models and provide directions
for future work.

6.1 Conclusion

This thesis proposes deep learning-based models for robust and real-time vehicle recogni-
tion. To improve the VMMR performance of standard CNN architectures, we proposed
RAU. RAU effectively extracts the discriminative features of an object by evaluating fea-
tures extracted from different layers. The efficiency of the proposed ResNet101-RAU is
tested on three challenging VMMR benchmark datasets, i.e., Stanford Cars, CompCars,
and CompCars Surveillance.

To construct an efficient real-time VMMR model, we simplified the RAU structure and
proposed LRAU. We combine LRAU with ResNet50 and VGG16 to enhance the feature
extraction ability of these two standard CNN architectures. Experimental results show that
our models achieve state-of-the-art results on the Stanford Cars, CompCars, and NTOU-
MMR datasets. Also, the performance improvements of ResNet50 and VG(G16 demonstrate
the compatibility of LRAU with different models. Furthermore, We apply LRAU to SSD
to construct a one-stage VDFR model. The proposed SSD-LRAU can detect the vehicle
and recognize the fine-grained information with real-time processing speed.

To achieve real-time VRelD, we proposed the CAU, which effectively extracts the dis-
criminative local features without using any part annotation. The outstanding discrimina-
tive feature extraction ability of CAU significantly helps ResNetT-CAU achieve excellent
VRelD performance with very small model size. Extensive experiments on the VeRi and Ve-
hicleID datasets indicate the proposed ResNetT-CAU achieves the highest re-identification
results on both datasets.

This thesis also conducts a thorough review and comparison of the state-of-the-art deep
learning-based models proposed for VAVR. We present a detailed introduction to different
vehicle recognition datasets used for a comprehensive evaluation of the proposed models.
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We also critically discuss the major challenges and future research trends involved in each
task. Our comprehensive model analysis will help researchers that are interested in VD,
VMMR, and VRelID, and provide them with possible directions to solve current challenges
and further improve the performance and robustness of models.

6.2 Future Work

For future work, we can start with the following:

Currently, the two-stage VMMR models can recognize multiple vehicles contained in
one image with a real-time processing speed on our workstation. However, the detection
speed of the model may decrease on some devices with low hardware configuration. As an
improvement, we can reduce the model size by quantizing or pruning [131, |. Then,
the model can be installed on many devices, such as smartphones or vehicles with low
hardware configuration.

Our one-stage VDFR method can only detect a single object once a time due to the
structure of the current model. For the improvement, we can improve the model to recog-
nize multi-object at the same time. One method is to collect a new dataset, which contains
the fine-grained label for each object in one image. Then, we can directly train our model
to recognize multi-object. Another method is to modify the structure of the model to
make it produce multi-level labels. For example, we can design the model to recognize the
general object and then recognize the fine-grained category. When the model only has a
low confidence score about the fine-grained category, we can make the model only output
the general category.

The current research on the realization of a reliable vision-based VRelD model is still
in the early stage. More efforts can be made to balance the inter-class similarity and
intra-class variance to achieve a robust VRelID model.
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