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Parking is one of the major problems in autonomous driving. Although cars can park in

a parking spot automatically now, they can’t find where they can park. In this thesis, we

propose a novel street parking sign detection and recognition pipeline. This pipeline detects

and recognizes street parking signs in images based on deep neural networks. After testing

several models, we adopt RetinaNet [17] as our street parking sign detection model, and

CTPN [34]-EAST [37]-CRNN [30] as our street parking sign recognition pipeline. To train

the neural network, we build a street parking sign dataset containing street parking sign

images, bounding boxes, and text. To the best of our knowledge, this is the first work on

street parking sign detection and recognition.

In addition, we also build a street parking sign detection and recognition system, which

includes a server and an app. Users can use the app for uploading and check any street

parking signs around. For improving the data credibility, we purpose a trust system for

evaluating the confidence scores and reputation level of parking sign uploading and users.

Based on this trust system, our system will get much more reliable data and provide correct

information for users.
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GLOSSARY

ARTIFICIAL NEURAL NETWORK: A computation system, which is inspired by biological
neural network and performs well in machine learning.

OCR: Optical Character Recognition. Recognize text in images.

OBJECT CLASSIFICATION: A task in computer vision. Classifying objects in images.

OBJECT DETECTION: A task in computer vision. Detecting objects in images.

TRUST SYSTEM: A system which can detect and eliminate invalid data in a data collection
system.

PSDR PIPELINE: Street Parking Sign Detection and Recognition Pipeline
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Chapter 1

INTRODUCTION

With the development of Artificial Intelligence, Network, and related technologies, au-

tonomous driving no longer becomes a word only appearing in science fiction nowadays. By

combining object detection, object tracking, and depth estimation, computer vision helps

cars to recover their trajectories and locate other surrounded objects. Besides, the Internet

of Things(IoT) connects the city surveillance system, cars, and all the other sensors, which

makes cars obtain information from a much broader environment.

While lots of experiment self-driving cars already run on the roads now. To make a car

fully ”self-driving,” how to find a parking spot is still a problem. To find a parking spot,

cars should find and recognize parking signs on the roadsides. However, around the United

States, there are millions of parking signs, and in different states(even cities), parking signs

may be significantly diverse. So, sometimes, even humans cannot recognize the parking rule

from several parking signs in an unfamiliar environment.

Traffic sign detection [1, 4, 29, 32] used to be a popular topic in the first ten years of the

21st century and is similar to street parking sign detection. However, there are much more

information and diversity on park signs, and the text on parking signs make the recognition

problem of parking signs become significantly more difficult than the problem of traffic signs.

So, we can not directly adopt traffic sign detection methods for our problem.

For solving this problem, firstly, we need to build a street parking sign detection and

recognition(PSDR) pipeline. Although street parking signs are similar to traffic signs, and

there is much work about traffic sign detection, there are much more information and diver-

sity on park signs. So, we introduce a new, more robust method.

Object detection already becomes quite mature these years, but the lack of data is the
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primary difficulty for us to build a robust street parking sign detection model. In this thesis,

we introduce a new street parking sign detection dataset and use yolov3 as a baseline for

detection. This dataset contains signs from more than 10 states and 20 cities across the

United States.

We build an app for collection, sharing, and analyzing the data. Users can upload and

check signs on the map since the users’ uploading data is not reliable. To get more reliable

data, we also purpose a trust system to evaluate the uploading data. The trust system will

generate a confidence score for uploading based on the uploading user, the uploading location,

and the sensor’s error. Then, the app will only show those uploading whose confidence score

is higher enough.

1.1 Contributions

We propose a novel pipeline to detect, recognize, and understand street parking signs and a

reliable trust system. We improve the previous models to detect parking signs. We present a

new hybrid pipeline to recognize the text on the parking signs, which outperforms the state-

of-the-art open-source OCR methods. We design an algorithm for systematically analyzing

and understanding the content of the parking signs and inducting parking rules based on the

content, which is a brand new work to the best of our knowledge. We present our dataset

of street parking signs with the labels of the bounding boxes and text on each parking sign

and images taken from several different angles of view. By applying our trust system, we

can detect and eliminate the error or hostile data from users, which improves the reliability

of the whole system.
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Chapter 2

RELATIVE WORK

2.1 Object Classification

Object classification is a popular topic in the early 2010s. Deep learning methods first extract

features from original images by the convolutional network, then use fully connected layers for

classifying those features. Since the publication of ImageNet, more and more neural networks

appears, such as AlexNet [16](8 layers), VGG [31](19 layers), GoogLeNet [33](22 layers),

and ResNet [9](152 layers). However, deeper networks require more time for computing. So,

researchers start working on model optimization.

Howard et al. [11] modify the residual layer, which reduces the number of parameters in

the network and speeds up the inference. Iandola et al. [12] design a new module, called Fire

Module, which contains several convolutional layers and activation layers and make a new

network, SqueezeNet. By using the Fire Module, SqueezeNet can significantly decrease the

size of the model and achieve excellent performance.

2.2 Object Detection and Street Parking Sign Detection

Object detection methods can be divided into two categories: one-stage [17, 18, 26] and

two-stage methods [7, 8, 27].

2.2.1 Two-stage Method

Two-stage detection methods will firstly estimate region proposals as detection candidates.

Then running another neural network or regression model, they will predict several more

accurate bounding boxes and classification results.
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2.2.2 One-stage Method

One-stage detection methods estimate the bounding boxes and classes of different objects

simultaneously. So, one-stage methods usually are faster than two-stage methods, but have

low detection accuracy.

2.2.3 Street Parking Sign Detection

Street parking sign detection is a new field, and only a few papers are discussing this problem.

Mirsharif et al. [22] use SVM(Support Vector Machine) to detect the parking sign in the

picture. However, this traditional machine learning method can’t get us reliable results.

Also, because of the sliding windows method, their algorithm can not find parking signs in

different sizes.

Irshad et al. [13] build their own street parking sign detection dataset. They collect

parking sign images in San Francisco and test two detection methods: SSD [18] and Yolov2

[25]. However, signs in their dataset are too small to recognize text(Fig. 2.1). So, we

introduce a new street parking sign detection dataset in this thesis.

2.3 Text Recognition

The second step of our street parking sign detection and recognition system is to understand

the content of the parking signs, and most of the information is provided by the text on the

signs, in which character recognition plays an important role. Wang et al. [15] proposed an

effective pipeline to detect and recognize characters. The pipeline includes four steps: to

detect the potential location of characters using a sliding window and random ferns [2], to

recognize the characters by pictorial structures [6], to infer words by a trie-structured lexicon,

and to re-score the predicted words by SVM classifier. Another kind of character recognition

method proposed by Neumann and Matas [23] leverages pixel-wise gradient to propose several

expected extremal regions (ER) and computes statistical and graphical features [21] for the

AdaBoost classifier [28].
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Figure 2.1: Some examples for San Francisco Parking Sign Dataset [13]
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As the emergence of the application of a convolutional neural network to image processing

and computer vision, Wang et al. [35] presented a novel method to perform end-to-end

character recognition by CNN. Instead of using pixel-wise features, this network performs

convolution several times, to extract feature maps of different depth, and classifies those

feature maps to locate text lines of the corresponding size. According to the result claimed

in [35], the CNN method outperformed the previous methods without CNN, 20% better

than [15], and 30% than [23].

In our research, we figure out that there are no previous studies on recognizing and un-

derstanding the specific category of parking signs. Instead, there are some relevant works in

recognizing generic traffic signs. Traffic sign recognition methods mainly depend on recogni-

tion by classification, which means for different kinds of signs, they are different categories,

for example, speed limit signs with different speed limits. Bahlmann et al. [1] proposed a

pipeline to detect, track and recognize traffic signs. The method is based on graphical fea-

tures like color and shape. The features are extracted after normalization of the images, and

the first 25 most significant features by linear discriminant analysis are fed into a maximum

likelihood classifier. Sermanet and LeCun [29] proposed a method to recognize traffic signs

leveraging convolutional neural networks. Convolution is performed in two stages to extract

multi-scale features, and the output features of those two stages are concatenated and fed

into a full-connection classifier of 30 categories. Stallkamp et al. [32] compared several traf-

fic sign recognition methods. The result illustrated that CNN methods outperformed the

methods using linear discriminant analysis.

However, parking sign recognition is much more difficult. The most significant drawback

of sign recognition by classification is that the methods are not able to reproduce the text

on the signs, and the number of categories is limited. The text on the parking signs is subtle

and varies among different signs, for which the classification method without text recognition

is not sufficient.

Some studies are conducted to apply Optical Character Recognition(OCR) methods for

traffic sign recognition. In the study of Rahman et al. [24], the text recognition of simple
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text constructed from one or two single words is applied to recognize the traffic signs. Joshi

et al. [14] presented a system that leverages OCR to recognize plate numbers of vehicles and

authorize whether the vehicles are allowed to park in specific parking lots.

2.4 Trust System

The aim of trust system is to improve the reliability of a data collection system. Wang et

al. [36] build a trust system on a anonymous data collection system. Based on information

collected by some nearby sensors, data centers can know the ”reputation” of each sensor and

can detect the invalid or inaccurate data. Fan et al. [5] focus building a encryption system

to make the data more secure.
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Chapter 3

SYSTEM ARCHITECTURE

Our pipeline(Fig. 3.1) contains three components: street parking sign detection, parking

sign text recognition.

The input images can be taken by users or self-driving cars, and after passing through a

street parking sign detection network, we will crop the signs out based on detected bounding

boxes. A text recognition module will process each of the cropped signs and generate recog-

nized words and their bounding boxes. After concatenating those words and their bounding

boxes from different signs in the same image together, a text processing module will take

them as input and produce the final parking rules based on all the signs.

After getting the detection results, the trust system will calculate the confidence score

of this uploading, which is based on the GPS error σg, the user claimed location Lu, GPS

location Lg and user’s reputation level Ru. We will introduce the detailed information in the

following section.
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Figure 3.1: PSDR Pipeline

Figure 3.2: Trust system Pipeline
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Chapter 4

METHOD

4.1 Street Parking Sign Detection

We test several object detection models on street parking sign detection. Finally, we choose

the RetinaNet [17] as our backend detection method. RetinaNet is an one-stage object detec-

tion method, which is faster than two-stage methods and has reliable enough performance.

We train our detection model with the pre-trained weight on ImageNet.

4.2 Content Recognition

4.2.1 Components of Parking Signs

Some features of parking signs make recognizing the content of them different from recogniz-

ing generic traffic signs or text. The first notable feature is that many parking signs have a

rectangular block with inverted colors. Typically, this block locates in the left upper corner

of a parking sign, indicating the length of allowed parking time, as Fig. 4.1a shows, or the

word NO indicating no parking. The invert color scheme of the block makes the text in the

block difficult to be recognized accurately.

In our tests, general OCR methods [35] cannot accurately reproduce the number or word

in such blocks in more than half of test cases if we feed cropped out sign images into the

model. Another important component of parking signs is the arrow. To specify the region

where the parking sign is effective, we need to clarify if there are arrows on the signs and

directions of those arrows. Arrows on the parking signs fall into one of three categories:

pointing to the left, to the right, or bidirectional like Fig. 4.1a. In some cases, the rules on

parking signs are not indicated by the text ”No Parking,” but by a no parking symbol like

Fig. 4.1b instead. Also, in some cases, there is an allowed parking symbol like Fig. 4.1c
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on the sign. Based on the results of each OCR model mentioned, none of the models can

provide stable and predictable output for the no parking symbols or allowed parking symbols.

Other types of symbols also show on parking signs, as Fig. 4.1d is an example of a tow-away

symbol, which means that vehicles violating the rule will be towed away. The figures of other

types of symbols may vary from one to another, making it hard to be classified, while the

semantic information of the symbols is always implied by the text on the parking sign. So,

in our system, we set those symbols aside. We consider allowed parking symbols to be not

informative similarly, and those symbols are ignored as well.

4.2.2 Blocks in Invert Color

The fact that general OCR models perform relatively bad on the text in the blocks in the

invert color scheme shows the necessity of special process on such blocks. We further find

that if we crop out the region that only contains the blocks and feed that region to models,

the accuracy will improve significantly. In our pipeline, we first detect regions of the blocks

in invert color if they exist and then feed them into OCR models. We notice the fact

that one parking sign may have multiple such blocks in invert color, and the blocks do not

necessarily occur in the left upper corner, as Fig. 4.3. Fortunately, as we collected more

than 2000 different parking signs across over 20 cities, all such blocks only occur against the

left or right edge of the parking signs, which we observed. That property eases the difficulty

of detecting and extracting the blocks. Another property is that such blocks are always

rectangular, for our detection algorithm gives a rectangle region for every detected block as

output.

After all, we notice that no block spans more than half of the parking sign in width, that

is, every block locates either in the left half of the sign or the right half, and all the blocks

in the same side of one sign have the same width. The detection of the blocks locating

in the left half includes three steps: first, finding the possible right edges of the blocks,

second, vertically splitting the region bounded by the proposed right edges and the left edge

of the sign, and third, determining the best right edge of the blocks. A symmetric process



12

(a) (b)

(c) (d)

Figure 4.1: Figure 4.1a: example for block in invert color indicating the length of allowed
parking time (2 hours) and bidirectional arrow. Figure 4.1b: example for no parking symbol.
Figure 4.1c: example for allowed parking symbol. Figure 4.1d: example of other types of
symbols (indicating that violators will be towed away).
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Figure 4.2: Trust system Pipeline

is performed to the right side of the sign. We binarize the input image and scan from the

vertical midline of the image, which could be denoted as u = W
2

. Decrease u by one pixel

every time until the mean of the pixels in that vertical line is smaller than a threshold δ1.

H∑
v=1

pv,uj
H

< δ1 (4.1)

We may find multiple uj meet (4.1). For consecutive uj, remove all the smaller ones and

only leave the rightmost ones. List the remaining uj as u1, u2, .. as the proposed right edge

of the blocks. For each remaining uj, scan from v = 0 down to v = H horizontally. If the

pointer vi is initialized or in a white region, i.e. not in the block in revert color, scan for a

vi that meets
uj∑
u=1

pvi,u
uj

< δ2. (4.2)

That denotes an upper edge of a proposed block. Then search for a lower edge by

uj∑
u=1

pvi,u
uj

> δ3. (4.3)
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Figure 4.3: Example for multiple blocks in invert color, and neither of them locates in the
left upper corner.

Stop when vi = H. Pair the upper edges with the lower edges and for each proposed right

edge, some blocks of invert color have been segmented. Denote the upper edge of the block

as v = vu and the lower edge v = vl. For each proposed right edge uj, first remove the blocks

which

vl − vu
uj

<
1

3
(4.4)

to remove the proposed blocks which are actually horizontal rules like Fig. 4.1c. Also remove

the blocks which
vl∑

v=vu

pv,uj
vl − vu

> δ4 (4.5)

which fixes the prediction on right edge. Sort the proposed right edges by the number of

remaining proposed blocks and choose the one with most blocks (the rightmost one if draw)

as the right edge.

4.2.3 Arrow and No Parking Symbol

Since there are some signs in the same images representing different rules for different direc-

tions, we need to identify the different types of arrows in signs. As a result, we add an arrow
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classification network to our system. We adopt SqueezeNet [12] as our classification network

since this network architecture has fewer parameters than other classification networks and

can achieve a reliable enough performance. Signs are divided into four categories: containing

a left arrow, a right arrow, a bidirectional arrow, or no arrow.

Also, since our text recognition method can not recognize some special symbols(figure

5.1) in parking signs, for example, the No Parking symbol, we adopt the same network

architecture as the arrow classification and divide the signs into two categories, with or

without No Parking symbol.

Both of these two classification results will be fed into the text processing module to

merge the text and information from different signs.

4.2.4 Text Recognition

For text recognition, based on the performance reported by [15], [23], [35] and [30], models

with convolutional neural networks generally outperform the models without CNN. Convo-

lutional recurrent neural network, shortly CRNN, is a model proposed by Shi et al. [30].

CRNN is a model using convolutional layers to extract feature maps and classifying by a

recurrent network with LSTM [10] and CTC loss [19]. CRNN model takes a image of a single

word or text line as input. The height of the input image is fixed to be 32 and the width

could be flexible. The output gives the predicted text on the input image.

To crop out the region of text lines or words to be fed into CRNN model, we choose

connectionist text proposal network, or shortly CTPN, proposed by Tian et al. [34], a model

leveraging features from convolutional neural networks to detect and locate all the text lines

by a recurrent network with LSTM. The main drawback of CTPN model is that it can only

detect a text line, i.e. a rectangular region that contains a line of text. The width of the

detected region spans from the width of a single character to the width of the input image

of the sign. The output region of CTPN model usually includes more than one word, and

CRNN model will not recognize the space between words in a text line.

A solution proposed by Zhou et al. [37] is a multichannel text detector using convolutional
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neural networks called EAST model. It performs better than CTPN model on a smaller scale,

and the main feature of EAST is to detect the space between words in a single text line. Its

performance is not so good as CTPN in detecting the text lines, i.e. it is not accurate enough

in the upper and lower edge of the region of a text line, but it can give the region of a single

word. So our text recognition solution is to feed the image of parking sign into CTPN first

to get the bounding boxes of text lines and to crop out the region of each detected text line

and leverage EAST to split the text line and output the bounding boxes of single words. The

region of every word and every block in invert color is cropped and resized to the height of

32. The ratio is the same as the input of CRNN, and the output is the predicted word. For

further usage, we ordered the output of CRNN by the bounding boxes provided by EAST

model and blocks in invert color detection. All the bounding boxes involved is a rectangular

region bounded by the coordinate of four angles.

4.3 Trust System

To build a trust system which can detect invalid data, we design two parameters, User

Reputation Level, R, and Uploading Confidence Score, C. Both of these two parameters are

between 0 and 1. The final trust scores T is the product of R and C.

T = RC (4.6)

4.3.1 Uploading Confidence Score

Since we allow users to upload new street parking signs to the server, like a crowdsourcing

system, we need to build a trust system to judge whether the coming data or users should

be trusted or not. We define the confidence score, C, of a data as:

C = λrλtCb (4.7)

The basic confidence of that data, Cb, is generated when the data is uploaded. The
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data existing time factor λr, and the number of reports factor λt will also influence the final

confidence. Users can report a sign if they think the image or the recognition result of the

sign is invalid.

When users try to upload an image of a new sign, since the GPS location Lg isn’t that

reliable. We allow users to claim their locations, Lu, near that sign. However, allowing users

to claim their locations will let users upload some invalid locations. So, since the sensor

will give us current localization error σg, we consider the users’ possible location is like a

2D Gaussian distribution with µ = Lg and σ = σg in each axis. According to the distance

Dgu, between users’ current locations and their claimed location and GPS error σg, basic

confidence, denoted as Cb, is:

Cb =
1

σg
e
−Dgu

2σ2g (4.8)

When users try to update an existed sign, the basic confidence scores Cb of updating is

formed by the distance between the original location and the user claimed location, Dou.

Cb = e−λrDiffr−λdDou (4.9)

It is reasonable to consider data that exists for a long time and receives few reports from

users as more reliable data. So, we define two factors, λt for existing time t in weeks and λr

for the number of reports from users r. In our experiment, these two parameters are set as

follows:

λt = 0.5× (1 +min(
t

52
, 1)) (4.10)

λr = e
r
50 (4.11)
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4.3.2 User Reputation Level

The reputation level of a certain user u, denoted as R(u), is the probability of a correct

uploading by u. R(u) can be set as a value between [0, 1] as initialization which is 0.5 in our

experiment. A user who receives more number of reports r and has smaller account age a is

obviously less trusty than other users. So, R(u) is influenced by these two factors. In this

experiment, λnr = 0.99, λa = 1.001.

R(u) = min(0.5λrnrλ
a
a, 1) (4.12)

However, users can upload tons of signs to lower the average number of received report-

ing. Additionally, to make sure users’ behavior isn’t abnormal, we introduce another term,

behavior score Rb, for limiting user reputation level. The user’s average number of uploading

per week in the past three months is x.

Rb(u, x) = R(u)
f(x|µup, 4σup)
f(µup|µup, 4σup)

(4.13)

f(µ, σ) is the Gaussian distribution.

µup is the average number of users’ uploading per week in the past three months, and

σup is the standard deviation of that uploading number. If the user’s average number of

uploading per week in the past three months is x, then the final user reputation score will

be:

R(u, x) = min(0.5λrnrλ
a
a, 1)Rb(u, x) (4.14)
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Figure 4.4: Rb(u, x) with µup = 4.9, σup = 1.4 and (u) = 1
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Chapter 5

STREET PARKING SIGN DETECTION AND RECOGNITION
DATASET

Since there are only a few datasets about parking signs, we collect our own street parking

sign detection and recognition dataset(Fig. 5.1).

In our street parking sign detection dataset, there are in total 1764 images(1532 images

for training, 232 images for testing). Those images are taken from 10 states around the US.

We’ve annotated all the signs for training, testing, and evaluation purpose.

Besides, we also crop all the words in those signs out and annotate them as our parking

sign recognition dataset(Fig. 5.2) to train our CRNN model [30]. This dataset contains

22462 and 2895 words for training and testing. To crop and label all these words, we adopt

Google OCR API [20] to provide a rough result, and then manually modify the OCR results

from Google OCR for improving the label accuracy.

To train the arrow and No Parking symbol classification dataset, we also label two small

datasets for these two models. In the arrow classification dataset(Fig. 5.3), we crop all the

signs with arrows, and there are 2088 signs, divided into 4 categories, for training and 224

signs for testing.

In the No Parking symbol classification dataset(Fig. 5.3), signs are divided into two

categories: with or without No Parking symbol, and there are 1822 signs for training and

284 signs for testing.
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Figure 5.1: Some examples in our street parking sign detection dataset

Figure 5.2: Some examples in our parking sign text recognition dataset
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(a) (b)

(c) (d)

Figure 5.3: Some examples in our arrow and No Parking symbol classification dataset. Figure
5.3a and Figure 5.3b are two signs with right and bidirectional arrows. Figure 5.3c and Figure
5.3d are two signs with and without No Parking symbol.
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Chapter 6

EXPERIMENT

6.1 Experiment Environment

We test these models on a desktop PC with Intel(R) Core(TM) i7-8700 CPU, 16GB of RAM,

and a GTX-1080Ti graphics card with 11GB of memory.

6.2 Street Parking Sign Detection

We test several different models on our parking sign detection dataset. During training, we

combine our dataset and Irshad’s dataset [13]. As table 6.1, RetinaNet with ResNet50 [9] as

backbone has the second-highest performance and the second-fastest speed. So, considering

the trade-off of performance and speed, we choose the RetinaNet as our detection model.

6.3 Text Recognition

We retrain the CRNN model in our street parking sign text recognition dataset. As table

6.2, comparing with Google OCR, after training on our dataset, CRNN can achieve a better

performance, since the model is fine-tuned on a street parking sign dataset.

6.4 Arrow and No Parking Classification

We train two SqueezeNet [12] on our arrow and no parking symbol classification dataset. As

table 6.3, both of the two models can have a good performance in this experiment.

6.5 Trust System

To evaluate our trust system, we do some adversary simulation. For testing the uploading

confidence score, we set several uploading with different GPS errors. As figure 6.1, with
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Model mAP AP0.5 AP0.75 FPS

SSD-300 0.803 0.978 0.968 16.10

Faster-RCNN(ResNet50) 0.827 0.979 0.970 14.00

Faster-RCNN(ResNet101) 0.834 0.976 0.975 11.60

Yolov3 0.825 0.979 0.975 18.79

RetinaNet(ResNet50) 0.849 0.984 0.981 17.00

RetinaNet(ResNet101) 0.852 0.982 0.981 12.70

Table 6.1: Performance and FPS(frame per second) of different models

Model Accuracy

Google OCR [20] 90

CRNN [30] 97

CRNN with data augmentation 98

Table 6.2: Performance and FPS(frame per second) of different models

Model Accuracy

SqueezeNet(No Parking) 98.6

SqueezeNet(Arrow) 96.3

Table 6.3: Performance and FPS(frame per second) of different models
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Figure 6.1: Adversary simulation with different GPS errors

different GPS localization errors, the system has different tolerance of distance between user

claimed location and GPS location from the device.

To evaluate our trust system, we do some adversary simulations. For testing the uploading

confidence score, we set several uploading with different GPS errors. As figure 6.1, with

different GPS localization errors, the system has different tolerance of distance between user

claimed location and GPS location from the device.
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Figure 6.2: Adversary simulation with different account ages
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6.6 Parking Sign Detction and Recognition System

After developing our PSDR pipeline, we deploy that pipeline on a server for processing

uploaded signs and storing them in a database and develop an android app for accessing the

pipeline and the stored parking signs and rules.

The server is deployed on a machine with Intel(R) Core(TM) i7-8700 CPU, 16GB of

RAM, and a GTX-1080Ti graphics card with 11GB of memory. We provide several web

APIs for getting saved parking signs in our database. For example, through web APIs, users

can access any parking signs’ information, including positions, parking rules, and upload

time., in any specific region.

We embed the Google Map API in our app. By accessing our app, users can upload and

look for any parking signs around them.

6.7 Conclusion

We propose a novel pipeline to automatically detect and analyze street parking signs, which

may help autonomous cars find their parking lots. Besides that, we also build a dataset

to manage the collected data. During our testing, we achieve a favorable performance on

understanding signs in images.

However, since the leak of data, we can not train a perfect model to detect text in

street parking signs. As a result, a dictionary is introduced, and we filter some noise which

is generated by the OCR pipeline. In the future, we plan to label more words and their

bounding boxes in street parking signs and train a more robust OCR model. Also, although

the street parking signs are taken from more than ten states around the United States, there

are still many kinds of parking signs which are not included in our dataset. Further street

parking sign data collection is also needed.

About the trust system, we propose a reliable trust system based on user reputation and

uploading confidence scores. By applying this trust system, we can detect and eliminate

invalid data.
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(a) (b)

(c) (d)

Figure 6.3: Some screen shots of our app
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