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Correctly interpreting the complex parking sign and finding a suitable parking spot is always a
challenging task to do in a short time. An automatic parking sign understanding assistance can
improve the efficiency of a driver’s daily life. Besides, as Tesla becomes popular, automatic
driving is also becoming a prevalent task. However, the current studies on self-driving steering
command mainly focus on the driving part. The smart parking task is still an open task. In this
thesis, we aim to handle a subtest of the automatic parking sign understanding problem, that is,
real-time parking sign detection, to provide real-time parking sign localization for further sign
interpretation. Specifically, with a real-time video streaming of the street view as input, we aim
to detect parking signs on the street that will inform the parking rules over the current road. In
this thesis, we achieved two main goals: 1) generating a diverse parking sign dataset with a size
over 4,000 that covers complex street view; 2) training a well-performance real-time parking
sign detection model with Yolov5. Our parking sign detection model achieves a mean average
precision at Intersection over Union threshold 50% (mAP@.5) of 0.968 and an inference speed
of 6.1ms per image that meets the real-time detection requirement. Moreover, the model size is
only 14.4 MB which is small enough to fit in small and less powerful devices like mobile phones

or autonomous cars.



Table of Contents

LIST Of FIQUFES auuuneeevenerisserossnerossssisssssssssasssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssnsssssssssssasss 2
LIST Of TADIES caunennaennnevnnneronnernsnerosnessssassssssssssssssssssssssssssssssssssssssssssssssssssssssosssssossssssssnsssssssssssases 3
Lo INEPOAUCHION .cnuueennaennneenonnaeinnsnnnsnsnsssnsnsssssssssssssssssissssssssssssssssssssssssssssssssssssssssssssssssssssssssassses 4
2. RelALEA WOFK auunuaonnaannnneroiuvrnssaeisssanisssasisssssssssssesssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssasss 5
2.1. Two Stage Detection 6
2.1.1.  Deformable Parts Model (DPIM) .......c.ccceiiriiiriiiieieeienieeiesit ettt st eae et aeseesaesnaessesnaesseensensesnsensenns 6
2.1.2.  Region-Based Convolutional Network method (R-CNN) .......ccceririnininenieiiieieieteceesese e 6

2.2, Unified Detection Design 7
2.3.  Parking Sign Detection 8
23,1, Smart Sreet ParKing........ccoociiieiieiee ettt eeae s e naenneens 8
2.3.2. SIMAIE CIICS .eevreuvieeietietesteeteetteteeetetesstesesseessesseesseessenseessenseessenseensesseansesstansesseensesnsesesnsensesnsensenssensenns 9

3o MENOAOIOZY ecueneennaenonnnenonaeiesnnnncsninssasnsssasissssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssasssss 9
3.1.  Yolo v5: Unified Detection Design 9
3.2. Yolo v5: Activation function 11
3.3. Yolo v5: Cost Function 11
3.4.  Yolo v5: Data Augmentation 12
3.5. Training Cycle: Accumulate Dataset 13
3.6. Inference: 15

Q. EXPEFIMEONL auuunnneeneeerosenenssnrnssssssssssssssssssssssssssssssssssssssssssssssssssssssssessssssssssssssssssssnsssssssssssasss 15
4.1. Set Up 15
4.1.1.  Evaluation Metric: Average PreciSion (AP)........ccocveieieiieieri ettt 15
4.1.2.  Environment SEt UP........ccoooiiiiiiiiet ettt ettt ettt st na et e et e eneenseenes 16
4.1.3.  HyperparameterS SCHINEZ ........ccerieeierieriierieeiteeteteseeteeteteeseeeeeseesseesaesseansesseensesseensesseensesssensenssensennes 17

4.2. Results 18
0 B B 1 T 1 - TSP 18
4.2.2. Weight Choose between yolov3s, yolovim, YOLOVSL.......cccoeieriiiinieiereee e 20

4.3. Final model performance 21

R 7] /el 7R 7 /N 22
5.1. Limitations and Future Directions 23
RESOFOHICES aueeneaeeennernnnerissnerisneiesssnicssssisssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssasssssas 24



List of Figures

Figure 1:Sliding Window Approach [217] ...ccc.coiiriiiiiiiiieienieeeeseeie ettt 6
Figure 2: The Unified Detection Design [3]....c.ccccvieiiieriiiiiieiieeiieeie ettt 11
Figure 3: Mosaic Data Augmentation [4] ........ccoovuieiiieniieiiienie ettt et 12
Figure 4: Training CYCLe......ccuiiiiiiiiiiieeieeee ettt ettt e et e et e b e saseeneees 13
Figure 5: Inference 0N VIAEO0 ........coeiiiiiiiiiiiiiiieniicieete et 15
Figure 6: OUr GPU SEHING ...ccveiiiiiiiieiieieeeeeee ettt ettt st 17
Figure 7: yaml File for Parking Sign Model..........ccccoooiiniiiiiiiniiiiiieeceeeee e 17
Figure 8: Parking Signs with Different Shape: circle, vertical, horizontal............c.cccoceviriennee. 19
Figure 9: Parking Signs with Different Types: parking signs for different group of vehicle type
like loading, truck, taxicab, general payment, handicap.........ccccceevieeiiieriieniiienienieeiece e 19
Figure 10: Parking Sign Under Different Light Condition...........cccoecueveeniriiniencniienieecienene 19
Figure 11: Parking Signs with Different Angle .........coccooeeiiiiiniiiiniineeee e 20
Figure 12: YOlo V5 Performance..........cocuoveevieiieniiiieiieiteeeeseee et s 20
Figure 13: Complicated Parking Sign Image Demo..........c.cccveeviiiiiiiiiiniieiecieeeeee e 22

Figure 14: Simple Video Frame Demo ........ccccocieriiiiiiiiiiiiiiiieneicecee e 22



List of Tables

Table 1: Choose Model Size for Parking Sign Detection..........c.ccccvevviieriieiiieiieniieiiecieeiieene

Table 2: Test Result on V4 test Dataset



1. Introduction
Many drivers have the experience that they are going to be late for something. Although they have

already arrived at the location, they cannot find a parking spot. Even when the driver is not catching
the time, it is still annoying when the driver notices there is a parking spot right after the driver
passes it, or right after the driver parked, the driver notices that he cannot park there. Therefore,
an assist that can detect parking signs in real-time and provide parking instruction is helpful,
especially for a new driver who lacks the driving and parking experience. An automated real-time

parking sign detection can improve the efficiency of a driver’s daily life.

In addition to the need for drivers, real-time detection has a tremendous future developing prospect
for autonomous cars. As Tesla becomes popular, automatic driving is also becoming a prevalent
task. The current studies on the self-driving steering command mainly focus on the driving part.
A well-designed self-driving system works on different road conditions like local roads, highways,

or unpaved roads [12]. However, the specific task of finding the parking spot is still open.

Therefore, this thesis aims to address the Real-Time Smart Parking task, a subtask of automatic
driving. With the real-time video stream from a front-facing camera as input, this thesis trains a
model to detect parking signs on the street that inform the parking rules of the current road. The
detection result can provide instructions to a human driver or an autonomous car in the future. To
solve the real-time detection task, the You Only Look Once (Yolo) algorithm is a potential solution
[3]. Yolo has a unified detection framework that combines the bounding box detection and a
classifier into a single neural network to help detect an object in one image. The Yolo can be fast
enough to achieve real-time detection using this unified detection design. However, Yolo has a
drawback on accuracy compared to RCNN [2], a powerful two-stage algorithm. Fortunately Yolo

v5, using Mosaic Data Argument, solves the accuracy problem while keeping the model size small



[11]. However, Yolo v5 has not been explicitly used for the parking sign detection application in

the wild and can be very complicated on the street.

Therefore, we propose to build a real-time parking sign detection model based on Yolov5 with our
customer parking sign dataset and evaluate its performance on both aspects of images and real-
time video streams. We overcome three main challenges for this task: real-time detection speed,
small model size, and customer parking sign dataset. Our current model can detect 163 parking
sign images per second with the guaranty of detection accuracy. Specifically, the mean average
precision at Intersection over Union threshold 50% (mAP@.5) is 0.968 on the testing dataset. The
high detection speed and accuracy allow our efficient parking sign detection model to detect
parking signs when driving around. In addition, our model is only 14.4MB, which is small enough
to embed on a small device like a mobile or an autonomous car. We also generated a 4,191 sized

dataset that half of them are parking sign images and half of them are street view video frames.

This thesis is organized as follows. In Section 2, we first introduce some related work in the
literature. Section 3 describe the details of Yolo v5 to solve our real-time parking sign detection
problem. Section 4 reports the experiments conducted, which is followed by a conclusion with

future direction discussion in Section 5.

2. Related Work

Our task is under the scope of object detection, which is a combination of object localization and
object classification. Currently, there are two types of solutions: two-stage detection and Unified
Detection. Most early object detection approaches like the Deformable Parts Model (DPM) [1]
and Region-Based Convolutional Network method (R-CNN) [2] are two-stage detection. They

split the object detection task into two components: an object bounding box proposal and a



classifier. This design is hard to optimize. The Unified Detection Design combines object

proposal and objects classifier into a single regression problem, which is easy to optimize.

2.1. Two Stage Detection

2.1.1. Deformable Parts Model (DPM)

W
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Figure 1:Sliding Window Approach [21]

Deformable Parts Model (DPM) [1], issued in 2010, uses a straightforward way to propose
bounding boxes: the sliding window approach. As shown in Figure 1, this approach starts
at the top left corner of the input image with a fixed-size window. Then it slides the window
from left to right and up to down, with a fixed step. Eventually, the window will stop at the
bottom left corner. DPM then applies a classifier on all proposed windows. However, this
straightforward bounding box way requires massive computation to guarantee accuracy.
First, the step between windows has to be small enough to make sure not to miss any object.
However, the small step will lead to a substantial redundant computation. In addition, a
fixed bounding box will also limit the performance of the model since the object size in the
image is unlikely to be the same. A solution to this problem will be to use multi-windows

size.

2.1.2. Region-Based Convolutional Network method (R-CNN)



Like DPM, the Region-Based Convolutional Network method (R-CNN) [2], published in
2014, is a two-stage detection method. They apply the object classification model of these
proposed bounding boxes and keep the one above a threshold. They then use post-
processing to eliminate the duplicate objects, increase the bounding box accuracy, and
recalculate the confidence of bounding boxes. Instead of the sliding windows approach,
RCNN uses a region proposal. In the early version of RCNN, they randomly generated a
2k bounding box random size and random location. The region proposal approach reduces
a lot of redundant computation compared to DPM and provides high accuracy. Later, the
Fast R-CNN, a faster version of the R-CNN, is designed with a more efficient bounding
box and classifier. Compared to the early study, the Fast R-CNN’s performance on the
PASCAL VOC 2012 dataset is nine times faster on training and 213 times faster on testing
[5]. However, it still needs to take around 40 seconds per image at test time, far from real-

time detection.

2.2. Unified Detection Design

In 2015, the You Only Look Once (Yolo) [3] algorithm was proposed. Yolo took the lesson
from the traditional method. Instead of splitting the task into several parts, Yolo introduced a
unified detection design that uses a signal neural network to predict the bounding box and find
the probability of the classes simultaneously. The signal network provides a chance to optimize
the whole process through the pipeline. Yolo was the fastest algorithm at that time. The
standard version can achieve 45 FPS, and the faster version can reach 150 FPS. The early
edition report claims that Yolo has a drawback on accuracy compared to the state-of-art

detection system.



The 4th version of Yolo [4], published in April 2020, solved the accuracy problem. Yolo v4
uses Mosaic data augmentation to extract the features, which is the crucial point of the Yolo
v4 breakthrough on accuracy. Several months later, Glenn Jocher, acknowledged as the creator
of mosaic augmentation, released yolov5 [11]. Both yolov4 and yolov5 use Mosaic data
augmentation and achieve breakthrough accuracy problems. Yolo v5 is beating any other
choice on its accessible features, for example, AutoAnchor. When we input customer data, all
YOLO anchor boxes are auto-learned in YOLOVS. It can cut off many manual workloads and
prevent careless mistakes. This accessible feature allows developers with customer datasets to
focus on the object detection task. Thereby, Yolo v5 is more efficient. Another astrictive
feature of the Yolo v5 suite is the model's size, since we require the model to be embedded on
mobile devices. The post result of the Yolo v5 shows its weight file is nearly 90% smaller than
the weight file of Yolo v4 [11]. However, Yolo v5 has not been explicitly used for the parking
sign detection application in the wild and can be very complicated on the street. Therefore, in
this thesis, we built a real-time parking sign detection model based on Yolo v5 with a self-
generated dataset and evaluated its performance on both aspects of images and real-time video

streams.

2.3. Parking Sign Detection

2.3.1. Smart Street Parking
A similar take was down by Jiang for Smart Street Parking in 2019 [20, 22]. They collected

a parking sign dataset and trained a detection model with RetinaNet based on it. They did
a great job on the accuracy, which claims to have mAP@.5 of 0.984. However, according
to their report, they can only detect 17 frames per second, which did not reach the real-time

requirement.



2.3.2. Smart Cities
Another relative work is Smart Cities [24], done by Faraji et al. They developed a slightly

different technique for reading street parking signs. The authors unified the two phases of
sign detection and interpretation into one step by assuming that each sign carries one
parking regulation. They assume there are only three types of signs: no-stopping, no-
parking, and parking-allowed. However, the parking rule is far more complex in the real
world. For example, a handicap sign is a restricted access for a small group of people
instead of a general user. Besides, how long the driver can park there and whether the driver

needs to pay are essential parking rules that their model misses.

3. Methodology

Considering that Yolo v5 is both efficient and effective on other real-time object detection tasks
[16, 17, 18], we propose to use it solve our real-time parking sign detection task. Concretely, using
a Unified Detection Design, Yolo v5 can detect 140 images per second on other tasks reaching the
real-time requirement [9]. Besides, Yolo v5 uses Mosaic Data Augmentation to improve the

accuracy. We describe the details as follows.

3.1. Yolo v5: Unified Detection Design

The unified detection design that Yolo used is combining bounding box proposal and object
binary classifier into a single network. As summarized in Figure 2, the algorithm will first split
the image into S X S grides. It can predict at most B parking signs' bounding boxes whose
center falls into that specific gride. Each bounding box will contain five predictions:
x,¥,w, h,c. (x,y) represents the location of the center of the parking sign object. The w is the
width and the h is height. These two numbers represent the size of the parking sign object.

The c represents the confidence score of the corresponding bounding box, which includes the
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possibility that the bounding box contains a parking sign and the accuracy of that bounding

box compared to the true one. This possibility is defined as

¢ = P(0bj) * 10U L

P(0bj) can be two values 0 or 1. For 0 it means there is no parking sign object existing in the
cell, then confident score c is equal to 0. If P(Obj) =1, then confident score ¢ is equal to
10U.7%5, which represents Intersection Over Union (IOU) between the predicted box and the
ground truth. IOU use to evaluate the overlap degree between the predicted box and the ground
truth. Instead of predicting each bounding box's classes as RCNN does, Yolo only calculates
the conditional probability of all C classes for each grid, regardless of the number B, given the
event of a grid cell containing an object. This conditional probability shows in the following

formula:
C = P(Class;|Object)

In the inference stage, the parking sign class confident score for each bounding box, which is

truth

represented as Pr(Class;) * [0Upeq's

can be directly calculated according to confident score

c for each bounding box and conditional parking sign class probability C.

Pr(Class;|Object) * Pr(Object) * IOUSY = Pr(Class;) * 10US

Therefore, in our parking sign detection application, each image will splitinto S X S grid cells.
For each cell, the model can predict B bounding boxes with five predictions and C(i.e.,1)
class probability if there is a parking sign. Thereby, the model can be considered as
S XS X (B x5+ C) tenser. For example, if S = 7, B =2, C = 1. Then the final prediction

should be a tensor with a size of 7 X 7 X 11.
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Figure 2: The Unified Detection Design [3]

3.2. Yolo v5: Activation function

Unlike Yolo v4, Yolo v5 used the Leaky ReLU activation function for the hidden layer and
the Sigmoid activation function for the final detection layer [14]. The reason to chooses this
set of activation functions instead of the Mish function that is uesd in Yolo v4, is that it is less
expensive, even though Mish can improve the accuracy. This can help improve the efficiency

as required by our task.

3.3.Yolo v5: Cost Function

The Yolo's cost function can be divided into three parts: bounding boxes regression score,
existence of the object, and classifier score. Each bounding box contains five predictions:
(x,y,w, h,c). The first three summand (i.e., Eqn. 1-3) evaluate all these five in groups of
location(x,y), size (w, h), and confidence (c) of this bounding box. In Eqn. 4, this loss
function also considers when there is no parking sign in an assigned position. Each grid cell
can detect B objects, but usually, the number of the object is less than B. The last part (i.e.,
Eqn. 5) evaluates the accuracy of the classifier for each class. This loss function uses

parameters Jcyorg and dyo0p; to balance the weight between there is an object and there is no

object.
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3.4.Yolo v5: Data Augmentation
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Figure 3: Mosaic Data Augmentation [4]
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The input street-view images are loaded into a data loader during the input stage, containing

data augments. A good data augment loader will transform the input images into training data,

and more importantly, it explores the existing training data to fit a broader range of situations.

Yolo v5 includes three main enhancements: Scaling, Color Space Adjustment, and Mosaic data

augmentation. Since this thesis solves real-time detection problems with the input of a front
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view camera's video, the parking sign's size is expected to be extremely small when far away
and larger when it gets closer. Therefore, the scaling feature is suitable for real-time detection
problems. The Mosaic augmentation was invented by Glenn Jocher [4] and was first introduced
in Yolo v4. The Mosaic combines four existing training images into a new single image, as in
Figure 3. Mosaic data augmentation will make the model perform better in sheltered and
translation, alter the number of objects in sample images, and reduce batch-size demand.
Besides, most images will only have one bounding box due to our training dataset's specialty.
Mosaic will expand the number of the bounding boxes to a range between 0 to 4. Finally, most
importantly, the reduction of batch-size demand means fewer requirements on the GPU

memory. This advantage will lead to less computational cost on the training stage.

3.5. Training Cycle: Accumulate Dataset

Train Model

7 e

Split New Data & Test on Testing
Add to Dataset Dataset

Label Detect On New
Image/Frame Videos

Extract Frame
with Parking Sign
from Video

Figure 4: Training Cycle

To our best knowledge, the study on parking sign detection is very limited and the available

parking sign data is also very limited and biased. For example, Irshad et al. [23] collected a
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street parking sign data set from only San Francisco. Therefore, we collected a dataset
containing 2,097 parking sign images covering ten states around the US. However, these data,
which are collected through google street view or taken by a human being, is limited to real-
time detection for the following reason. First, the angle of the google street view or photo
taking is different from a dash cam's video frame (i.e., the scenario of our application). Second,
parking signs in google street view images are too small to do detailed parking sign
understanding. Finally, images taken by human beings are often very clear and directly facing
the camera. In real life, most parking signs captured by a dash-camera are sheltered or have
some angle variations. Therefore, we propose to start from our collected 2,097 images and use
the training cycle in Figure 4 to accumulate a bigger and more diverse street view parking sign
dataset. In this training cycle, we accumulated a more diverse dataset.

We first train a weak detector using the small parking sign image data collected, we will then
test this model on a new video collected using the front dash-cam installed in the car. Each
video contains a certain number of parking signs from a specific city in US. For those wrong
detections, we then extract the frames as additional images and label them with Computer
Vision Annotation Tool (CVAT) [19]. CVAT will export a new set of labeled data, which will
be added to the training data to improve the model’s performance.

Eventually, we stop this training cycle when our model performs well on unseen videos. In this
thesis, this training cycle adds 2,112 new street view frames. Therefore, we currently have a

parking sign dataset with the size of 4,191.
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3.6. Inference:

; Extract Video
Input Video =
v |
Suoes Bounding
inference on g Box Info
Frames
AV |
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Info (Draw) 4 Frame into
S Output Video

Figure 5: Inference on Video

With the real-time video stream from a front-facing camera as input, this thesis runs a pre-
trained model to detect parking signs on the street that inform the parking rules of the current
street. The first step of this inference is to extract video frames from the input video one by
one. For each frame, we run the pre-trained model on it. The model will provide the bounding
box information of parking signs in the current frame. Then we process this information and
draw a bounding box around each parking sign object. After that, we can write each frame with

bounding boxes into the output video. We then either show the video stream or save the video

file.

Experiment

4.1.Set Up

4.1.1. Evaluation Metric: Average Precision (AP)

We evaluated the detection model on 3 aspects: accuracy, speed, and size of the model. For
accuracy, we use Average Precision (AP), a popular evaluation metric for object detection.
To find AP, we first need to find Precision, Recall, and Intersection over Union (IoU). For

an object, there is a bounding box called ground truth. If there is no predicted box
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overlapping with the ground truth box, then we call it False Negative (FN). If there is a
predicted box, then we can find IoU by the formula:

Area of Overla
IoU = f P

Area of Union

For the calculated IoU greater than a defined threshold, we defined it as True Positive (TP)

and False Positive (FP) otherwise.

Precision measure correctness in the formula (i.e., among all the prediction, how many are

predicting correctly).

TP

p . . —
recision —TP TFP

Recall measures the ability to find all positive. (i.e., if there is an object, how many of them

are predicted correctly).

TP

Recall = ——
cCAt = TP Y FN

Then we can draw a Precision-Recall curve, let the x-axis as Recall and y-axis as Precision.
The Average Precision is the area below this curve. The different thresholds will lead to
different Precision and Recall, which leads to different Average Precision. Therefore, in

some context, we have AP@.5, means AP with IoU > 0.5.

4.1.2. Environment Set UP
In this thesis, we train and test our model on the Google-Colab. As shown in Figure 6, the

GPU computing processor we used is Tesla P100-PCIE-16GB with 16280MiB memory.
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7 @ !nvidia-smi|

Fri Dec 17 23:41:33 2021

| NVIDIA-SMI 495.44 Driver Version: 460.32.03 CUDA Version: 11.2 |
|
| GPU Name Persistence-M| Bus-Id Disp.A | Volatile Uncorr. ECC |
| Fan Temp Perf Pwr:Usage/Cap| Memory-Usage | GPU-Util Compute M. |
| | | MIG M. |
| |
| © Tesla P10@-PCIE... Off | 00000000:00:04.0 Off | 0|
| N/A 43C Po 29W / 250w | OMiB / 16280MiB | 0% Default |
| | N/A |
Processes:
GPU GI (I PID Type Process name GPU Memory

|
|
| ID 1ID Usage
|
|

No running processes found

7 [3] !nvidia-smi -L

GPU @: Tesla P100-PCIE-16GB (UUID: GPU-b3d7ed@d-7c78-f489-3e32-6e07dd544fff)

Figure 6: Our GPU Setting

4.1.3. Hyperparameters Setting

According to Yolo v5 requirements, we prepare a ymal file including train, validation, test
folders path. The path to the test dataset is not required for the training stage. The ymal file
also needs to include the number of classes (nc) and a list of strings for class names. For
our project, we only have one class which is Parking Sign. The example of the yaml file is

shown in Figure 7.

[ 1 %%writefile parkingSignDec.yaml
train: /content/ParkingSign_dataset/images/train/
val: /content/ParkingSign_dataset/images/val/
test: /content/ParkingSign_dataset/images/test/

nc: 1
names: ["Parking Sign"]

Figure 7: yaml File for Parking Sign Model

Besides the configuration of yaml file, we also need to set the appropriate hyperparameters
for each training. We used 640 default "img" which represents image size, this number has
to be a multiplication of 32 due to the Yolo v5 architecture. "batch" means batch size. Most
of the time, the bigger the batch size, the higher accuracy. However, the batch size is limited
by the memory. Also, if the batch size is too big, it may lead to the overfitting of the model.

For this thesis, we used the biggest batch size capable of GPU memory. Then, we use the
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learning curve from both training and validation data to check if overfitting or underfitting
happens. Epochs represent the number of iterations of the training. We used 200 epochs,
which allows the learning curve to converge. Hyperparameter data should follow the path
to the config yaml file. Hyperparameter "weights" is the starting point of the training. We
can pick from yolov5s.pt, yoloviSm.pt, yolovSl.pt, yolovSx.pt. In the end, we set the
hyperparameter "device" to cuda:0, which means that we want to use GPU to train the
model. Besides, Yolo v5 provides two choices for the optimization function: Adam and
SGD. SGD performed better on an extensive dataset due to its learning rate. Considering
the size of this dataset is relatively small because we only need to detect parking signs

instead of 20 or more different classes of objects, we use Adam.

4.2. Results

4.2.1. Dataset data

The training dataset that we used containing 4k parking sign data, of which 2k are parking
sign images taken by human beings, and 2k of them are street view video frames from
dash-cams. These videos cover four different areas: Tacoma, Boulder, Connecticut, and
New York. We collected parking signs with different shapes (in Figure 8) and different
types (in Figure 9). We also have variations of the same parking sign under complex road

conditions, for example, light (in Figure 10), angle (in Figure 11), etc.
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Figure 9: Parking Signs with Different Types: parking signs for different group of vehicle type like
loading, truck, taxicab, general payment, handicap

Figure 10: Parking Sign Under Different Light Condition



Figure 11: Parking Signs with Different Angle

Before training, we split our dataset two times. The first time we split the training stage
and testing stage dataset at the rate of 9:1. Then for the training stage sub dataset, we
did a second time split. The training stage subset was split into train and validation
datasets at the rate of 9:1. Eventually, the dataset was split into Train, Validate, Test

with sizes 3366, 400, and 425, respectively.

4.2.2. Weight Choose between yolov5s, yolovSm, yolov5l

> X %X B

Small Medium Large XLarge
YOLOv5s YOLOvV5mM YOLOvVSI YOLOv5x
14 MB__ . 41 MB__ . 90 MB__ . 168 MB_,
2.0 ms,, 2.7ms,. o 3.8ms,. 6.1ms,.
37.2mAP_ 445 mAP 48.2 mAP 50.4 mAP_

Figure 12: Yolo v5 Performance

Like most detection models, there is a tradeoff between speed and accuracy. A bigger size
of the model has better accuracy but is relatively slow. Figure 12 shows how different sizes
of Yolo v5 models perform. We only compare the first three models because Yolov5x has
a size greater than 100 MB, which is too big to fit our purpose. In Table 1, we show how
different sizes of Yolo v5 models perform on the parking sign dataset. According to Table

1, the accuracy AP@.5 of the three models is close. However, for the model size and speed,
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Yolov5s has much better performance. Yolov5l has 6.5 times model size and 2.5 times
detection time compared to the yolovS5s. For the parking sign dataset, the minor accuracy
increase is not worth trading so much detection time and model size. Therefore, we use

yolov5s as the beginning weight to train the model in this thesis.

Table 1: Choose Model Size for Parking Sign Detection
Model Pre-Trained Dataset Epoch AP@.5S Model Size Speed

Old RetinaNet Vi 128 0.786 290MB 200ms/
4.9FPS

New  yolov5s V4 200 0.968 14.4MB 6.1ms/
163FPS

4.3. Final model performance

Table 2: Test Result on V4 test Dataset

Model Train on Dataset  Model Size AP@.5! Speed
yolov5s \E 14.4MB 0.831 5.4ms
yolov5Sm Vi 42.2MB 0.853 9.7ms
yolov51 V1 93.7MB 0.858 13.7ms

After seven rounds of the training cycle, the self-trained model currently has good
performance on the testing dataset. This thesis eventually trained a model with 14.4MB
that can detect an image in 6.1ms with AP@.5 of 0.968. Compared to the RetinaNet[20],
which trained on the old version (V1) dataset, the new model has a 23% increase on AP@.5
with only 5% of the old mode size. The old RetinaNet model did not reach the requirement
of real-time, which is 30 frames per second. The old RetinaNet can only predict 5 frames

per second, and the new Yolov5 model can predict 163 frames per second. The specific

! AP@.5: Mean Average Precision at IoU threshold 50%
2 Dataset V1: 2112 Parking Sign Image collect and labeled by previous group member
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performance data of the two models are shown in Table 2. We also include some exemplar
detection results on complex parking sign images (i.e., Figure 13) and frames of a street

view video (i.e., Figure 14), which further demonstrates our work in this thesis.

Figure 13; Complicated
Parking Sign Image Demo

Figure 14: Simple Video Frame Demo

5. Conclusion

In this thesis, we addressed a real-time parking sign detection problem to give real-time parking
localization for further sign interpretation. Specifically, our model detects parking signs on the
street using real-time video streaming of the street view as input, informing the parking laws for
the present street. We accomplished two major objectives in this thesis: 1) creating a large parking
sign dataset (over 4,000) that covers varieties of complicated street views; 2) using YolovS5 to train
a real-time parking sign detection model with good performance and a modest model size on a
customer parking sign dataset. Finally, we obtain a parking sign detection model with AP@.5 of
0.968 and a speed of 6.1ms per image. The model is only 14.4 MB, making it tiny enough to fit in

mobile phones or self-driving automobiles.
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5.1. Limitations and Future Directions

However, according to the detection result on our newest testing video, our current model still
has some limitations. First, the model still has some false positives. For example, it has trouble
distinguishing the parking sign and other road signs. Another weakness is that not all frames
with a parking sign can be detected. According to the output video with the bounding box,
which identifies the location of the parking sign object, the bounding box is flashing instead
of stably appearing. This phenomenon shows that the model unsteadily predicts parking sign
objects between frames. One potential solution is to use the nearby frame information.

Moreover, the model often fails to detect the object if another object shelters it. For example,
if a parking sign is sheltered by a tree or even just sheltered by the tree's shadow, there will be
a great chance that the parking sign will fail to be detected. However, if the previous frame and
the later frame detect a parking sign with a similar size and location, it will be reasonable to
predict that frame has a parking sign at the midpoint of these two locations. With this additional
information from the adjacent frames, we can increase the object detection accuracy and may

solve the bounding box flashing problem.
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