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Nowadays, YOLOV5 is one of the most popular object detection network architectures
used in real-time and industrial systems. Traffic management and regulation are typ-
ical applications. To take advantage of the YOLOv5 network and develop a parking
management tool, this paper proposes a car detection network based on redesigning the
YOLOvV5 network architecture. This research focuses on network parameter optimization
using lightweight modules from EfficientNet and PP-LCNet architectures. On the other
hand, this work also presents an aerial view dataset for car detection tasks in the park-
ing, named the Aerial View Parking Lot (AVPL). The proposed network is trained and
evaluated on two benchmark datasets which are the Car Parking Lot Dataset and the
Pontifical Catholic University of Parana+ Dataset and one proposed dataset. The ex-
periments are reported on mAP@Q.5 and mAP@0.5:0.95 measurement units. As a result,
this network achieves the best performances at 95.8 %, 97.4 %, and 97.0% of mAP@0.5
on the Car Parking Lot Dataset, the Pontifical Catholic University of Parana+ Dataset,
and the proposed AVPL dataset, respectively. A set of demonstration videos and the
proposed dataset are available here: https://bit.1ly/3YUoSwi.

Keywords: Convolutional neural network (CNN); EfficientNet; PP-LCNet; Parking man-
agement; YOLOvV5.

1. Introduction

Along with the rapid development of modern and smart cities, the number of vehi-
cles in general and cars in particular has also increased in both quantity and type.
According to a report by the Statista website ', there are currently about one and
a half million cars in the world and it is predicted that in 2023, the number of cars
sold will reach nearly 69.9 million. This number will increase further in the coming
years. Therefore, developing tools to support parking lot management is essential.
To construct smart parking lots, researchers propose many methods based on geo-
magnetic ~, ultrasonic °, infrared *, and wireless techniques ’. In the geomagnetic
method, geomagnetic sensors installed around the parking lot are used to collect

*corresponding author.
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and transmit information about cars and the environment to the processing center.
The ultrasonic method utilizes ultrasonic wave signals to predict the outline and
boundaries of the cars through a grid map. Similarly, the infrared method applies
infrared waves to estimate car distance and communicate between devices through
electronic circuits. The wireless technique designs the wireless network nodes and
develops them based on the electronic chips to detect the vehicle and environ-
mental information in the parking. Generally, these approaches mainly rely on the
operation of sensors designed and installed in the parking lot. Although these de-
signs achieve high accuracy, they require large investment, labor, and maintenance
costs, especially when deployed in large-scale parking lots. Exploiting the benefits
of convolutional neural networks (CNNs) in the field of computer vision, several re-
searchers have designed networks to detect empty or occupied parking spaces using
conventional cameras with quite good accuracy " ">". Following that trend, this pa-
per proposes a car detector to support smart parking systems. This work explores
lightweight network architectures and redesigned modules inside of the YOLOv5H
network ~ to balance network parameters, detection accuracy, and computational
complexity. It ensures deployment in real-time systems with the lowest deployment
cost. The main contributions of this paper are shown below:

1 - Proposes an improved YOLOvV5 architecture for car detection that can be ap-
plied to smart parking systems and other related fields of computer vision.

2 - Provides an Aerial View Parking Lot (AVPL) dataset for car detection tasks in
the parking.

3 - The proposed detector performs better than other detectors on the Car Parking
Lot dataset, the Pontifical Catholic University of Parana+ dataset, and the pro-
posed AVPL dataset.

The distribution of the remaining parts in the paper is as follows: Section 2 presents
the car detection-based methods. Section 3 explains the proposed architecture in
detail. Section 4 introduces the experimental setup and analyzes the experimental
results. Section 5 summarizes the issue and future work orientation.

2. Related works
2.1. Traditional machine learning-based methods

The car detection process of traditional machine learning-based techniques is di-
vided into two stages, manual feature extraction and classification. First, feature
extractors generate feature vectors using classical methods such as Scale-invariant
Feature Transform (SIFT) 'Y, Histograms of Oriented Gradients (HOG) ', and
Haar-like features '°. Then, the feature vectors go through classifiers like the Sup-
port Vector Machine (SVM) and Adaboost '»'* to obtain the target classification
result. The traditional feature extraction methods rely heavily on prior knowledge.
However, in the practical application, there are many objective confounding factors
including weather, exposure, distortion, etc. Therefore, the applicability of these
techniques on real-time systems is limited due to low accuracy.
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2.2. CNN-based methods

Parking lot images obtained from drones or overhead cameras contain many small-
sized cars. In order to detect these objects well, many studies have focused on the
small object detection topic using a combination of CNN and traditional methods
or one-stage detectors. The authors in '”>'>'" fuse the modern CNNs and SVM
networks to achieve high spatial resolution in vehicle count detection and counting.
Research in '® develops a network based on the YOLOv3 network architecture in
which the backbone network is combined between ResNet and DarkNet to solve
object vision in drone images. The work in proposes a new feature-matching
method and a spatial context analysis for pedestrian-vehicle discrimination. An
improved YOLOvV5 network architecture is designed by ~" for vehicle detection and
classification in Unmanned Aerial Vehicle (UAV) imagery and °' for real-world
imagery. Another study in “* provides a one-stage detector (SF-SSD) with a new
spatial cognition algorithm for car detection in UAV imagery. The advantage of
modern machine learning methods is high detection and classification accuracy,
especially for small-sized objects. However, they require the network to have a high-
level feature extraction and fusion, and a certain complexity to ensure operation in
real-world conditions.

3. Methodology

The proposed car detection network is shown in Fig. 1. This network is an improved
YOLOV5 architecture including three main parts: backbone, neck, and detection
head.

3.1. Proposed network architecture

Basically, the structure of the proposed network follows the design of the YOLOv5
network architecture with many changes inside the backbone and neck modules.
Specifically, the Focus module is replaced by a simple block called Conv. This block
is constructed with a standard convolution layer (Conv2D) with kernel size of 1 x 1
followed by a batch normalization (BN) and a ReLU activation function as shown
in Fig. 2 (a). This replacement greatly reduces computational complexity but still
ensures feature extraction at the initial stage. Subsequent blocks in the backbone
module are also redesigned based on inspiration from lightweight network architec-
tures such as PP-LCNet “° and EfficientNet “*. The design of the PP-LCNet layer
is described in detail in Fig. 3 (a). It consists of a depthwise convolution layer (3 x 3
DWConv), an attention block (SE block), and ends with a standard convolution
layer (1 x 1 Conv2D). In between these layers, the BN and the hardswish activation
function “° are used. The SE block is an attention mechanism based on a global
average pooling (GAP) layer, a fully connected layer (FC1) followed by a rectified
linear unit activation function (ReLU), and a second fully connected layer (FC2)
followed by a sigmoid activation function as Fig. 3 (b). This method uses lightweight
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Fig. 1. The architecture of proposed car detector.
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Fig. 3. The architecture of PP-LCNet (a) and SE (b) blocks.
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Fig. 4. The two types of LiteEfficientNet architecture, stride = 2 (a) and stride = 1 (b)

convolution layers that save a lot of network parameters. In addition, the attention
mechanism helps the network focus on learning important information about the
object on each feature map level. The next block is LiteEfficientNet. This block is
very simple and is divided into two types corresponding to two stride levels (stride
= 1 or stride = 2). In the first type with stride = 2, the LiteEfficientNet block
uses an extended convolution layer (1 x 1 Conv2D), a depth-wise convolution layer
(3 x 3 DWConv), and ends with a project convolution layer (1 x 1 Conv2D). For
the second type with stride = 1, the LiteEfficientNet block is exactly designed the
same as the first type and added a skip connection to merge the current and original
feature maps with the addition operation. These blocks still apply the lightweight
architectures and add one more skip connection to extract the feature maps follow-
ing the channel dimension. The combined use of PP-LCNet and LiteEfficientNet
blocks ensures that feature extraction is both spatial and channel dimensions of
each feature map level. The detail of the LiteEfficientNet block is shown in Fig. 4.
The last block in the backbone module is the Spatial Pyramid Pooling (SPP) block.
This work re-applies the architecture of SPP in the YOLOV5 as Fig. 2 (c). However,
to minimize the network parameters, the max pooling kernel sizes are reduced from
5x5,9%x9,and 13 x 13 to 3 x 3, 5 x 5, and 7 X 7, respectively.
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The neck module in the proposed network utilizes the Path Aggregation Network
(PAN) architecture with Conv and BottleNeck Cross Stage Partial (CSP) blocks
following the original YOLOV5. Fig. 2 (b) shows details of the CSP block. The PAN
module combines the current feature maps with previous feature maps by concate-
nation operations. It generates the output with three multi-scale feature maps that
are enriched information. These serve as three inputs for the detection heads.

The detection head module also leverages the construction of three detection heads
from the YOLOv5. Three feature map scales of the PAN neck go through three con-
volution operations to conduct prediction on three object scales: small, medium, and
large. Each detection head uses three anchor sizes that describe in Table 1.

Table 1. Detection heads and anchors sizes.

Heads Input Anchor sizes Ouput Object
1 80 x 80 x 129 (10, 13), (16, 30), (33, 23) 80 x 80 x 18 | Small
2 40 x 40 x 384 | (30, 61), (62, 45), (59, 119) | 40 x 40 x 18 | Medium
3 20 x 20 x 768 | (116, 90), (156, 198), (373, 326) | 20 x 20 x 18 | Large

3.2. Loss function

The definition of the loss function is shown as follows:
L= )\boaz»cbo:v + )\objﬁobj + >\cls['clsa (1)

where Lp,; uses CloU loss “ to compute the bounding box regression as shown in
Eq. 2. The object confidence score loss Lo; and the classification loss L5 using
Binary Cross Entropy loss “' to calculate as presented in Eq. 5 and Eq. 6, respec-
tively. Apoz, Aobj, and Mg are balancing parameters.
The bounding box regression loss:

1 p*(b,0%")

Looe =~ > 1= ToU +—73

+ av, (2)
*N]IUS (3:7y)

in which:

® N, is the total number of cells containing an object,

e (x,y) is coordinate of each cell,

e JoU is the Intersection Over Union of the predicted and ground-truth boxes,
o b and b9 are the central points of the predicted bounding box and ground-
truth bounding box, respectively,

p is the Euclidean distance, and ¢ is the diagonal length of the smallest
enclosing bounding box covering the two boxes,

e (v is a positive trade-off parameter:

A= To0) o @

o =
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e v measures the consistency of the aspect ratio:

4 w9t W,y
v= ;(arctanﬁ - arctanﬁ) ; (4)
e where w9 h9" and w,h are the dimensions (w: width, h: height) of the

ground-truth box and predicted box, respectively.

The object confidence score loss:

class=1

Loy == 3 3 Clogp(Co)) + (1~ Clog(1 -~ p(C)), (5)

0S
POS (zy) =1

in which:

e (. is the confident score of an object belonging to class c,
e p(C.) is the predicted probability of an object belonging to class c.

The classification loss:

class=1
1
Los = N Z § Yelog(p(ye)) + (1 — ye)log(1 — p(ye)), (6)
PO (zy) =1

in which:

e 3. is the ground-truth label of class ¢,
e p(y.) is the predicted probability of class c.

4. Experiments
4.1. Datasets

The proposed network is trained and evaluated on two benchmark datasets, the Car
Parking Lot Dataset (CarPK) and the Pontifical Catholic University of Parana+
Dataset (PUCPR+) °° and one proposed dataset. The CarPK dataset contains
89,777 cars collected from the Phantom 3 Professional drone. The images were
taken from four parking lots with an approximate height of 40 meters. The CarPK
dataset is divided into 988 images for training and 459 images for validation phases.
The PUCPR+ dataset is selected from a part of the PUCPR dataset consisting of
16,456 cars. The PUCPR+ dataset provides 100 images for training and 25 images
for validation. These are image datasets for car counting in different parking lots.
The cars in the image are annotated by bounding boxes with top-left and bottom-
right angles and stored as text files (*.txt files). To accommodate the training and
evaluation processes, this experiment converts the entire format of the annotation
files to the YOLOvV5 format. The proposed dataset is a combination of the Drone
Car Counting Dataset YOLO “’ and the Aerial View Car Detection for Yolovh
from the Kaggle website, named the Aerial View Parking Lot (AVPL). This dataset
contains 339 drone-view images including 314 images for training and 25 images for
evaluation. The annotation files follow the YOLO format.
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4.2. Experimental setup

The proposed network is conducted on the Pytorch framework (version 1.11.0) and
the Python programming language (version 3.7.1). This network is trained on a
Testla V100 32GB GPU and evaluated on a GeForce GTX 1080Ti 11GB GPU. The
optimizer is Adam optimization. The learning rate is initialized at 10~° and ends at
103, The momentum sets at 0.8 and then increases to 0.937. The training process
goes through 300 epochs with a batch size of 64. The balance parameters are set as
follows: Apoe=0.05, Aop;=1, and A.s=0.5. To increase training scenarios and avoid
the over-fitting issue, this experiment applies data augmentation methods such as
mosaic, translate, scale, and flip. For the inference process, other arguments are set
like an image size of 1024 x 1024, a batch size of 32, a confidence threshold = 0.5,
and an IoU threshold = 0.5. The speed testing results are reported in milliseconds
(ms).

4.3. FEzxperimental results

The performance of the proposed network is evaluated lying on the comparison
results with the retrained YOLOvV5 networks from scratch and the recent research
on the two above benchmark datasets. Specifically, this work conducts the training
and evaluation of the proposed network with the four versions of YOLOvV5 archi-
tectures (1, m, s, n). Then, it compares the results obtained with the results in

*“ on the CarPK dataset and the results in “” on the PUCPR+ dataset. As a
result, the proposed network achieves 95.8% of mean Average Precision with an
IoU threshold of 0.5 (mAP@0.5) and 63.1% of mAP with ten IoU thresholds from
0.5 to 0.95 (mAP@0.5:0.95) on the CarPK dataset. This result shows the superior
ability of the proposed network compared to other networks. While the speed (in-
ferent time) is only 1.7 ms higher than the retrained YOLOv5m network, nearly 1.5
times lower than the retrained YOLOvV5] network, and quite lower than other ex-
periments in * from 2.3 (YOLOv5m) to 7.9 (YOLOv5m) times. Besides, the weight
of the network (22.7 MB) and the computational complexity (23.9 GFLOPs) are
only half of the retrained YOLOvbm architecture. The comparison results on the
CarPK validation set are presented in Table 2. For the PUCPR+ dataset, the pro-
posed network achieves 97.4% of mAP@0.5 and 58.0% of mAP@0.5:0.95. This result
is outstanding compared to other competitors and is only 0.3% of mAP@0.5 and
2.5% of mAP@Q.5:095 lower than retrained YOLOv5Hm, respectively. However, the
proposed network has a speed of 17.9 ms, which is only slightly higher than the
retrained YOLOv5m network (2.3 ms 1) and lower than the retrained YOLOv5]
network (4.5 ms |). The comparison results on the PUCPR+ dataset are shown in
Table 3. For the AVPL dataset case, this work only compares the performance of
the proposed network and four versions of the YOLOv5 architecture. The results
in Table 4 show that the proposed network reaches 97.0% of mAP@0.5 and 76.2%
of mAP@0.5:0.95. This result is leading compared to the YOLOvV5 series except
to YOLOv5m (0.2% |) at mAP@0.5:0.95, while the computational complexity and
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Table 2. Comparison result of proposed car detection network with other networks and retrained
YOLOV5 on CarPK validation set. The symbol ” 1 ” denotes the retrained networks. N/A means
not-available values.

Models Parameter | Weight (MB) | GFLOPs | mAP@0.5 | mAP@0.5:0.95 | Inf. time (ms)
YOLOv5I 46,631,350 93.7 114.2 95.3 62.3 26.4
YOLOv5mf 21,056,406 424 50.4 94.4 61.5 15.9
YOLOv5sf 7,022,326 14.3 15.8 95.6 62.7 8.7
YOLOv5nf 1,765,270 3.7 4.2 93.9 57.8 6.3
YOLOv5x N/A 167.0 205.0 94.5 57.9 138.2
YOLOv51 N/A 90.6 108.0 95.0 59.2 72.1

YOLOv5m N/A 41.1 48.0 94.6 57.8 40.4
Modified YOLOvV5 N/A 44.0 57.7 94.9 61.1 50.5
SSD N/A N/A N/A 68.7 N/A N/A
YOLO9000 N/A N/A N/A 20.9 N/A N/A
YOLOv3 N/A N/A N/A 85.3 N/A N/A
YOLOv4 N/A N/A N/A 87.81 N/A N/A
SA+CF+CRT N/A N/A N/A 89.8 N/A N/A
SF-SSD N/A N/A N/A 90.1 N/A N/A
Our 11,188,534 22.7 23.9 95.8 63.1 17.6

network weight are half of YOLOv5m. For speed evaluation, the proposed network
is better than the large-size models YOLOv5! (36.2 ms |) and the medium-size
model YOLOv5m (3.2 ms |) in the same testing conditions. Several qualitative re-
sults on each dataset are shown in Fig. 5. Besides, this experiment also compares
the performance of the proposed method and YOLOv5m as the results are shown
in Fig. 6. These results prove that the proposed method is better than YOLOv5m
when detecting the car in a dark color, overlapping, and crowded condition.

Table 3. Comparison result of proposed car detection network with other networks and retrained
YOLOv5 on PUCPR+ validation set. The symbol ” 1" denotes the retrained networks. N/A means
not-available values.

Models Parameter | Weight (MB) | GFLOPs | mAP@0.5 | mAP@0.5:0.95 | Inf. time (ms)
YOLOv5I 46,631,350 93.7 114.2 96.4 53.8 22.4
YOLOv5mf 21,056,406 42.4 50.4 97.7 60.5 15.6
YOLOv5s! 7,022,326 14.3 15.8 84.6 38.9 7.4
YOLOv5n' 1,765,270 3.7 4.2 89.7 41.6 5.9

SSD N/A N/A N/A 32.6 N/A N/A

YOLO9000 N/A N/A N/A 12.3 N/A N/A
YOLOV3 N/A N/A N/A 95.0 N/A N/A
YOLOv4 N/A N/A N/A 94.1 N/A N/A

SA+CF+CRT N/A N/A N/A 92.9 N/A N/A
SF-SSD N/A N/A N/A 90.8 N/A N/A
Our 11,188,534 22.7 23.9 97.4 58.0 17.9

From the mentioned results, the proposed network has a balance in performance,
speed, and network parameters. Therefore, it can be implemented in smart parking
systems on low-computing and embedded devices. However, the process of testing
this network also revealed some disadvantages. Since the car detection network is
mainly based on the signal obtained from the drone-view or floor-view camera, it is
influenced by a number of environmental factors, including illumination, weather,
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Fig. 5. The qualitative results of the proposed network on the validation set of the CarPK,
PUCPR+, and AVPL datasets with IoU threshold = 0.5 and confidence score = 0.5.
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Table 4. Comparison result of proposed car detection network with retrained YOLOvV5 on the
AVPL validation set.

Models | Parameter | Weight (MB) | GFLOPs | mAP@0.5 | mAP@0.5:0.95 | Inf. time (ms)
YOLOv51 46,631,350 93.7 114.2 96.0 76.1 65.7
YOLOv5m | 21,056,406 42.4 50.4 96.4 76.4 32.7
YOLOv5s 7,022,326 14.3 15.8 95.9 5.7 13.3
YOLOv5n 1,765,270 3.7 4.2 96.3 74.3 4.6

Our 11,188,534 22.7 23.9 97.0 76.2 29.5

LN /
YOLOv5m

Proposed

Fig. 6. The comparison result between the proposed method and YOLOv5m on the CarPK dataset
with IoU threshold and confidence are set to 0.5.

car density, occlusion, shadow, object similarity, and the distance from the camera
to the cars.

4.4. Ablation studies

The experiment conducted several ablation studies to inspect the importance of
each block in the proposed backbones. The blocks are replaced in turn, trained
on the CarPK training set, and evaluated on the CarPK validation set as shown
in Table 4. The results from this table show that the PP-LCNet block increases
the network performance at mAP@ 0.5 (1.1% 1) but decreases in mAP@0.5:0.95
(0.8% ) when compared to the LiteEfficientNet block. Combining these two blocks
gives a perfect result along with the starting Conv and the ending SPP blocks.
Besides, it also shows the superiority of the SPP block (0.4% 1 of mAP@0.5 and
mAP@0.5:0.95) over the SPPF block when they generate the same GFLOPs and
network parameters.
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Table 5. Ablation studies with different types of backbones on the CarPK validation set.

Blocks Proposed backbones
Conv v v v v
PP-LCNet v v v
LiteEfficientNet v v v
SPPF v
SPP v v v
Parameter 10,728,766 | 9,780,850 | 11,188,534 | 11,188,534
Weight (MB) 21.9 19.9 22.7 22.7
GFLOPs 20.8 18.5 23.9 23.9
mAP@O0.5 95.1 94.3 95.4 95.8
mAP@0.5:0.95 58.2 59.3 62.7 63.1

5. Conclusion

This paper introduces an improved YOLOvV5 architecture for car detection in smart
parking systems. The proposed network contains three main modules: backbone,
neck, and detection head. The backbone module is redesigned using lightweight
architectures: PP-LCNet and LiteEfficientNet. The neck and detection head reuse
the structure from the original YOLOv5m with several minor modifications. The
network achieves the best results at 95.8%, 97.4%, and 97.0% of mAP@0.5 and
better performances when compared to recent works. The optimization of network
parameters, speed, and detection accuracy provides the ability to deploy the model
on real-time systems. In the future, the neck and detection head modules will be
developed to detect smaller vehicles and implement them on larger datasets. More-
over, the improved method also will be compared to the latest YOLOvVS version to
inspect the efficiency and novelty of the proposed architecture.
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