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Abstract: In order to address the problems associated with low detection accuracy, weak detection
ability of small targets, insufficiently obvious differentiation of colors, and inability to accurately
locate the actual position of the target object in the Formula Student Autonomous China, the YOLOv5s
algorithm is improved by adding coordinate attention, modifying the color space transformation
module, and adding a normalized Gaussian Wasserstein distance module and a monocular camera
distance measurement module. Finally, it is experimentally verified that by adding and modifying
the above modules, the YOLOv5s algorithm’s precision is improved by 6.9%, recall by 4.4%, and
mean average precision by 4.9%; although the detection frame rate decreases, it still meets the
requirement. Monocular camera distance measurement has a maximum error of 5.64% within 20 m
in the Z-direction and 5.33% in the X-direction.

Keywords: deep learning; target detection; YOLOv5; attention mechanism; monocular camera
distance measurement

1. Introduction

As part of the continuous progress in artificial intelligence technology, automobiles are
gradually developing towards electrification, intelligentization, and network connectivity.
The research work on driverless cars in terms of intelligence is a challenging and promising
field, which involves a number of disciplines, including artificial intelligence, control
systems, sensor technology, and so on. Although there has been great progress in artificial
intelligence technology in recent years, there are still certain challenges to the landing
of driverless cars, such as that current sensor technology has not yet been able to fully
solve the challenges in situations such as inclement weather and night time, and there
is still no perfect solution regarding the morality, ethics, policies, and regulations related
to driverless cars, so the complete realization of driverless cars is still a certain degree of
difficulty. Based on the above problems, automobile companies put forward the solution of
advanced driving assistance systems to provide intelligent car customers with adaptive
cruise control, lane-keeping assist, automatic parking, and other auxiliary driving functions,
and the installed ratio of advanced driving assistance systems for new energy vehicles sold
in China has already reached 4.9% and shows an increasing trend every year. So, in the
future, there will be more organizations that will be involved in research on driverless cars.

The Society of Automotive Engineering has organized the driverless formula racing
competition for college students to cultivate their exploration in the direction of intelligent
vehicles. The main technologies used in driverless formula racing cars are environment
perception, simultaneous localization and map building, path planning, and trajectory
tracking. As the first step in driverless driving, the advantages and disadvantages of the
perception results play a decisive role in the stable operation of the driverless racing car.

The YOLOv5s algorithm has been favored by many teams in driverless formula
car racing competitions due to its fast detection speed and good detection accuracy, but
there are still some problems in its practical application. The YOLOv5s algorithm, as a
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single-stage target detection algorithm, shows somewhat reduced detection accuracy when
compared to two-stage detection algorithms [1–3], and the objects that need to be detected
by driverless formula racing cars are mainly cone buckets, whose shapes are relatively
small and occupy fewer pixels on the image, while YOLOv5s adopts a PANet module that
fuses the feature depth maps, which decreases its ability to detect small targets. Distant
cone buckets are more difficult to detect accurately, and formula racing cars being able to
detect cone buckets farther away is beneficial for the cars to make decisions and plan in
advance. The YOLOv5s model employs color space transformation in the training data
as a preprocessing step before the model training. This transformation alters the color
information of the objects in the dataset, resulting in a decrease in the model’s accuracy
when it comes to color recognition. At the same time, it should be noted that the YOLOv5s
method, functioning as a 2D target detection algorithm, lacks the capability to detect the
depth information of the target. Consequently, the detection outcomes it produces are
unsuitable for the purpose of path planning in the context of racing cars.

Aiming at the above problems, this paper will start the research by improving the
accuracy of the YOLOv5s algorithm in detecting cone buckets, its ability in color differ-
entiation, its ability to detect small targets, and its ability to detect the actual position of
the target object, as well as referencing a large amount of related literature. Yu Zhang
et al. [4] improved the detection of small targets by adding the Flip-Mosaic algorithm
to the YOLOv5 algorithm. Daniel Padilla Carrasco et al. [5] incorporated a multiscale
mechanism into the YOLOv5 framework. The objective of this addition was to mitigate
the issue of excessive training parameters and enhance the model’s efficacy in detecting
small targets. Ying Zhang et al. [6] integrated a self-supervised learning network into the
YOLOv4 network, which reduces the amount of manual labeling required and increases
the model’s prediction ability and detection accuracy. Wentong Wu et al. [7] improved the
YOLOv5 algorithm by using a localized Fully Convolutional Neural Network (FCN), which
improves its detection capability for small targets. To enhance the detection capabilities of
the YOLOv5 model for tiny and dense objects, Xingkui Zhu et al. [8] replaced the original
detection head with the Transformer’s detection head and added an extra detection head,
as well as a convolutional attention mechanism module. Bojan Strbac et al. [9] suggested a
technique for determining the distance of an object based on the YOLO algorithm and the
stereo vision concept. K. Karthika et al. [10] offered a method for estimating the distance
to the vehicle ahead using an artificial neural network and a monocular camera. Zhiguo
Liu et al. [11] deleted the feature layer and prediction head with poor feature extraction
ability in YOLOv5, and also integrated a new type of feature extractor with stronger feature
extraction ability into the network; at the same time, they borrowed the idea of a residual
network to integrate coordinate attention into the network. Then, the hybrid dilation
convolution was combined with the redesigned residual structure to enhance the feature
and position information extraction ability of the shallow layer of the model and optimize
the feature extraction ability of the model for different scale targets. Weizhen Song et al. [12]
proposed a Chinese traffic sign detection algorithm based on YOLOv4-tiny. They added
an improved lightweight BECA attention mechanism module to the backbone feature
extraction network of YOLOv4-tiny, an improved dense SPP network to the augmented
feature extraction network, a yolo detection layer, and k-means++ clustering to obtain a
priori frames more suitable for traffic sign detection. Alessandro Betti et al. [13] proposed a
simple, fast, and efficient YOLO-S network that utilizes a small feature extractor, as well as
skip connections via bypass and tandem, and a remodeling-pass-through layer to facilitate
feature reuse throughout the network and combine low-level location information with
more meaningful high-level information.

Many improvement methods have been proposed in the existing research for the
problems of the YOLO algorithm in application, but the majority focus on replacing the
backbone network, modifying the loss function, adding the attention mechanism, increasing
the detection head, etc. Although these methods can improve the detection accuracy of
YOLOv5 and the ability to detect small targets, they do not improve the ability of YOLOv5
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to differentiate colors, and the results of using IoU to calculate the similarity between
the bounding boxes are sensitive to small-size targets, and the IoU value varies greatly
on small-size targets, so the existing methods are not a good solution for the YOLOv5s
algorithm in the application of driverless formula racing. In this paper, we propose to add
coordinate attention, modify color space transformation, and add a normalized Gaussian
Wasserstein distance module and monocular camera distance measurement module to the
YOLOv5s algorithm to address the problem of YOLOv5s in driverless formula racing car
applications.

2. YOLOv5s Network Structure

YOLOv5 contains four network models: YOLOv5s, YOLOv5m, YOLOv5l, and YOLOv5x,
which increase in depth and width in turn, while the detection accuracy also increases in
turn [14,15]. The study object in this article is YOLOv5s, and the structural diagram of
the YOLOv5s model is presented in Figure 1. There are three networks in the model: the
backbone network, the neck network, and the head network.
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Figure 1. YOLOv5s network architecture.

The backbone network is utilized to extract the target’s multi-scale characteristics by
iteratively stacking the three modules: Conv, C3, and SPPF. The neck network is used
to blend and combine the features and fuse the extracted features. The head network is
used to predict the target classification as well as the confidence level, etc., by using three
different prediction layers for predicting the features at different scales.

3. Coordinate Attention

The attention mechanism is used to increase the network’s detection capabilities by
giving weights to distinct objects to highlight some critical aspects while disregarding other
observable information.

The concept of coordinate attention involves integrating spatial information into chan-
nel attention in order to establish their interdependence, hence improving the network’s
ability to accurately localize and recognize objects [16]. The architecture of the coordinate
attention network is depicted in Figure 2. This network employs two 1D global average
pooling operations to combine input features in the vertical and horizontal directions, result-
ing in two distinct directional feature maps. These feature maps are subsequently encoded
as vertical and horizontal attention maps. Each attention map captures the long-range
dependencies of the input feature maps along its respective direction.
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3.1. Coordinate Information Embedding

The process of encoding coordinate information is achieved by using two separate
1D averaged convolutions with pooling kernels of dimensions (H,1) and (1,W) in both the
horizontal and vertical directions for each channel. Here, the output of the vertical direction
in the c-th channel after 1D pooling can be expressed as:

zh
c (h) =

1
W ∑

0≤i<W
xc(h, i) (1)

Similarly, the output of the horizontal direction in the c-th channel after 1D pooling
can be expressed as:

zw
c (w) =

1
H ∑

0≤i<H
xc(j, w) (2)

The two 1D pooling operations in question perform feature aggregation in both the ver-
tical and horizontal directions, resulting in two direction-aware feature maps. Additionally,
these pooling operations enable the attention mechanism to capture distant dependencies
along the respective direction, while preserving accurate positional information in the other
spatial direction.

3.2. Coordinate Attention Generation

Coordinate attention generation works to connect the aggregated feature maps, start-
ing with a 1 × 1 convolutional transform function, F1, and a nonlinear activation function,
δ, to encode the spatial information both horizontally and vertically. So:

f = δ
(

F1

([
zh, zw

]))
(3)

Here, [,] denotes the splicing of the 1D convolution results in the vertical and horizontal
directions, and zh and zw are the outputs of the coordinate information embedding process
in the vertical and horizontal directions, respectively. After splicing, f is split along the
vertical and horizontal directions, respectively, to determine fh and fw. Then, fh and fw are
transformed into feature maps with the same number of channels as the input, X, using
two 1×1 convolution operations, Fh and Fw, respectively, and, finally, their nonlinearity is
increased using the sigmoid function, which is δ:

gh= σ
(

Fh

(
fh
))

(4)

gw= σ(Fw(fw)) (5)
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Here, gh and gw are the weights generated by coordinate attention, which acts on the
input, X, and can be written as:

yc(i, j) = xc(i, j)× gh
c (i)× gw

c (j) (6)

The act of coordination attention serves the purpose of not only discerning the signifi-
cance of various channels but also using both horizontal and vertical attention on the input
feature maps. By including spatial information in the encoding process, this methodology
enables precise localization of the specific item of interest, thereby enhancing the accuracy
of the model’s identification capabilities.

4. Modifying the Color Space Transformation Module

In the process of driverless formula car racing, the cone buckets can be mainly divided
into red, blue, and yellow. In practical applications, the racing car needs to judge the color
of the cone bucket to determine whether the cone bucket is on the inner side of the race
road or the outer side of the race road, as well as whether the cone bucket is a change
of direction, deceleration, or termination cone bucket, and so on. The racing car judges
the color of the recognized cone bucket, and then controls the racing car to perform the
corresponding action. Therefore, it is necessary to accurately distinguish the color of the
cone bucket in the process of application.

The YOLOv5s method incorporates data augmentation techniques to enhance the
performance of the model, hence mitigating the risk of training the model with a limited
number of training images. In data augmentation, color space transformation is used to
change the hue, saturation, and value of the training images. The hue transformation is
the color transformation. Here, the procedure of the color space transformation part is
extracted for demonstration and obtained, as shown in Figure 3.
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In Figure 3, (a) is the blue cone bucket without color space transformation, and (b) is
the result of the blue cone bucket after color space transformation, from which it can be
seen that the hue transformation changes the color information of the cone bucket, and
the blue cone bucket is transformed into a purple cone bucket. If this part is fed into the
YOLOv5s model for training, it will lead to the model’s classification of the cone bucket
color not being accurate enough, and the driverless formula racing car mainly relies on the
color of the cone bucket to judge and perform decision-making, so this hue transformation
will affect the recognition of the cone bucket, thus affecting the judgment and decision-
making of the racing car. In this paper, we improve the accuracy of the YOLOv5s model in
recognizing the color of cone buckets by removing the hue transformation.
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5. Normalized Gaussian Wasserstein Distance

Since the objects that need to be detected by the driverless formula racing car are
mainly cone buckets, and the size of the cone buckets is 20 × 20 × 30 (cm), when the
cone buckets are far away from the camera, the pixel size occupied by the imaging of the
cone buckets on the camera is relatively small. If we want the camera to be able to detect
cone buckets at longer distances, then we need to improve the YOLOv5s algorithm for the
detection of small targets.

The limited amount of information included in the tiny targets poses a challenge
for the model in extracting distinguishing characteristics that identify them from other
categories. Consequently, this difficulty results in a larger likelihood of mistakes occurring
during the detection phase.

The YOLOv5s algorithm uses IoU to represent the similarity between the bounding
boxes, but IoU is more sensitive to the size of the object, as shown in Figure 4 [17]. For a
small target object, a very small change in position will cause the IoU to become very small,
but for a normal-sized object, the same change will not cause a large change in the IoU.
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Thus, it is known that IoU is not suitable for measuring small targets. In [17], the
authors measure the degree of similarity between two bounding boxes by modeling the
bounding box as a Gaussian distribution and then using the Wasserstein distance instead
of IoU. The advantage of using the Wasserstein distance is that the similarity between the
two bounding boxes can be measured, even if they do not have overlapping parts, and the
method is insensitive to small-sized targets.

In the context of target detection, it is commonly observed that the target object tends
to occupy the central region of the bounding box, while the surrounding background pixels
are typically concentrated along the edges of the bounding box. In order to effectively
represent the relative importance of different pixels within the bounding box, a 2D Gaussian
distribution is employed as a model. This distribution assigns the highest weight to the
pixels located at the center of the bounding box, with the weights gradually decreasing in a
descending manner as one moves toward the boundary. The bounding box, R, defined by
its center coordinates (cx, cy) and its width and height (w, h), may be represented using an
inner ellipse.

(x − µx)
2

σ2
x

+

(
y − µy

)2

σ2
y

= 1 (7)
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The center coordinates of the ellipse are denoted as µx, and µy, where µx represents
the length of the x-axis, and µy represents the length of the y-axis, as in:

µx= cx
µy= cy
σx = w

2
σy = h

2

(8)

The probability density function of a 2D Gaussian distribution can be calculated by
the following formula:

f(x|µ, Σ ) =
exp

(
− 1

2 (x− µ)TΣ−1(x− µ)
)

2π|Σ|
1
2

(9)

where x and µ denote the vectors of coordinates (x, y) and means, respectively, and
∑ denotes the covariance matrix of the Gaussian distribution. When x and u satisfy
Equation (10), this ellipse is the isodensity contour line of a 2D Gaussian distribution.

(x− µ)TΣ−1(x− µ)= 1 (10)

Hence, the bounding box, R, denoted as (cx, cy, w, h), may be represented as a two-
dimensional Gaussian distribution N(µ, ∑), where:

µ =

[
cx
cy

]
, Σ =

[
w2

4 0
0 h2

4

]
(11)

Thus, the correspondence between the bounding boxes, A and B, may be transformed
into a distance between two Gaussian distributions.

For the two 2D Gaussian distributions, µ1 = N(m1,∑1) and µ2 = N(m2,∑2), the second-
order Wasserstein distance between them is defined as:

W2
2(µ1,µ2) = ‖m1 −m2‖2

2+Tr

(
Σ1 + Σ2−2

(
Σ

1
2
2 Σ1Σ

1
2
2

) 1
2
)

(12)

This can be simplified:

W2
2(µ1,µ2) = ‖m1 −m2‖2

2 +

∥∥∥∥Σ
1
2
1 − Σ

1
2
2

∥∥∥∥2

F
(13)

where: ‖·‖F is the Frobenius norm.
For the Gaussian distributions, Na and Nb, modeled by the bounding box,

A = (cxa,cya,wa,ha) and B = (cxb,cyb,wb,hb), the above equation can be simplified as:

W2
2(Na, Nb) =

∥∥∥∥∥
([

cxa, cya,
wa

2
,

ha

2

]T
,
[

cxb, cyb,
wb
2

,
hb
2

]T
)∥∥∥∥∥

2

2

(14)

However, W2
2(Na, Nb) refers to the distance and cannot be used directly as a similarity

measure; therefore, it needs to be transformed into an exponential form of normalization:

NWD(Na, Nb)= exp

−
√

W2
2(Na, Nb)

C

 (15)

The constant, C, is strongly correlated with the dataset.
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Since the IoU-based loss function does not provide a gradient to optimize the network
when there is no overlapping portion of the two bounding boxes, a loss function based on
the normalized Gaussian Wasserstein distance is used in this paper:

LNWD= 1−NWD
(
Np, Ng

)
(16)

The variable, Np, represents the Gaussian distribution of the anticipated boxes,
whereas Ng represents the Gaussian distribution of the real boxes.

6. Monocular Camera Distance Measurement
6.1. Internal Reference Calibration

The camera internal reference calibration is a crucial step in determining the location
of the cone bucket inside the camera coordinate system. The internal reference calibration
of the camera is derived from the camera’s imaging principle, which is used to compute
the internal reference matrix. The camera operates based on the concept of small-hole
imaging [18]. Consequently, the imaging process of the camera may be elucidated by the
use of the small-hole camera model, as seen in Figure 5.
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Figure 5 depicts the camera coordinate system as O-x-y-z, the image plane coordinate
system as O′-x′-y′, and the projection of a point P(X,Y,Z) under the camera plane coordinate
system onto the pixel plane coordinate system as P′(X′,Y′). The camera’s focal length,
denoted as f, is determined through the application of the geometric relationship of similar
triangles.

Z
f
= − X

X′
= − Y

Y′
(17)

To make the equation more straightforward, translate the image plane in front of the
camera plane, and remove the negative sign to get the following equation:

Z
f
=

X
X′

=
Y
Y′

(18)

organized as: {
X′ = f X

Z
Y′ = f Y

Z
(19)

In the pixel plane coordinate system, the origin is positioned in the upper left corner
of the image. The u-axis runs parallel to the x-axis, extending in the positive direction
to the right. Similarly, the v-axis is parallel to the y-axis, pointing downwards in the
positive direction. To acquire the coordinates (u,v) in the pixel plane coordinate system, it
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is imperative to apply scaling and translation operations to the point, P′(X′,Y′), within the
image plane coordinate system. {

u = αX′+cx
v = βY′+cy

(20)

This is obtained by taking Equation (18) into Equation (19) and combining αf and βf
into fx and fy, respectively: {

u =fx
X
Z + cx

v =fy
Y
Z + cy

(21)

Writing the above equation in the form of a matrix yields:

Z

u
v
1

 =

fx 0 cx
0 fy cy
0 0 1

X
Y
Z

= KP (22)

The equation presented involves the use of the internal reference matrix, denoted as K,
which may be acquired via the process of camera internal reference calibration.

6.2. Monocular Camera Distance Measurement

The YOLOv5 algorithm, which is primarily used for 2D target detection, is limited
to identifying the location of the target object within an image. However, in the context
of driverless formula racing, it is necessary to determine the precise position of the cone
buckets within the vehicle’s coordinate system. To achieve this, the algorithm must estimate
the object’s position in the camera coordinate system based on the image data. The specific
algorithm used for this purpose is illustrated in Figure 6.
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In Figure 6, O-x-y-z represents the camera coordinate system, O′-x′-y′ represents the
image plane coordinate system, and O′′-x′′-y′′-z′′ represents the coordinate system of the
camera coordinate system’s projection on the ground. Let Q be the cone bucket’s point of
contact with the ground, Q′ be the equivalent point of Q in the image plane, Q′P′ be the
distance of Q′ from the y′-axis, and P be the point of projection of Q on the yOz plane. OO′

is the focal length f of the camera, as in the following equation:

β′ = arctan
(

O′P′

f

)
(23)



World Electr. Veh. J. 2023, 14, 269 10 of 16

where O′P′ is the distance in the y′-axis direction of Q′ in the image plane coordinate
system.

Since β′ and β are opposite angles, β′ = β, and since θ = α + β, so:

OP =
H

sin(θ)
(24)

where α is the downward inclination of the camera relative to the horizontal line, and H
is the camera’s height above the ground plane, these two parameters can be obtained by
measurement when the camera is installed.

The intersection point, D, is obtained by making a vertical line to the z-axis through
point P. Here, OD is the distance of point Q from the z-axis in the camera coordinate system:

OD = OP× cos(β) (25)

Similarly, in the camera coordinate system, DP is the distance of Q from the y-axis:

DP = OP× sin(β) (26)

Connecting QD and Q′O′, we can see that triangle QPD and triangle Q′P′O′ are similar, so:

QP =
DP

O′P′
Q′P′ (27)

Here, Q′P′ represents the distance of Q′ along the x′-axis in the image plane coordinate
system, and QP represents the distance of Q along the x-axis in the camera coordinate
system.

The above calculations are then used to compute the exact 3D position, XYZ, of the
cone buckets in the camera coordinate system.

7. Experimental Verification
7.1. Dataset and Experimental Environments

The dataset is collected mainly based on the actual application scenarios. The detection
target of the driverless formula racing car is the cone buckets, whose main difference is
the different colors, namely red, blue, and yellow. The different colors of the cone buckets
are placed in different positions; the red cone buckets are in the outer circle of the racing
road, the blue cone buckets are in the inner circle of the racing road, and the yellow cone
buckets are in the starting and ending positions. The racing road is divided into three types
of racing road: straight-line acceleration, 8-word surround, and high-speed racing. We
create the racing track environment according to the above requirements, capture it with
real cars, and then label the position of the cone buckets on the image; the different color
cone buckets are distinguished by different labels. The size of the images in this dataset
is 1920 × 1200, and there are 5652 images in total; the training, validation, and test sets
are divided into three ratios of 5:2.5:2.5, 6:2:2, and 8:10:10, and the experimental results of
the three ways of dividing the dataset are averaged. The models in this experiment were
trained and tested using a GeForce RTX3060 graphics card with CUDA version 11.3 and
PyTorch version 1.12.1.

7.2. Experimental Methods

The methodology of the experiment is to verify the enhancement of the method
proposed in this paper with respect to YOLOv5s through comparative experiments. First,
a comparison is made in terms of performance parameters, and the YOLOv5s network
model—after adding and modifying each module—is compared with the original YOLOv5s
network in an ablation test to observe the enhancement of performance parameters. Then,
the effectiveness of adding and modifying each module is verified through real vehicle
experiments, and the results of the experiments are shown through visualization.
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7.3. Experimental Evaluation Indicators

The accuracy and real-time performance of the algorithm’s detection are the most
important indicators for the application of this algorithm to driverless formula racing cars;
therefore, in this paper, we have selected evaluation indicators related to the accuracy and
real-time performance of the detection. These include Precision, Recall, mean Average
Precision (mAP), Parameter Number (Pa) of the model, and Frames Per Second (FPS).

Precision is defined as the rate of True Positives detected among all Positives detected.

Precision =
TP

TP + FP
(28)

Recall is the rate of detected Positives among all ground true positives.

Recall =
TP

TP + FN
(29)

Mean Average Precision (mAP) is the ratio of Average Precision (AP) to the number of
categories, k, whereas Average Precision is the region below the Precision–Recall curve.

mAP =

k
∑

i=1
APi

k
(30)

The Parameter Number (Pa) is used to determine the scale of the model and is com-
puted for convolutional layers as follows:

Pa =Cin ×Cout ×Kh ×Kw (31)

For the fully connected layer, the formula is as follows:

Pa =Cin ×Cout (32)

where Cin, Cout, Kh, and Kw stand for the number of input channels, the number of output
channels, the height, h, of the convolution kernel, and its width, w, respectively.

The Frames Per Second (FPS) of the output is used to determine the speed of model
detection; the higher the FPS, the quicker the model is detected.

7.4. Ablation Experiment

To assess the efficacy of incorporating coordinate attention (CA), modifying color
space transformation (HSV), and integrating the Normalized Gaussian Wasserstein Dis-
tance module (NWD) into the YOLOv5s algorithm as proposed in this study, ablation
experiments were conducted. These experiments aimed to evaluate the influence of mod-
ifying various modules on enhancing the detection performance of YOLOv5s within a
consistent experimental setting. The YOLOv5s model was used as the baseline model for
this experiment. The experiment utilized a self-created cone bucket dataset. Each algorithm
is run 30 times, and the average result of these 30 runs is calculated and displayed in
Table 1.

Table 1. Comparison of ablation experiments.

Model Precision/% Recall/% mAP/% Pa/106 FPS

YOLOv5s 86.2 88.6 91.6 7.018 55.6
YOLOv5s-CA 89.3 90.9 94 7.043 51.5

YOLOv5s-HSV 90.6 91.3 94.2 7.018 55.6
YOLOv5s-NWD 92 87.7 94.5 7.018 55.6

YOLOv5s-CA-HSV 90.5 92.5 94.5 7.043 51.5
YOLOv5s-CA-HSV-NWD 93.1 93 96.5 7.043 51.5
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Upon analyzing the data presented in Table 1, it can be seen that increasing any part
alone will improve the detection performance of YOLOv5s, while adding three modules will
enhance the detection accuracy even more. Although increasing the coordinate attention
will lead to an increase in the parameter number and a decrease in the detection rate, the
decrease in the detection rate is very small, and it will not have any effect on the detection
rate required by the driverless formula racing car.

To evaluate the effectiveness of the method proposed in this paper, our method
is compared with the YOLOv3, YOLOv4 [3], EfficientDet [19], SSD [20], and Faster R-
CNN [21] methods in Table 2, each of which is also run 30 times and averaged.

Table 2. Comparison of different models.

Model Precision/% Recall/% mAP/% Pa/106 FPS

YOLOv3 87.8 77.2 86.5 63.0 35.6
YOLOv4 88.1 88.9 91.7 64.4 30.4
YOLOv5s 86.2 88.6 91.6 7.018 55.6

EfficientDet 87.3 87.8 92.1 21 15.4
SSD 88.7 90.4 93.4 26.2 15.3

Faster R-CNN 86.3 88.2 91.2 137 3
Ours 93.1 93 96.5 7.043 51.5

From the above table, it can be seen that the model proposed in this paper improves
the attention to the detection target due to the addition of coordinate attention and the
optimization of the IOU loss function for small target objects, so the model proposed
in this paper shows a great improvement in the detection accuracy compared to other
target detection models. Since the number of parameters of YOLOv5s itself is very small
compared to other algorithms, it has a great advantage in detection speed, while the method
in this paper improves the detection accuracy of YOLOv5s. Although it leads to a very
small decrease in detection speed, its detection speed is still much higher than that of other
detection algorithms. In conclusion, the method proposed in this paper is superior to other
detection algorithms in terms of detection speed and detection accuracy.

7.5. Coordinate Attention Comparison

In order to verify the effect of adding coordinate attention to the target detection effect,
the images were collected and detected using the YOLOv5s model with added coordinate
attention, the heat map was output using Grad-CAM, and the results obtained are shown
in Figure 7.
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In Figure 7, (a) is the heat map generated using YOLOv5s detection, and (b) is the
heat map with added coordinate attention; the warmer the hue of the heat map, the higher
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the model’s attention to the area. From the heat map, it can be seen that the heat map
corresponding to the cone bucket after adding coordinate attention has a warmer hue and
covers a wider area of the cone bucket compared to the heat map without adding coordinate
attention. This shows that the more attention the model pays to the pixels corresponding to
the cone bucket, the higher the possibility that these pixels are the objects that need to be
detected, and it can be concluded that the addition of coordinate attention improves the
accuracy of the model in detecting the cone bucket.

7.6. Small Target Detection Experiment

The purpose of adding normalized Gaussian Wasserstein distance is to improve the
accuracy of YOLOv5’s detection of small targets; therefore, the effect of YOLOv5s in
detecting small targets after adding the normalized Gaussian Wasserstein distance module
is verified by comparing the normal YOLOv5s model and YOLOv5s model with normalized
Gaussian Wasserstein distance added, and the results are shown in Figure 8.
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Figure 8. Comparison of the detection effect of YOLOv5s with YOLOv5s with the addition of
normalized Gaussian Wasserstein distance. (a) Detection effect of YOLOv5s; (b) detection effect of
YOLOv5s with added normalized Gaussian Wasserstein distance.

In Figure 8, (a) is the effect of YOLOv5s model detection without the addition of nor-
malized Gaussian Wasserstein distance; five red cone buckets and five blue cone buckets are
detected; (b) is the YOLOv5s model with the addition of normalized Gaussian Wasserstein
distance; all the eight red cone buckets are detected, and seven blue cone buckets are de-
tected. The comparison shows that the YOLOv5s model with the addition of the normalized
Gaussian Wasserstein distance is more effective in the detection of small targets.

7.7. Monocular Camera Distance Measuring Experiment

In this paper, the monocular distance measurement module is added to the YOLOv5s
model in order to realize the use of a monocular camera to obtain the accurate positioning of
the cone buckets in the camera coordinate system. The specific experiments are conducted
by placing five cone buckets on the left and right sides of the race car, with the blue cone
buckets on the left side placed at 2.4 m intervals, the red cone buckets on the right side
aligned with the blue cone buckets, and the left and right side of the cone buckets spaced
at 3 m intervals. Then, YOLOv5s is used with monocular distance measurement added to
detect the position of the cone buckets, and the result is shown in Figure 9b. The calculated
cone bucket position is printed into the terminal, and the cone bucket position is shown in
the contents of the red box in Figure 9.
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The results are analyzed by comparing the above-detected position with the actual
position and then calculating the relative error [22] by the following equation:

δ =
|pd− gt|

gt
× 100% (33)

where δ denotes the relative error, pd denotes the distance of the cone bucket detected by
the algorithm, gt denotes the actual distance, and|pd − gt| denotes the absolute error.

The calculated maximum error of the cone bucket in the camera coordinate system
within 20m in the Z direction is 5.64%, and the average error is 4.96%; the maximum error
in the X direction is 5.33%, and the average error is 4.62%. Due to the internal parameter
calibration, there will be a certain error, and the picture taken by the camera will produce an
aberration. Although the aberration will be corrected to a certain extent, there will still be an
error, so while the camera detects the position of the object itself with an error, according to
the effect of the test of the real car, the error of the method is within the permissible range.

8. Discussion

In this paper, for the problems of the YOLV5s algorithm applied in driverless for-
mula racing, we propose to add a coordinate attention mechanism, modify the color space
transformation module, add a normalized Gaussian Wasserstein distance module, and a
monocular ranging module into the YOLOv5s algorithm to improve the YOLOv5s algo-
rithm. Adding the coordinate attention mechanism can improve the YOLOv5s algorithm’s
attention to the cone buckets and reduce their attention to other information to improve
the accuracy of the model’s detection of the cone buckets; modifying the color space trans-
formation module so that the YOLOv5s algorithm does not transform the color when data
enhancement is carried out improves the algorithm’s ability to distinguish the color; adding
the normalized Gaussian Wasserstein distance module adopts the Wasserstein distance
instead of the IoU to measure the similarity between two bounding boxes, which reduces
the sensitivity of the IoU to the size of the object, and improves the detection capability of
YOLOv5s for small targets; adding the monocular ranging module enables ables it to locate
the position of the cone buckets under the camera coordinate system. The experiments
show that our proposed method can effectively solve the problems in practical applications.

Although many researchers have carried out corresponding research for the above
problems, it has been for structured road vehicles, in which the detection targets are
pedestrians and vehicles. For the detection of small target cone buckets by driverless
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formula racing cars, there is very little research, so this paper provides a certain reference
significance for designers and enthusiasts of driverless formula racing cars.

9. Conclusions

This paper proposes a monocular camera-based cone bucket detection algorithm based
on the YOLOv5s algorithm for driverless formula racing cars. The detection accuracy of
the algorithm is improved by using coordinate attention in YOLOv5s. In order to better
distinguish the color of the cone buckets, this work turned off the hue transformation
during data enhancement. To improve the detection of distant cone buckets in YOLOv5s,
normalized Gaussian Wasserstein distance was used as a loss function. Finally, to obtain
the real position of the cone bucket, the principle of similar triangles was used to calculate
the position of the cone bucket under the camera coordinate system. By training and testing
on the homemade cone bucket dataset, it can be seen that the proposed algorithm improves
the precision rate by 6.9%, the recall rate by 4.4%, and the mean average precision by 4.9%
relative to YOLOv5s, and it is able to satisfy practical uses, although the detection frame rate
has decreased. Monocular camera distance measurement has a maximum error of 5.64%
within 20m in the Z direction and 5.33% in the X direction in the camera coordinate system.

The improvement in the above YOLOv5s algorithm can be applied in the intelligent
driving car to perceive the environment around the car, and this improvement method can
make the intelligent car “see more accurately”, “see farther”, and also locate the position
of obstacles, so that the intelligent car can execute the corresponding decision in advance,
which can significantly reduce the occurrence of traffic accidents.

Although the algorithm has significantly improved the detection accuracy and can
meet the real-time requirements, it still has the problem of a large number of parameters,
which occupy a large computational memory, so simplifying the network of YOLOv5s
through techniques such as network pruning and knowledge distillation will be the focus
of our next research.
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