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Abstract

Autonomous motorsport is a rapidly developing
field, among which autonomous racing based
on cone tracks is a challenging testing and
racing environment. Object detection is one
of its indispensable technologies. We propose
an improved lightweight model, CoordLight-
YOLOv5, motivated by autonomous racing
projects that require a high frame rate and de-
tection accuracy by onboard embedded com-
puting. In the proposed method, we deleted
large object detection feature maps from the
backbone and neck network in order to reduce
model training and detection time and reduce
model computational costs. Furthermore, we
introduce CoordConv layer in the neck network
to enhance object localisation ability in Carte-
sian coordinates without using spatial trans-
formations. Our experiments with five au-
tonomous racing datasets show that compared
to YOLOvbs, the average number of model
parameters is reduced by 91.5%, the average
floating-point operation is reduced by 78%, the
detection speed has been increased from the
original 94 frames per second to 117 frames per
second, and the average detection accuracy de-
creased by only 2.5%.

1 Introduction

The progress in autonomous motorsport vehicles heavily
relies on the combination of object recognition and pre-
cise depth estimation, especially when navigating tracks
defined by traffic cones. Discerning the exact confines of
the track and optimising the path of the car is crucial
for success. To achieve this, it is necessary to accurately
estimate the precise location and distance of the road
markers. The integration of advanced computer vision
methodologies with state-of-the-art sensor technologies
offers high detection and depth precision, which is es-

sential for maintaining safety and achieving high racing
performance [Katare et al., 2023].

YOLOv5 [Jocher, 2020] has demonstrated high real-
time detection speed and accuracy in autonomous rac-
ing, enabling the car to make decisions instantly and ac-
curately avoid obstacles [Wu et al., 2021]. Its lightweight
design makes it easy to deploy in embedded systems with
limited resources, and it is adaptable enough to be fine-
tuned specifically for racing environments. The combi-
nation of these features ensures the safety and efficiency
of the car on the track, making YOLOv5 an ideal choice
for autonomous racing.

In autonomous driving motorsports, balancing accu-
racy and efficiency in object detection models is a crit-
ical challenge. High performance is essential for safety
and competitiveness, as decisions made in fractions of a
second are crucial. However, the models must also be
lightweight due to the limitations of the onboard hard-
ware systems in race vehicles. These limitations include
factors such as weight, power consumption, and heat dis-
sipation. Overly complex models can cause processing
delays or system failures, which are detrimental in high-
speed races. Therefore, developing an efficient model
without sacrificing accuracy is a key task in the evolving
field of motorsport automation.

For these challenges, we propose the concept of a
new network, CoordLight-YOLOv5, which extends the
commonly used YOLOv5 method. There are two main
changes we made to standard YOLOv). Firstly, to en-
sure the model is lightweight enough to meet the require-
ments for autonomous motorsport target detection, we
cut out the largest feature map so that the model more
efficiently detects smaller objects in the image. We also
introduce CoordConv |Liu et al., 2018] into the model’s
neck network to further enhance the model’s ability to
localise objects in the Cartesian coordinate system, elim-
inating the need for spatial transformation and improv-
ing accuracy. We are primarily interested in developing
this model for our UTS autonomous motorsport team:;
one of our competition cars is pictured in Figure [I]
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Figure 1: UTSME22: Ramona, UTSME’s Seventh elec-
tric vehicle, built from the ground up to participate
in the Formula SAE Australasia competition
. The proposed computer vision algorithms are de-
signed to enable autonomous operation of our motor-
sport vehicles.

We perform experiments with five datasets of image
sequences of traffic cones recorded onboard motorsport
vehicles, pictured in Figures [2] and |3} In comparison to
YOLOv5s, our optimised model, CoordLight-YOLOvV5,
significantly reduces the number of parameters by 91.5%.
It also shows a 78% reduction in floating-point opera-
tions, which results in improving detection rates from
an original 94 fps to a faster 117 fps. Our model has
a decreased accuracy of only 2.5%, despite these signif-
icant efficiency improvements that are necessary for the
context of autonomous motorsport.

2 Related Work

Object detection is crucial for autonomous cars, with
significant recent advancements promising to transform
both motorsport and everyday driving. Particularly
in autonomous motorsports, this technology can pre-
cisely navigate traffic cone-based circuits for high-speed
races [Ess et al., 2010]. The two-stage object detection
such as Faster R-CNN and Mask R-CNN first uses region
generation algorithms such as Selective Search to gener-
ate a series of candidate regions based on the regions in
the image that may contain targets. These candidate
regions are image regions of different sizes and shapes,
which may contain target objects of interest. Then,
it classifies and regresses the candidate regions. How-
ever, it has the drawbacks of slow detection speed and
high memory consumption, which makes it unsuitable
for real-time detection for autonomous driving
land Pramanik, 2020|. In contrast, single-stage detectors,
such as YOLO and SSD, offer both accuracy and speed,
meeting real-time autonomous driving demands.

Figure 2: A labelled image from one of the au-
tonomous motorsport datasets that we use to evaluate

our method [sma, 2022].

Figure 3: Sample images with object detection result by
using our proposed CoordLight-YOLOvV5.

Previously, YOLOv3 was widely used in autonomous
driving related tasks [Choi et al., 2019; |/Adarsh et al.,|
2020; [Zhao and Li, 2020]. YOLOvV3 uses a new con-
volutional network structure called Darknet-53. This
network has a deeper level than the previously used
Darknet-19, allowing it to better detect small ob-
jects while maintaining fast computation [Redmon and
. YOLOv4 has made further improve-
ment by using a new convolutional neural network struc-
ture called CSPMarknet53, which has significantly im-
proved its speed and performance compared with its
predecessor [Bochkovskiy et al., 20205 Wu et al., 2020;
Wang et al., 2021]. Although YOLOv5 has not made
improvements to the backbone network, it integrates
many advanced methods in the field of computer vi-
sion [Zhu et al., 2021; |Jocher et al., 2022]. The imple-
mentation of YOLOV5 is based on pytorch, and its train-
ing and reasoning process is designed to be very simple,
making it easier to use. And YOLOv5 provides four
pre-trained models (YOLOv5s, YOLOv5m, YOLOvV5],
YOLOv5x) to adapt to different computing power and
detection needs. Although there have been new YOLO
versions released in recent years, such as YOLOvVG,
YOLOv7, and this year’s new YOLOv8, YOLOv5 has




gained popularity in the field of autonomous driving
due to its mature architecture, ease of use, flexibil-
ity, and excellent speed and accuracy [Wu et al., 2021}
Jocher et al., 2022]. Motivated by all of the above work,
we also work with YOLOv5, but make several improve-
ments to the model to make it more efficient in the con-
text of detecting cones in autonomous motorsport.
According to the size and complexity of the model,
YOLOv5 can be divided into YOLOv5s, YOLOv5m,
YOLOv51, YOLOv5x. YOLOvbSx is the largest and
most accurate variant, but it is also the slowest. Typ-
ically, YOLOvHx is used in scenarios where precision
is paramount, such as scientific research or applications
that require the highest level of accuracy. The YOLOv5s
variant is the smallest and fastest variant, with the goal
of achieving efficient operation on devices with limited
resources. Although its accuracy may be lower than
other variants, it is very suitable for mobile devices and
edge computing in terms of speed and accuracy. These
characteristics motivate us to focus on the YOLOv5s
variant for the context of autonomous motorsport.

3 Methods

Our goal is to perform object detection of traffic cones
that define the edge of the race track. An example of this
object detection is illustrated in Figure [2] Typically, an
image contains many cones that all need to be detected
simultaneously. The size of each cone in the image is
relatively small, which motivates us to focus on having a
high accuracy on detecting smaller objects. Also, we are
interested in performing this cone detection at a high
frame rate so that the path planner can react quickly
and enable the car to drive at high speeds.

To optimise object detection for autonomous motor-
sport, we delve into the complexity and potential of the
YOLOvV5s architecture, aiming to shape it into a more
efficient yet equally powerful variant. This section be-
gins by summarising the baseline YOLOv5s method’s
network structure that contributes to its strong per-
formance. We also summarise the CoordConv struc-
ture proposed by [Liu et al., 2018] which solves trans-
lation invariance. We then propose our new method,
named CoordLight-YOLOvV5, which makes several mod-
ifications to YOLOv5s, including adding the CoordConv
technique to enhance position-based feature learning,
and improving computational efficiency by cutting out
feature maps that are unnecessary for the context of au-
tonomous motorsport.

3.1 Baseline Method: YOLOv5s

The structure of YOLOv5s is divided into input, back-
bone, neck and detection head. Input includes mosaic
data augmentation, image adaptive scaling and adaptive
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Figure 4: The CoordConv layer structure |[Liu et al.,
2018], which we use to enable translation variance.

calculation of anchor frame. The backbone network in-
cludes CBS, C3 module and spatial pyramid pooling-fast
(SPPF) [He et al., 2015]. CBS consists of convolutional
layer, batch normalisation layer (BN) and sigmoid lin-
ear unit activation function (SiLU). The BN can solve
the problems of internal covariate offset, gradient disap-
pearance and gradient explosion, and can improve the
rate of convergence of the model and provide weak regu-
larisation effect. SiLU is a nonlinear activation function,
which can be used to capture and represent complex pat-
terns in data, and it has smooth derivatives throughout
the Domain of a function, and it is conducive to opti-
misation and training process. The C3 in the backbone
consists of CBS and residual structure. The SPPF is
first passed into the CBS layer, followed by three Max-
Pool layers of 5x5 size for serial calculation, followed by
concat operation, and finally CBS operation again. The
SPPF transforms feature maps with unfixed scales into
unified scales and integrates multi-scale features.

The neck network combines the backbone network
structure with the intermediate feature extraction net-
work to enhance the feature expression ability and Re-
ceptive field. The neck network is mainly composed of
Path Aggregation Network (PANet) [Wang et al., 2019
and CIOU loss. PANet is a feature pyramid structure
used to obtain and fuse features at different scales. This
enables the model to detect both large and small objects
simultaneously. The CIOU loss function is a standard
loss function for YOLOv5 |Jocher, 2020] that considers
the shape, location and size of the bounding box to pro-
vide better training stability and performance.

3.2 Background: CoordConv

Traditional CNNs have translation invariance, which
means that no matter where a feature appears in the
input, the network will process it in the same way. How-
ever, in the context we consider, typically cones will be in
particular regions of the image, and performance could
be improved by exploiting this knowledge.

One way to include variance of the model when trans-
lating over the image is to incorporate the CoordConv
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Figure 5: Our proposed Coordlight-YOLOvV5 network structure, which extends YOLOv5s v6.0 [Jocher, 2020).

layer structure |Liu et al., 2018]. As shown in Figure {4
CoordConv adds additional channels to the input feature
map, which contains the z and y coordinate information
of each pixel. In order to make the coordinate informa-
tion meaningful on feature maps of different sizes, coordi-
nates are usually normalised. Afterwards, feature maps
with coordinate channels will be fed into traditional con-
volutional layers. Since the input now contains spatial
coordinate information, the convolutional layer can learn
position-based features. In the proposed method, we in-
troduce CoordConv to solve the coordinate transforma-
tion problem of input images.

3.3 Proposed Network:
CoordLight-YOLOv5

In this research, to make the object detection model
applied to the autonomous motorsport as lightweight
as possible to cope with performance-limited embedded
hardware, and balance the accuracy reduction caused by
lightweight, we introduce an innovative network, as vi-
sualised in Figure |5} termed CoordLight-YOLOv5. This
design’s primary objective revolves around achieving sig-
nificant reductions in model size, ensuring that there’s

minimal compromise on its accuracy. Drawing struc-
tural parallels with YOLOvV5, the CoordLight-YOLOv5
architecture can be conceptually segmented into three
principal components: the backbone, neck, and head.

Lightweight Network Architecture

Starting with its foundational layer, the backbone, the
architecture is designed to harness and channel the fun-
damental features essential for object detection. How-
ever, it’s in the successive segments, the neck and the
head where the model departs notably from YOLOvb5s.
Specifically, to shed model heft, the P5 feature maps,
typically present in these sections, are deliberately omit-
ted. This strategic exclusion is pivotal in accentuating
the model’s lightweight character.

More specifically, the output of each layer in YOLOv5
can be considered as a feature map. These feature maps
gradually capture more abstract and advanced features
as the network depth increases. The five-layer feature
maps from pl to p5 in YOLOv5 have ratios of 1:2, 1:4,
1:8, 1:16, and 1:32 to the original image, respectively.
The resolution of each layer is lower than that of the
previous layer, but the receptive field is larger. P5 is the
highest level and largest scale feature map in YOLOV5,



with a scale of 1/32 of the original image. This usu-
ally means that P5 feature maps are useful for detect-
ing larger objects, while smaller objects may be better
detected on higher resolution feature maps such as P3
or P4. However, by analysing that the dataset is mainly
composed of small-sized objects, the P5 feature map does
not play a major role. Therefore, we propose to remove
the P5 feature map from the YOLOv5s network struc-
ture to reduce computational complexity and model size
without significantly reducing accuracy [Liu et al., 2022].

Adding CoordConv

To further optimise the model, we borrowed insights
from the seminal work on PP-YOLO [Long et al., 2020].
Our experiments highlighted potential areas for enhance-
ments. Consequently, the 1 x 1 convolution layer in the
Feature Pyramid Network (FPN) and the inaugural con-
volution layer in the detection head have been replaced
with CoordConv layers. This substitution not only effec-
tively manages the increase in Floating Point Operations
Per Second (FLOPS), but also optimises the model pa-
rameters. By integrating CoordConv, the model reaps
the benefits of improved spatial location capabilities,
thereby enhancing overall performance metrics.

4 Experiments

To comprehensively assess the robustness and versatility
of our proposed CoordLight-YOLOvV5 approach, we car-
ried out a series of experiments including a comparative
study with YOLOv5, an ablation analysis, a generality
assessment, and benchmarking against state-of-the-art.

The hardware configuration included a Intel Xeon
Gold 6238R 2.2GHz 28cores CPU, 180GB RAM, and
an NVIDIA Quadro RTX 6000 Passive GPU. The train-
ing was performed with Linux, Python 3.8, PyTorch
1.8, CUDA 10.2, and CUDNN &.2. Kati 9K Dataset
trains for 400 epochs, formulastudent for 400, Cone De-
tection Dataset for 400, Cone Dataset for 500, and Fsoco
Dataset for 500. Stochastic gradient descent is used for
training, updating and optimising the weights.

4.1 Evaluation Indicators

The performance of the model will be evaluated based
on three evaluation indicators: precision (P), recall rate
(R) and mean average precision (mAP), as following the
standard definitions.

Model complexity is evaluated by parameters floating-
point operations (FLOPs), and model size, defined as

Parameters = Cj, X Cout X K X K + Coput, (1)

FLOPScony =2 X H' x W/ x Cipy X Coup x K x K, (2)

and
FLOPSpoo1 = H' x W' x C x K x K, (3)

where H' and W’ are the height and width of the output
feature map, Cj, is the number of input channels, Cj, is
the number of output channels, and K is the size of the
convolution kernel.

4.2 Results

Comparison to YOLOv5

YOLOvV5 can be divided into YOLOv5n, YOLOv5s,
YOLOv5m, YOLOv5I, YOLOv5x according to the size
and complexity of its network structure. We did a com-
parative study on them on Kati 9K Dataset as shown
in Table [l YOLOv5s is one of the smallest models
and achieves excellent detection speed and accuracy. Al-
though YOLOv5n has a smaller size, its accuracy cannot
meet the requirements. These results motivated why we
chose to extend the YOLOvb5s variant.

Ablation Study

The ablation study aims to evaluate the importance
of each part of the model and its impact on perfor-
mance. We also showed the impact of CoordConv on
performance when applied at different locations in the
network. We conducted six experiments in total on
Kati 9K Dataset as shown in Table [2] and Figure
including: YOLOv5s, Coord-YOLOvV5 introduces Co-
ordConv in the 1 x 1 convolution layer of FPN and
the first convolution layer of detection head, CoordBB-
YOLOV5 introduces CoordConv in backbone network,
Light-YOLOv5 removes the largest feature map, and
Coordlight-YOLOV5 is our proposed method.

As can be seen from the Table [2] compared with the
baseline method, CoordConv introduced in the 1 x 1 con-
volution layer of FPN and the first convolution layer
of detection head can improve the performance of the
model but will increase the amount of model calcula-
tion and reduce the number of frames per second of the
model. Introducing CoordConv into the model back-
bone will increase the calculation amount of the model
a little but greatly reduce the number of frames per sec-
ond of the model. Light-YOLOv5 removes the largest
feature maps from the baseline model. It is the model
with the smallest size and the fastest detection among
them. However, this method will also greatly reduce
the accuracy and cannot meet the requirements of the
project. Our proposed method, Coordlight-YOLOV5,
best balances efficiency and accuracy. Precision, Recall,
mAP(0.5), and mAP(0.5:0.95) are slightly reduced, re-
spectively 1.7%, 2.4%, 2.2%, 3.7%, but FLOPs, size, pa-
rameters have massive reductions, 78.4%, 89.6%, 91.5%,
and a frame rate increase of 23, which is very helpful for
small embedded hardware.

Generality Study
We used five open-source datasets to evaluate our im-
proved model and the sample images as shown in Fig-



Table 1: Comparison of different sizes of YOLOv5 Models: Evaluation of model complexity, computational cost, and

performance metrics on kati dataset.

Model Parameters FLOPs(G) mAP(0.5) mAP(0.5:0.95) FPS Weight(M)
YOLOv5bn 1,763,224 4.1 0.755 0.454 101 3.9
YOLOv5s 7,018,216 15.8 0.787 0.491 94 15.8
YOLOv5m 20,861,016 479 0.803 0.506 71 42.3
YOLOv5l 46,119,048 107.7 0.804 0.512 48 92.8

Table 2: Ablation study on YOLOv5 Variants: Comparison of model complexities, computational costs, and perfor-

mance metrics on kati dataset.

Model Layer FLOPs (G) Weight (M) Parameters P R mAP(0.5) mAP(0.5:0.95) FPS
YOLOV5s 157 15.8 14.5 7,018,216 0.928 0.71  0.787 0.491 94
Coord-YOLOV5 173 16.4 15.2 7,365,736 0926 0.71  0.791 0.494 84
CoordBB-YOLOV5 165 15.9 14.5 7,035,496 0925 0.71  0.787 0.491 19
Light-YOLOvV5 120 3.1 1.4 409,644 0.898 0.666 0.738 0.426 121
CoordLight-YOLOv5 124 3.4 1.5 591,680 0.911 0.686 0.765 0.454 117

ure The dataset contains cones of different types,
colours, sizes, and sizes on the track to demonstrate the
generality of our improved model. Since the datasets
comes from cones on real tracks, it is more in line
with the intended application scenarios. The Kati 9K
Dataset [kati, 2022 is constructed from 9600 images.
The formulastudent |Alpendre, 2023] dataset consists
of 8933 images. The Cone Detection Dataset [UMo-
torsport, 2023| consists of 8507 images. The Cone
Dataset [sma, 2022] consists of 5838 images. The Fsoco
Dataset [Ma, 2022 consists of 3928 images. All datasets
are divided into training, testing, and validation sets ac-
cording to 8:1:1 ratio. From the size distribution of the
target in the dataset as shown in Figure |7} the cone is
mainly a small-sized target.

In order to verify the generality of our proposed
method, we conducted comparison experiments between
the baseline model and our proposed method on five
open-source datasets. As can be seen from the Table [3]
it has achieved excellent results in all datasets. Com-
pared with the baseline method, although the mAP is
slightly reduced, the calculation amount and weight are
greatly reduced, with the FPS is greatly improved. And
the sample results can be seen in Figure [3]

Comparison to the State-of-the-Art
In order to further validate the effectiveness of our pro-
posed method, we compared the model with six current
popular models for autonomous driving.
Hierarchical-Split Block [Yuan et al., 2020] enhances
ResNet by providing a broader receptive field, boosting
model performance. HSCSP [Li et al., 2023| integrates
Hierarchical-Split Block with Cross Stage Partial (CSP)
to further improve the receptive field and performance.
GhostNet [Han et al., 2020] incorporates the Ghost mod-

ule to produce “Ghost” feature maps, reducing computa-
tional requirements. This network prioritises a balance
between efficiency and accuracy, suitable for resource-
limited devices. Convolutional Block Attention Module
(CBAM) [Woo et al., 2018| is an attention mechanism
that augments deep convolutional neural networks’ fea-
ture representation through channel and spatial atten-
tions. It refines feature maps, enabling enhanced context
capture. MobileNet [Howard et al., 2017| is designed
for mobile and edge devices, leveraging depthwise sepa-
rable convolution to minimise computations and model
size, suitable for various vision tasks with constrained
resources. ShuffleNet [Zhang et al., 2018] optimises per-
formance on mobile devices through grouped convolution
and channel shuffle, ensuring efficient feature combina-
tion and interaction while maintaining accuracy.

As shown in Table[d and Figure[§] compared with Mo-
bilenet and Ghostnet, the amount of calculation, weight,
mAP and FPS all have better performance. Compared
with Shufflenet, although the amount of calculation and
weight are slightly higher than it, both mAP and FPS
have better performance. Although Hierarchical-Split
Block and CBAM are comparable to the baseline model
in mAP, other indicators are not satisfactory.

4.3 Discussion

Our YOLOv5 comparison demonstrated the selection of
YOLOVv5s as the baseline model due to its balance of
lightweight characteristics and accuracy, making it ideal
for real-time auto-driving detection.

In our ablation studies, we integrated CoordConv into
the YOLOvV5 network’s neck and head. Preliminary
data indicates that while this increases model complex-
ity slightly, it improves accuracy. Our proposed model,
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Figure 6: Comparative analysis of precision,

which removes the largest feature map and incorpo-
rates CoordConv, significantly reduces model complexity
(78.4% decrease in FLOPs, 89.6% in size, and 91.5% in
parameters) while preserving high accuracy.

Generality tests revealed the versatility of our method
across five open-source datasets, emphasising its efficacy
in real-time detection for self-driving racing cars.

Finally, compared to mainstream methods like
HS-YOLOv5s,  Ghost-YOLOv5, CBAM-YOLOVS,
Mobilenet-YOLOv5, and Shufflenet-YOLOv5, our
Coordlight-YOLOvV5 consistently exhibited the best
performance in terms of balancing between size,
complexity, and accuracy

5 Conclusion

We proposed an improvement to YOLOv5 for the con-
text of autonomous motorsport cone detection. The
proposed method improves efficiency for performance-
constrained embedded hardware, while maintaining high
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recall, and mAP scores in ablation study.

detection accuracy. We introduce CoordConv into the
YOLOvV5 network structure, in order to solve the trans-
lation invariance of traditional CNN by adding spatial
awareness. For the motorsport context, the target cone
objects are typically a small volume target, so we cut
out the largest feature map to reduce the complexity
of the model. Compared with related methods such as
Mobilenet-YOLOv5 and Shufflenet-YOLOvV5, our model
has improved accuracy, model complexity and detection
speed.

Future directions include testing the model with the
embedded hardware onboard our autonomous racing
cars, and to further improve the accuracy of the model
while maintaining efficiency and frame rate.
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Figure 8: Comparative analysis of precision, recall, and mAP scores across related methods.
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