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Abstract—Reliable perception is a fundamental requirement
for autonomous racing systems, where real-time operation and
limited onboard computational resources impose strict con-
straints on algorithm design and deployment. In the context of
Formula Student Driverless (FSD), cone detection and localiza-
tion are key perception tasks for track understanding and down-
stream planning. This paper presents an embedded monocular
cone perception pipeline for autonomous racing, designed as a
low-cost and low-complexity solution for real-world deployment.
The proposed system combines a calibrated monocular camera, a
YOLO-based object detector, and a geometric localization module
based on the pinhole camera model to estimate cone positions
in the vehicle reference frame. The pipeline is deployed on an
NVIDIA Jetson Orin Nano platform and evaluated in terms
of detection accuracy, localization error, runtime performance,
and power consumption. Experimental results show that the best
performing configuration, based on INT8-quantized YOLOv10s,
achieves an mAP@50:95 of 48.53% and a localization RMSE
of 0.760 m, while sustaining 29.90 FPS with an end-to-end
power consumption of approximately 7.1 W. A lighter YOLOv10n
configuration achieves 46.73% mAP@50:95, 0.840 m RMSE, and
31.80 FPS at 6.8 W, providing a favorable trade-off between
accuracy and efficiency. These results indicate that monocular
vision can provide an effective embedded perception baseline for
FSD autonomous racing under tight cost, power, and complexity
real-time constraints. The proposed pipeline is conceived as a
perception building block for onboard artificial intelligence (AI)
in autonomous racing systems.

Keywords—Embedded perception, monocular vision, cone de-
tection, Formula Student Driverless, autonomous racing, YOLO.

I. INTRODUCTION

Autonomous racing represents a challenging testbed for
real-time robotic perception and decision-making, as it re-
quires accurate environment understanding under strict latency,
power, and onboard computing constraints [1], [2]. Reliable
perception is a core enabling component of onboard intel-
ligence, as it supports track boundary estimation, landmark
localization, and the environmental understanding required
by downstream mapping, planning, and control modules. In
Formula Student Driverless (FSD), one of the most critical
perception tasks is cone detection and localization, since
colored traffic cones define the track layout and represent the
primary visual landmarks for navigation. Moreover, the known
color and geometry of the cones make FSD a structured yet
meaningful benchmark for the development and validation of
embedded autonomous systems deployed in the real world [1],

[31-[5].

Many autonomous racing platforms rely on multi-sensor
perception stacks to improve robustness and accuracy [1],
[2], [6]. However, such solutions often increase system
cost, integration effort, and computational complexity, making
them less suitable for early-stage prototypes and resource-
constrained deployments [5], [6]. In this context, monocular
vision is an attractive alternative due to its low cost, compact-
ness, and rich semantic information, provided that real-time
inference and geometric localization can be achieved reliably
on embedded hardware [4], [7], [8].

This work builds upon the first author’s master thesis [9]
and presents an embedded monocular cone perception pipeline
for FSD autonomous racing. The proposed system combines a
calibrated monocular camera, a YOLO-based object detector,
and a geometric localization module based on the pinhole cam-
era model to estimate cone positions in the vehicle reference
frame. The full pipeline is deployed on an NVIDIA Jetson
Orin Nano platform, targeting a balanced trade-off between
perception accuracy, runtime performance, power consump-
tion, and deployment cost. Experimental results show that
the proposed pipeline enables real-time embedded operation
while maintaining useful perception accuracy for an early
autonomous racing prototype. These findings indicate that low-
cost monocular perception can provide a practical baseline for
embedded autonomous racing systems operating under tight
resource constraints.

The main contributions of this work are threefold. First,
an embedded monocular perception pipeline for cone de-
tection and localization in FSD is presented. Second, the
deployment of the proposed pipeline on low-power Jetson
hardware, specifically Jetson Orin Nano, is analyzed through
an evaluation of detection accuracy, localization error, runtime
performance, and power consumption. Third, the obtained
results show that a low-cost camera-based solution can support
real-time autonomous racing perception and serve as a scalable
foundation for future system extensions. From this perspective,
the proposed system is conceived not as an isolated vision
module, but as an embedded artificial intelligence (AI) compo-
nent for autonomous robotic racing, designed to operate under
real-time and power constraints on onboard hardware.

II. RELATED WORK

Formula Student Driverless (FSD) has been widely adopted
as a benchmark scenario for the development of autonomous



racing systems. Several works describe complete driverless
racecar architectures integrating perception, localization, plan-
ning, and control modules, often based on multi-sensor con-
figurations designed to maximize robustness and performance
[1]-[3]. While these systems demonstrate the effectiveness of
tightly integrated pipelines, they also highlight the engineering
complexity and computational cost associated with multi-
sensor solutions.

Within this context, cone detection and localization have
been extensively investigated, as they provide the basis for
track reconstruction and vehicle navigation. Existing ap-
proaches include both vision-based methods and multi-sensor
systems combining cameras with LiDAR or stereo setups.
Vision-only methods typically rely on deep learning-based
detectors coupled with geometric or learning-based depth
estimation, offering compact and cost-effective solutions [4],
[71, [10], [11]. In contrast, multi-sensor approaches improve
robustness and localization accuracy at the expense of in-
creased system complexity and computational requirements
[6].

A growing body of work has focused on lightweight and
resource-aware approaches for autonomous racing. In partic-
ular, embedded perception pipelines deployed on platforms
such as NVIDIA Jetson have been proposed to enable real-
time operation under strict power and hardware constraints
[5], [8]. These approaches emphasize deployability and scal-
ability, which are critical for early-stage prototypes and cost-
constrained applications.

Deep learning-based object detectors from the YOLO family
have become widely adopted in real-time perception tasks due
to their favorable trade-off between detection accuracy and
inference speed [12], [13]. These characteristics make them
particularly suitable for embedded and resource-constrained
environments.

In this landscape, the present work focuses on an em-
bedded monocular perception pipeline for FSD autonomous
racing. Compared with full multi-sensor stacks, the proposed
approach prioritizes low cost, reduced complexity, and ease of
deployment, while combining object detection and geometric
localization within a unified embedded system.

III. SYSTEM DESIGN

A. System Overview

The proposed perception system is designed to provide real-
time cone detection and localization for FSD autonomous rac-
ing using a minimal hardware setup. The overall pipeline takes
as input RGB images acquired from a calibrated monocular
camera and resizes them to a fixed resolution of 640 x 640
(corresponding to the input size of the detection network),
extracted from a region of interest centered in the lower part
of the image.

The system outputs the estimated (X, Y") coordinates of the
detected cones in the vehicle reference frame, enabling the
generation of a local bird’s-eye view representation. The sys-
tem is composed of four main stages: image acquisition, object

detection, geometric localization, and result visualization. A
schematic overview of the pipeline is shown in Fig. 1.
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Fig. 1. Overview of the proposed embedded monocular cone perception
pipeline, including image acquisition, YOLO-based detection, geometric lo-
calization, and bird’s-eye view cone projection.

The design follows three main objectives: low cost, low
complexity, and scalability. To this end, the hardware con-
figuration is intentionally limited to a single camera and an
embedded computing platform, avoiding the integration bur-
den associated with more complex multi-sensor architectures.
This choice is particularly suited to early-stage autonomous
racing prototypes, where affordability and ease of deployment
are key requirements.

B. Detection Module

Cone detection is performed using YOLO-based object
detectors trained on the FSOCO dataset [14], [15], which
contains annotated Formula Student Driverless cone instances
under racing-like conditions. Among the evaluated models,
YOLOvV10n and YOLOv10s were selected for embedded de-
ployment due to their favorable trade-off between detection
accuracy and runtime performance.

Input images are acquired at a resolution of 1920 x 1200
pixels and preprocessed by extracting a 640 x 640 region of
interest centered in the lower part of the image, matching
the input size of the detection network. This ROI-based
preprocessing focuses computation on the most informative
region of the scene, where cones are more likely to appear. The
detector outputs bounding boxes and class labels for the visible
cones. To support efficient deployment on the target platform,
trained PyTorch models are exported to ONNX and converted
into TensorRT engines, with post-training quantization to INT8
precision. This optimization significantly reduces inference
cost while preserving competitive detection performance, en-
abling real-time execution on embedded hardware.

C. Geometric Localization

Detected cones are localized through a monocular geometric
estimation module based on the pinhole camera model. The
method exploits prior knowledge of cone dimensions together



with the intrinsic parameters obtained from camera calibration.
Starting from the cone height measured in the image, the
depth is estimated by inverting the pinhole projection model.
The resulting optical distance is then converted into ground
distance by accounting for the mounting height of the camera,
and the lateral coordinate is computed from the horizontal
image position of the detection. In this way, each cone is
represented by a 2D position in the vehicle reference frame.
The camera intrinsic parameters were obtained through a
standard calibration procedure, while the extrinsic parameters
required by the geometric model (camera mounting height and
orientation) were measured from the physical setup and used
during localization.
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Fig. 2. Monocular geometric localization pipeline. The cone distance is
estimated from its apparent height using the pinhole camera model, then
converted to ground distance and projected into the vehicle reference frame.

As illustrated in Fig. 2, the localization process consists
of three main steps: depth estimation from the apparent cone
height, conversion to ground distance, and computation of the
lateral position.

This approach was selected as a lightweight alternative to
stereo or learning-based depth estimation methods. Although it
relies on simplifying assumptions, most notably a flat ground
plane and known object geometry, it offers low computational
cost and straightforward integration with the detection module,
enabling real-time execution on embedded hardware without
requiring additional sensors. This formulation trades geometric
simplicity for computational efficiency, making it particularly
suitable for resource-constrained autonomous systems.

D. Embedded Deployment

The full perception pipeline is deployed on an NVIDIA
Jetson Orin Nano Developer Kit, which serves as the target
embedded computing platform of the system [16]. The soft-
ware is implemented in C++ and relies on CUDA, cuDNN,
and TensorRT to accelerate inference and support low-latency
execution on the onboard GPU. The hardware setup includes a
single IDS UI-3160CP-C-HQ industrial monocular RGB cam-
era for image acquisition, integrated with the embedded com-
puting platform. The camera is equipped with a global shutter
and a native resolution of 1920 x 1200 pixels resolution,
selected to provide adequate image quality while maintaining
a compact and relatively low-cost configuration [17].

A detailed view of the implemented perception architecture
is shown in Fig. 3, where the main software modules, config-
uration files, and CPU/GPU execution domains are explicitly
identified. This modular organization supports system config-
urability and facilitates deployment on embedded hardware,
while also simplifying future integration with higher-level
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Fig. 3. Detailed diagram of the designed perception system. Modules are
shown in colored boxes, labeled with their names and corresponding source
code filenames. Solid outlines indicate GPU execution, while dashed outlines
denote CPU execution. Violet boxes represent YAML configuration files.

autonomous racing modules. Besides returning cone detections
and estimated positions, the application can generate a bird’s-
eye view representation of the perceived track landmarks.
This output is intended to support future integration with
mapping, planning, and control components within a broader
autonomous racing software stack.

IV. EXPERIMENTAL SETUP
A. Dataset and Model Selection

1) Dataset: The detection module was trained and eval-
uated on the FSOCO dataset [14], freely available from the
official website [15], which contains annotated cone instances
acquired in FSD scenarios and is therefore representative of
the target application domain. FSOCO dataset is a collection
of 11572 high-quality annotated images coming from 18
teams with a large variety of sites, lighting conditions and
sensor setups. It includes five classes: yellow, blue, orange,
large orange and other, non-compliant cones—from now on
mentioned as the unknown class. More in detail, the dataset
contains a total of 220816 cones. By class, there are 93230
(42.22%) yellow cones, 86097 (38.99%) blue cones, 25991
(11.77%) orange cones, 8217 (3.72%) large orange cones, and
7281 (3.29%) unknown cones. This results from the yellow
and blue cones being present throughout the track, while the
orange cones mark specific areas.

2) Split: As there is no predefined division into training,
validation, and test sets, an 80/10/10 split is applied, which
is a commonly used approach in machine learning, with a
balanced distribution of cone instances across splits providing
a sufficient amount of training data while preserving inde-
pendent validation and test sets for model selection and final



evaluation. This leads to the cone distribution reported both in
Table I and Fig. 4.

TABLE I
NUMBER OF IMAGES AND CONE DISTRIBUTION IN THE FSOCO DATASET
SPLIT INTO TRAIN (80%), VALIDATION (10%) AND TEST (10%) SETS.

Imgs % Yellow Y% Blue % Orange % L.Orange % Unk
Train 9256 42.36 39.08 11.81 3.72 3.18
Val 1157 41.69 38.68 12.46 3.63 3.54
Test 1158 41.58 38.57 12.02 3.85 3.98
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Fig. 4. Cone distribution in the FSOCO dataset split into train (80%),
validation (10%) and test (10%) sets. Each columns color represents the
correponding class, where ‘L. orange’ means yellow large orange cones and
’Unk’ stands for unknown cones.

3) Model Selection: Several YOLO-based architectures
were considered during development, including models from
the YOLOvVS, YOLOvVS8, YOLOv10, and YOLOv11 families.
Preliminary experiments showed that YOLOv10 models pro-
vided the best trade-off between detection accuracy, latency,
and power consumption on the target embedded platform. For
this reason, the final evaluation focuses on YOLOv10n and
YOLOV10s configurations. Additional comparisons with other
YOLO variants are available in the extended thesis version of
this work [9].

4) Training and Deployment: The detection models were
trained offline using the Ultralytics framework [18], [19],
based on PyTorch. Training was performed on a separate
workstation, while the embedded platform is used exclusively
for inference. For deployment on the embedded platform, the
trained models were exported to ONNX and converted into
TensorRT engines [20]. The inference pipeline was imple-
mented in C++ using TensorRT 8.6, CUDA Runtime 12.2.1,
and OpenCV 4.10.0 to ensure real-time performance on the
Jetson device. It consists of four main steps: object creation,
pre-processing, inference, and post-processing.

In addition to standard reduced-precision execution, INT8
post-training quantization was applied using a calibration set
of 1000 images, reducing inference latency and computational
cost while preserving competitive detection performance [21].

B. Hardware Platform and Runtime Conditions

All experiments were conducted on an NVIDIA Jetson Orin
Nano Developer Kit with 8 GB of LPDDRS5 memory, used
as the target embedded computing platform. Image acquisi-
tion was performed with an IDS UI-3160CP-C-HQ industrial
monocular RGB camera equipped with a global shutter and a
native resolution of 1920 x 1200 pixels. Two interchangeable

lenses with focal lengths of 6 mm and 8§ mm were evaluated
to assess the impact of camera optics on monocular cone
localization. The 6 mm lens provides a wider field of view,
while the 8 mm lens increases the apparent object size but
narrows the field of view. Both configurations were calibrated
and tested under the same setup. Although detection accuracy
was evaluated on the public FSOCO dataset, the proposed
hardware platform was used to validate the geometric local-
ization module and to benchmark the embedded perception
pipeline under the target deployment conditions.

Prior to deployment, the camera was calibrated to estimate
intrinsic parameters and lens distortion coefficients, while
the extrinsic parameters required by the localization model
(camera mounting height and orientation) were measured from
the physical setup. This configuration was selected to provide
adequate image quality for cone perception while maintaining
a compact and relatively low-cost embedded setup.

Runtime benchmarks were executed under the Jetson 7 W
and 15 W power modes, corresponding to low-power and
performance-oriented configurations of the platform, as de-
fined by the NVIDIA Jetson power management profiles [22],
[23], with Jetson Clocks enabled to ensure stable performance
measurements.

Each latency measurement consisted of 2000 benchmark
runs preceded by 200 warm-up runs on 1920 x 1200 input
images. This procedure was adopted to reduce measurement
variance and obtain representative throughput estimates under
realistic deployment conditions. During inference, input im-
ages acquired from the monocular RGB camera were prepro-
cessed by extracting a 640 x 640 region of interest before being
fed to the detection network. The overall pipeline includes
object detection, geometric localization, and projection into the
vehicle reference frame, resulting in end-to-end cone position
estimation.

C. Evaluation Metrics

The performance of the proposed system is evaluated in
terms of detection accuracy, localization precision, runtime
performance, and power consumption. Detection performance
is evaluated using the standard mAP@50:95 metric, as defined
in the COCO benchmark [24], which averages precision across
multiple intersection-over-union (IoU) thresholds and provides
a more stringent evaluation than single-threshold metrics,
while localization accuracy was assessed through the root
mean square error (RMSE) of the estimated cone positions
in the vehicle reference frame.

Embedded execution performance was quantified through
end-to-end frame rate, total power consumption, and energy
efficiency expressed in frames per second per watt. Power con-
sumption was measured through the VDD_IN value reported
by jetson-stats [25].

This evaluation setup was intended to capture the main
design trade-offs of embedded perception for autonomous
racing, namely the balance between detection performance,
geometric localization quality, computational throughput, and
power efficiency.



V. EXPERIMENTAL RESULTS

All reported results correspond to end-to-end execution of
the full perception pipeline, including detection and geometric
localization. Since the focus of this work is the deployment
of embedded perception systems, the experimental evaluation
reports only the final INT8 configurations.

A. Quantitative Performance

Table II summarizes the performance of the final em-
bedded configurations evaluated on FSOCO [14], [15] in
terms of detection accuracy, localization error, throughput, and
power consumption. Among the evaluated solutions, the INT8-
quantized YOLOv10s configuration achieved the best overall
perception performance, reaching 48.53% mAP@50:95 and a
localization RMSE of 0.760 m, while maintaining real-time
operation at 29.90 FPS with an end-to-end power consump-
tion of approximately 7.1 W. The YOLOv10n configuration
achieves slightly lower accuracy, with 46.73% mAP@50:95
and 0.840 m RMSE, while providing the highest throughput
at 31.80 FPS and a lower power consumption of approximately
6.8 W.

TABLE 11
PERFORMANCE COMPARISON OF THE FINAL EMBEDDED CONFIGURATIONS
IN TERMS OF DETECTION ACCURACY, LOCALIZATION ERROR,
THROUGHPUT, AND POWER CONSUMPTION.

Model Precision mAP@50:95 RMSE FPS Power FPS/W
(%) (m) (W)
YOLOvIOn INTS8 46.73 0.84 31.80 6.8 4.68
YOLOvI0s INTS8 48.53 0.76 2990 7.1 4.21

These results show that both configurations satisfy the real-
time requirements of an embedded autonomous racing percep-
tion module, while exposing a clear trade-off between accuracy
and efficiency. In particular, YOLOv10s improves detection
accuracy and localization precision, reaching the best overall
performance, at the cost of a slight reduction in throughput
and a marginal increase in power consumption. Conversely,
YOLOv10n represents a lighter alternative, providing higher
frame rates and better energy efficiency. This trade-off is
particularly relevant in embedded autonomous systems, where
performance must be balanced against strict resource con-
straints. Consequently, YOLOv10n is preferable for resource-
constrained deployments, whereas YOLOvV10s offers the best
overall perception performance. The observed localization
error is consistent with the simplifying assumptions of the
geometric model, including the flat-ground approximation and
the reliance on bounding box height for depth estimation.

To further analyze the effect of camera optics on the proposed
geometric localization module, Table III reports the maxi-
mum error and RMSE obtained with the two calibrated lens
configurations. The results confirm that the system achieves
sub-meter localization accuracy, with the best performance
obtained using YOLOv10s and a 6 mm lens, reaching an
RMSE of 0.760 m. The 6 mm configuration consistently

TABLE III
LOCALIZATION ERROR FOR CONE POSITION ESTIMATION USING
YOLOV10N AND YOLOV10s (INT8) UNDER DIFFERENT CAMERA LENS

CONFIGURATIONS.
Model Lens Max Localization Error RMSE
(m) (m)

6 mm 0.987 0.840

YOLOvV10n
8 mm 0.988 0.870
6 mm 0.931 0.760

YOLOvVI10s
8 mm 1.059 0.823

achieved lower localization errors than the 8 mm lens for both
evaluated models, and was therefore selected as the reference
configuration for the final embedded system. However, the
observed differences are relatively small, and further inves-
tigation is required to fully characterize the influence of lens
parameters on localization performance.

B. Embedded Deployment Analysis

The results reported in Table II confirm that TensorRT
optimization and INT8 post-training quantization enable ef-
ficient execution of YOLO-based detectors on the Jetson Orin
Nano platform. Both evaluated configurations satisfy real-time
constraints while operating within a limited power envelope,
demonstrating the suitability of the proposed pipeline for real-
time autonomous racing applications.

From a system-level perspective, this outcome is signifi-
cant because it demonstrates that a single-camera perception
pipeline can provide a practical baseline for autonomous
racing without requiring more complex and integration-heavy
sensing stacks. Although the geometric localization stage relies
on simplified assumptions, including known cone geome-
try and a flat-ground approximation, the resulting pipeline
achieves a favorable compromise between deployability, cost,
runtime performance, and perception quality. From a com-
putational perspective, the object detection stage dominates
the overall latency of the pipeline, indicating that further op-
timizations should primarily target neural network inference.
Overall, these observations confirm that the proposed system is
well-suited for real-time deployment on resource-constrained
embedded platforms.

C. Discussion

The obtained results indicate that monocular embedded
perception is a viable solution for early-stage FSD prototypes
and for autonomous racing systems operating under tight
hardware and power constraints. The proposed approach does
not aim to replace richer multi-sensor stacks in terms of
absolute robustness or localization precision; rather, it provides
a lightweight and scalable perception baseline that can be
deployed on low-cost hardware and integrated into a broader
autonomous racing architecture.

At the same time, the current system still presents limita-
tions related to depth estimation accuracy, sensitivity to de-



tection noise, and dependence on scene assumptions inherent
to monocular geometric localization. Although the evaluation
is conducted on the FSOCO dataset, further validation on
real-world racing environments would be beneficial to as-
sess robustness under varying lighting conditions and track
layouts. These aspects suggest several directions for future
work, including temporal filtering, sensor fusion, and tighter
integration with higher-level mapping and planning modules.

Overall, the results demonstrate that the proposed monocu-
lar perception pipeline achieves a practical balance between
accuracy, efficiency, and deployability, making it suitable
for real-time autonomous racing applications on embedded
platforms.

VI. CONCLUSION

This paper presented an embedded monocular cone per-
ception pipeline for Formula Student Driverless autonomous
racing. The proposed system combines YOLO-based cone de-
tection and geometric localization within a compact and low-
cost architecture deployed on an NVIDIA Jetson Orin Nano
platform. Experimental evaluation showed that the pipeline
achieves real-time embedded operation while maintaining use-
ful detection and localization performance under strict power
and computational constraints. The obtained results indicate
that monocular vision can provide a practical baseline for
autonomous racing perception in resource-constrained scenar-
ios. In particular, the evaluated configurations highlighted a
clear trade-off between perception accuracy and deployment
efficiency, with YOLOV10s offering the best overall accuracy
and YOLOv10n providing the highest throughput and energy
efficiency.

The proposed pipeline is conceived as a perception building
block for onboard Al in autonomous racing systems, enabling
future integration with higher-level decision-making, mapping,
and control modules.

Future work will focus on improving localization robustness
through temporal filtering and sensor fusion, as well as on
further system-level integration and validation in real-world
racing conditions.
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