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Abstract— Outdoor sports pose a challenge for people with
impaired vision. The demand for higher-speed mobility inspired
us to develop a vision-based wearable steering assistance. To
ensure broad applicability, we focused on a representative
sports environment, the athletics track. Our efforts centered
on improving the speed and accuracy of perception, enhanc-
ing planning adaptability for the real world, and providing
swift and safe assistance for people with impaired vision. In
perception, we engineered a lightweight multitask network
capable of simultaneously detecting track lines and obstacles.
Additionally, due to the limitations of existing datasets for
supporting multi-task detection in athletics tracks, we diligently
collected and annotated a new dataset (MAT) containing 1000
images. In planning, we integrated the methods of sampling
and spline curves, addressing the planning challenges of curves.
Meanwhile, we utilized the positions of the track lines and
obstacles as constraints to guide people with impaired vi-
sion safely along the current track. Our system is deployed
on an embedded device, Jetson Orin NX. Through outdoor
experiments, it demonstrated adaptability in different sports
scenarios, assisting users in achieving free movement of 400-
meter at an average speed of 1.34 m/s, meeting the level of
normal people in jogging. Our MAT dataset is publicly available
from https://github.com/snoopy-l/MAT

I. INTRODUCTION

According to statistics from the World Health Organization
(WHO), nearly 253 million people worldwide are facing
visual impairments [1], which affects both their physical
health and quality of life. Sports, like jogging, becomes
particularly challenging for people with impaired vision, as
they lack the visual cues essential for safe navigation. Even
in Paralympic athletics, visually impaired athletes rely on
guide runners, rendering independent running unattainable.

Advancements in artificial intelligence and wearable de-
vices led to the development of assisting the blind and
visually impaired (BVI) in overcoming common challenges
in their daily lives [2]. For instance, [3] provides navigation
speeds of 0.21 m/s, [4] facilitated walking speeds of 0.6
m/s, and [5] enables people with impaired vision to walk
through hallways at speeds of 1 m/s. These studies have
contributed to enhancing the mobility of them. Nonetheless,
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Fig. 1. The hardware of wearable steering assistance. The
assistance consists of a pair of RGB-D glasses, an embedded
device, and headphones for audio feedback.

there remains a dearth of exploration in sports and exercise,
leaving the quest for faster independent mobility largely
uncharted. Facilitating assistance for people with impaired
vision in sports can also be beneficial for their physical
health. Consequently, the design of wearable steering assis-
tance tailored for people with impaired vision in sports holds
crucial practical significance.

Based on visual sensors, we have designed a wearable
steering assistance to guide people with impaired vision
in independent movement within a representative sports
scenario, the athletics track. The hardware of the assistance
is illustrated in Fig. 1 and the overview is shown in Fig. 2.
The perception and navigation capabilities developed within
the athletics track hold the potential for broad applicability
in sports, fitness, and competitions. However, they also come
with challenges. Detecting the track lines presents difficulties
because they are typically thin and can be easily obstructed
by people ahead. Furthermore, there is an implicit correlation
between the track lines and people obstacles. Additionally,
the uniqueness of the scenario makes existing datasets cannot
be directly used. The difference between curve and straight
also poses a challenge for planning.

To tackle these issues, we meticulously annotated an
athletics track dataset for multitasks. Meanwhile, we pro-
posed a lightweight and efficient multitask network, enabling
continuous track segmentation even in partial occlusion and
the detection of people obstacles, bridging the gap between
the two tasks. Moreover, we employ a combination of
sampling and spline curves to effectively address the problem
of curves. Our planner leverages the positions of track
lines and obstacles as constraints to mitigate computational
complexity. Even been deployed on embedded devices, our
system operates efficiently, delivering swift and accurate
directional instructions. Our main contributions are:

• We designed a lightweight and efficient multitask net-
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Fig. 2. The overview of the wearable steering assistance. The perception module utilizes a multitask network to extract
track line and people positions from camera input, which are then used by the path planning module to generate a planned
trajectory and provide it as voice feedback.

work to achieve efficient and accurate obstacle detection
and track line segmentation in embedded device. Addi-
tionally, we curated and annotated a dataset tailored for
multitask in athletics track.

• We developed a wearable steering assistance for people
with impaired vision in jogging, enabling users achiev-
ing free movement of 400-meter at an average speed of
1.34 m/s, meeting the level of normal people.

II. RELATED WORKS

Based on visual sensors, many studies have developed
devices suitable for people with impaired vision. [6] uses
visual and tactile feedback to assist the BVI in tasks of nav-
igating mazes, locating chairs, and moving through crowds.
[7] use guidance robot to provide hospital navigation for
people with impaired Vision. [8] uses a visual positioning
system to assist in indoor navigation for the BVI. [9] employs
an RGB-D camera to detect blind lanes and obstacles, using
an improved artificial potential field method for navigation.
[3] can meet the needs of navigation, target localization,
facial recognition, and text reading, attaining speeds of 0.21
m/s during navigation tasks. [4] adds a camera to the white
cane for object positioning, and combines multiple sensors to
assist people with impaired vision in improving their walking
speed of 0.6 m/s. Relevant researches have greatly facilitated
the lives of the BVI and improved their mobility. But they
cannot meet the demand for sports. Assisting people with
impaired vision in achieving higher-speed mobility within
the athletics track needs to accomplish two essential tasks:
environmental perception and path planning.

Detection and segmentation methods [10] [11] can be
employed for the perception of obstacles captured by RGB-D
camera. In terms of track line detection, we draw inspiration
from lane detection in autonomous driving. Deep learning-
based lane detection methods include detection-based meth-
ods like LaneATT [12] and Ultra-Fast-Lane-Detection [13].
Segmentation-based methods include SCNN [14] and RESA
[15]. While segmentation-based methods may struggle with
occlusion issues, the detected lane lines are accurate for
positioning. YOLOP [16] proposed using a single network
to simultaneously perform tasks like traffic object detection,
drivable area segmentation, and lane detection. YOLOPv2

[17] further improves the performance and speed of each
task. In terms of training data, there are many publicly avail-
able datasets in autonomous driving, such as BDD100K [18],
Cityscapes [19]. However, there is no dataset specifically
designed for athletics track.

In terms of path planning, purely relying on a single
method has its limitations, many research began to integrate
different planning methods to achieve better results. Baidu
Apollo’s EM planner [20] employs optimization function
combined with polynomial curve for trajectory planning,
utilizing dynamic programming and quadratic programming
for path and speed planning respectively. [21] combines RRT
and Dijkstra in path planning, where RRT is employed to
reduce the planning area, while Dijkstra’s optimizer is used
to obtain the final output path. [22] combines graph-based
search methods with sampling-based methods to quickly
obtain the optimal solution.

III. METHODOLOGY

A. System Overview

The overview of the assistance is shown in Fig. 2. The
user is equipped with an RGB-D camera, which continuously
captures real-time color and depth images. These inputs
are processed within the perception module, which employs
a multitask network with two decoder heads to perform
track lines segmentation and obstacles detection, effectively
establishing connections between the track and people. In
path planning module, we employ spline curves to facilitate
the transformation between Frenet and Cartesian coordinates,
addressing curve challenges. Within Frenet coordinates, we
use the track boundaries and obstacle positions as con-
straints for average sampling, reducing the sampling area
and lowering the computational burden. We employ dynamic
programming to calculate the minimum path cost between
sampling points, yielding a locally optimal trajectory. Finally,
the path planning results are transformed into directional
commands, guiding the user through voice feedback.

B. Hardware Setup

As shown in Fig. 1, the wearable steering assistance
comprises a pair of RGB-D glasses, an embedded device,
and audio feedback. The wearable glasses are equipped with
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a RealSense D435i depth camera encased in a 3D-printed
housing, enabling real-time capture of both RGB and depth
images. The embedded device is Jetson Orin NX, equipped
with a processing capability of 100 TOPS. This device is
responsible for processing camera inputs and converting
them into voice output. The system is powered by a lithium
battery and can operate continuously for 5 hours, meeting the
endurance requirements for outdoor activities. The glasses
themselves weigh 125g, while the embedded device weighs
274g and the overall weight is 1 kg, making it convenient
to carry. The software is deployed on the Jetson Orin NX,
eliminating the need for a remote server. The whole set of
equipment fulfills the portability requirements.

C. Dataset Construction

Given the uniqueness of the athletics track, we undertook
the task of collecting, annotating, and curating an athlet-
ics track dataset, termed as Multi-data for Athletics Track
(MAT), specifically tailored for multi-task detection. Our
dataset comprises 1k track images, divided into training,
evaluation, and test subsets at an 8:1:1 ratio. Each of these
images was annotated with detection bounding boxes and
track line masks. Some examples are shown in Fig. 3.

Fig. 3. Examples of dataset annotations.

Our dataset features 2.47k instances of person. In terms of
track line annotations, we have 376 images in straight and
624 images in curve. We performed continuous annotations
on the track that were partial occlusion, resulting in 319
images with occlusions and 681 images without occlusion.

D. Multi-task Network

We aim to achieve precise environment perception while
operating on embedded devices. However, given the con-
straints of computational cost and memory, employing sepa-
rate models for each task is impractical. To address this, we
turn to multi-task networks, which leverage a shared back-
bone to extract valuable features and optimize performance
across different tasks with separate decoders. Therefore,
we adopted an efficient and lightweight multi-task network
capable of simultaneously handling track line segmentation
and people detection tasks. YOLOP [16] is capable of
simultaneously performing tasks like traffic object detection,
drivable area segmentation, and lane detection. However,

Fig. 4. The architecture of RunnerNet. It shares one encoder
and combines two decoders to solve different tasks.

it cannot be directly applied in the athletics track due to
varying task requirements and speed constraints. To alleviate
the challenge, we made a series of improvements to it.

Firstly, our tasks are different. We focus on people de-
tection and track line segmentation for planning. There-
fore, in addition to the data labeling efforts mentioned in
section III-C, we pruned down the detection head used
for drivable area segmentation. The modified network now
includes a shared encoder and two separate decoders for
different tasks. Secondly, we needed to meet the speed
requirements for detection on embedded devices. Hence,
we replaced the backbone with a lightweight architecture
suitable for embedded devices, GhostNet [23]. Additionally,
we replaced the spatial pyramid pooling module with spatial
pyramid pooling-fast to reduce the computational load while
maintaining performance. The above design may lead to a
decrease in feature extraction capability. Consequently, we
introduced the Coordinate Attention(CA) [24] at the end
of the backbone to balance speed and accuracy without
increasing computational demands.

In the detection head, we utilize FPN to propagate se-
mantic features top-down and PAN for localization feature
propagation bottom-up, achieving effective fusion. In the
track line segmentation head, we harnessed deep information
from FPN. Through three upsampling processes, we acquire
high-precision outputs, ensuring the continuity of track line
predictions even in cases of partial occlusion.

we name our network RunnerNet, which substantially re-
duces the number of parameters and floating point operations
compared to the original network. The network structure is
shown in Fig. 4.

E. Path Planning and Navigation

Given the track’s unique characteristics, we employ an
approach to combine averaged sampling with spline curves,
which effectively leverages track information.

This strategy employs spline curves to convert track lines
from Cartesian coordinates to Frenet coordinates, facilitating
path planning within the Frenet coordinates. We confine the
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sampling region within the track lines, limiting the planning
space and reducing computational complexity. Uniform sam-
pling is then performed within this track region, and sample
points are selected by loss function to yield locally optimal
trajectory points. Finally, the trajectory is transformed back
to Cartesian coordinates. The yaw angle of the path is
converted into voice output, providing guidance to users.

1) Utilizing cubic spline for the transformation between
Frenet and Cartesian: Representing curves in Cartesian
coordinates is challenging. By transforming the curved
boundaries from the Cartesian coordinates to the Frenet
coordinates, nonlinear constraints can be converted into
linear constraints. However, directly utilizing formulas for
conversion is complex. We employ cubic spline curves
Si(x) = ai+bix+cix

2+dix
3 for implicit solving. Unknown

parameters ai, bi, and di can be represented by ci.
Performing cubic spline separately on the x and y coor-

dinates, the curve can be uniquely represented as:

S(t) = (x(t), y(t)) , (1)

where S(t) represents the length of the curve in the Frenet
coordinates, x(t) and y(t) is the cubic spline curves con-
structed under varying parameters. The arc length S and yaw
angle ψ of the curve can be derived as:

S =

√
x′2 + y′2, (2)

ψ = arctan(
y′

x′
). (3)

where x′, y′ is the derivative of x, y. Given the length Si,
along with the segment interval i and interval parameters ai,
bi, ci, and di, it is possible to reverse the transformation from
Frenet coordinates to Cartesian coordinates to obtain the x
and y coordinates.

2) Averaging sampling and cost function: EM planner
[20] defines a reference line to connect global planning
with local planning. What sets us apart is that the detected
track lines provide natural constraints for sampling. Utilizing
spline curves, we represent the two boundaries of the track
in the Frenet coordinates and incorporate the positions of
obstacles. With knowledge of the track width and forward
viewing distance, we uniformly sample n × m points both
laterally and longitudinally. While traditional average sam-
pling requires large computation, the constraints of tracks
significantly reduce the computational workload. Unlike road
environments, average sampling and calculating cost function
within the narrow space of the track can provide more
comprehensive information.

After constructing the sampling space, each point could be
evaluated by the summation of the cost function. The cost
Ctotal between sample points can be expressed as:

Ctotal = Cdis + Cobs, (4)

where Cdis represents the distance cost between the current
sampling point s1 and the next sampling point s2, and Cdis

can be defined as:

Cdis = ∥s1 − s2∥ . (5)

When there are obstacles, beyond the safe distance dsafe, the
collision cost Cobs is inversely proportional to the collision
distance dcol, the scale factor is k, Cobs can be defined as:

Cobs =


0 noobstacle
k

dcol
dcol > dsafe

∞ dcol < dsafe

(6)

We define the cost of the sampling points in the last row
as the distance from the middle point. Using the dynamic
programming, we iterate the cost between sampling points
from the last row forward. We set the initial point as the
origin of the camera coordinates and iterate from front to
back, selecting the sampling points with the minimum cost
for each row as the trajectory points. Finally, we use the cubic
spline curve to fit the trajectory points to form a smooth path
and obtain the yaw angle of the planned path by coordinate
transformation.

3) Audio Feedback: Effective feedback to the BVI is the
key to achieving human-computer interaction and ensuring
the availability of the system. We divided the visual field in
front of the BVI into five sections corresponding to five di-
rection instructions: forward, left forward, right forward, turn
left, and turn right. The yaw angle of the planned output will
fall into the corresponding interval, and the planning result
will be converted into the direction instruction through voice
feedback. In order to ensure real-time feedback, the trajectory
planning is open-loop, and one direction instruction will be
output for each frame.

IV. EXPERIMENTS

In this section, we introduce the dataset setting, parameter
setting, and experimental content. Experiments in section IV-
A and section IV-B were carried out based on the configu-
ration environment of NVIDIA GeForce RTX3060. We ran
all tests under the same experimental settings and evaluation
metrics. In section IV-C, we conducted outdoor experiments
on the embedded device, Jetson Orin NX.

A. Settings

The BDD100K dataset [18] is used for multi-task detection
in autonomous driving. Although the algorithms trained on
the BDD100K dataset have strong transferability, as shown in
Fig. 5, due to the uniqueness of the athletics track, the model
trained on BDD100K cannot be directly used for track.

(a) Trained on BDD100K (b) Trained on MAT

Fig. 5. The valuation result trained on different dataset. The
yellow ellipses are the false nagative and the red ellipses
indicate the false positive.
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We compared the detection performance of models trained
on BDD100K, on our dataset MAT, and further fine-tuned on
MAT after BDD100K’s pre-traind. The results are presented
in Table I. Utilizing BDD100K as a pre-trained model led to
improvements in track line segmentation and yielded people
detection results similar to models trained on our dataset.
Consequently, we evaluate network performance by using
models pre-trained on BDD100K and fine-tuned on MAT.

We resize images in BDD100K from 1280×720 to 640×
384, and the images in MAT is 640×480. In pre-training, we
employ an Adam optimizer for 240 epochs with a 3-epoch
warm-up, a batch size of 24, an initial learning rate of 0.001,
and a weight decay of 0.0005. For fine-tuning, we train the
models for an additional 240 epochs with a batch size of 24,
and a learning rate of 0.001.

TABLE I Detection performance in different datasets

Datasets Acc(%) mIoU(%) Recall(%) mAP50(%)

BDD100K 55.7 68.0 56.6 51.7
MAT 87.1 82.5 87.7 84.7

BDD100K+MAT 90.1 82.9 87.7 84.2

The valuation is based on the model (−Head).

B. Performance of Multitask Networks
The visualization of the network detection result is illus-

trated in Fig. 6. In section III-D, we made improvements by
pruning detection heads (−Head), changing the backbone
(+GhostNet), and introducing attention mechanisms (Run-
nerNet). The impact of parameters and the performance of
networks are shown in Table II. We use Acc to evaluate
the segmentation performance and use Recall and mAP50 as
the evaluation metric for detection accuracy. Since the lack
of prior works for multitask detection in the athletics track,
we compared the performance of modified networks (−one
head, +GhostNet, and RunnerNet). The results indicate that
our network reduced the FLOPs of the original network
by 44% and improved the speed by 35%. Although the
modified model is smaller than the original network, it
has achieved higher detection accuracy. RunnerNet achieved
92.6% accuracy in track line segmentation and achieved
better detection performance compared to model (−Head).
But its performance in detection is slightly lower than the
model (+GhostNet), possibly due to its focus on the runway
line. To ensure the accuracy of track segmentation for the
planning module, we choose RunnerNet, which performs
best in track line segmentation, as the final model.

TABLE II Ablation studies of network detection results

Network FLOPs(G) FPS Acc(%) Recall(%) mAP50(%)

YOLOP 15.64 54 - - -
−Head 12.05 69 90.1 87.7 84.2

+GhostNet 8.70 73 91.2 88.5 86.0
RunnerNet 8.70 73 92.6 88.1 85.6

(a) Continuous segment (b) Multi-detection (c) Night time

Fig. 6. Visualization of line segmentation and people detec-
tion results in multiple situations.

C. Outdoor Experiments

To test the real-world usability of the system, three healthy
subjects (User1, female, User2, male, and User3, male) were
invited to wear the assistance for experiments, all participants
wore blindfolds for the same level of vision.

In path planning, the sampling distance in the forward
direction is 10 meters in Cartesian coordinates, with a
sampling interval of 1 meter in Frenet coordinates and 5
sampling points in the horizontal direction.

We categorized the sports scenarios into three situations:

• Safe: no obstacle present, or obstacles have no impact.
• Detour: detour around the obstacle and return.
• Switch: change different track to bypass obstacles.

As shown in Fig. 7, we conducted tests to evaluate the users’
performance in different sports scenarios. Users were able to
complete tasks of moving forward, detouring, and changing
tracks with assistance.

Fig. 7. Path planning experiments results in three sports
scenarios. In each scenario, the first row represents the
continuous trajectory changes of the user. The second row
represents the path planning results in real environment. The
last row shows the changes of the yaw angle of the planned
trajectory, providing directional instructions to the user.
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In addition to testing their performance in various sports
scenarios, subjects also wore the assistance for free move-
ment experiments, including 100-meter straight, 100-meter
curve, and 400-meter track. The number of experiments and
average speeds are shown in Table III. The results indicate

TABLE III Users performance in experiments

Users User1 User2 User3 Average

100m straight
Num of exps 6 3 5 5
average speed(m/s) 1.70 1.50 1.22 1.52

100m curve
Num of exps 5 4 5 5
average speed(m/s) 1.06 1.60 1.34 1.23

400m track
Num of exps 3 2 3 3
average speed(m/s) 1.34 1.50 1.23 1.34

that, with the assistance of the device, users can achieve an
average movement speed of 1.52 m/s in straight, 1.23 m/s
in curve, and 1.34 m/s in track, reaching the level of normal
people in jogging. Due to the processing speed limitations
of embedded devices, we may not reach the speed of quick
running, but it is sufficient to provide people with impaired
vision with opportunities to participate in sports.

V. CONCLUSIONS

Based on visual sensors, we have developed a wearable
steering assistance designed for people with impaired vision
in jogging. We conducted outdoor experiments on the athlet-
ics track, and the results show that our wearable assistance
enables the people with impaired vision to achieve an average
speed of 1.34 m/s in track. The increase in speed is attributed
to the accuracy of perception and the operational speed.
While our device provides faster mobility, it may not meet
the speed requirements of quick running. In the future, we
will continue to enhance the sports experience for people
with impaired vision.
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