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Abstract—Electric wheelchairs are categorised as pedestrians,
which reclassifies accidents involving them as pedestrian-on-
pedestrian incidents rather than traffic accidents, making it
difficult for the problem to come to the forefront. Conventional
proximity detection systems primarily measure distances in real
time or merely identify nearby objects, leaving a gap in practical
systems that focus on detecting the proximity of people. Addi-
tionally, it is more challenging to differentiate between dangerous
situations, where a person or object approaches a wheelchair,
and non dangerous situations, where a person or object merely
crosses in front of it. In this study, we propose a novel method
that can distinguish between approaching and crossing scenarios
by utilizing images captured by an omnidirectional camera that
encompasses all directions, along with accessing the distance
from the camera to the object using the characteristics of the
equidistant cylindrical view. By integrating images from the om-
nidirectional camera and object tracking, the proposed method
can detect approaching objects from every direction in real time
and assess their danger level. The performance evaluation of the
proposed method has shown that it can achieve highly accurate
detection of approaching objects, with an accuracy rate exceeding
95% at an average processing frame rate of more than 15 FPS,
which is a satisfactory outcome for proximity detection.

Index Terms—Equirectanguler images, object tracking, prox-
imity detection, spherical data.

I. INTRODUCTION

Assistive devices for locomotion and manipulation are
increasingly becoming essential to maintain higher living
standards. The growth of the global elderly population and
differently abled communities intensifies this necessity. How-
ever, the current state-of-the-art developments are insufficient
to adequately meet these needs, which drives us to further
explore advancements in assistive robots. Electric wheelchair
systems are well-known assistive devices that primarily aid
mobility [1]. This work particularly focuses on enhancing
electric wheelchair navigation using 360-degree vision sensors.

Literature indicates that wheelchair navigation is primarily
controlled by several different modalities. However, most of
the time, users must make high-level decisions and operate
the electric wheelchair, which leads to quick fatigue and a
significant cognitive load. For instance, these systems are
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operated using joysticks [2], gestures [3], voice commands
[4], brain signals [5], etc., all of which require active user
intervention to function. Autonomous wheelchair systems [6]
can greatly reduce these challenges and provide a more
comfortable life for users. However current knowledge lacks a
detailed understanding of the surrounding environment, which
results in poor decisions during autonomous driving.

The perception is crucial for making accurate decisions.
In most electric wheelchair systems, a distinguished camera
module serves as the primary vision sensor [7]. Perception
can be further enhanced by integrating multiple cameras to
observe the surrounding environment, surpassing human lim-
itations [8], [9]. However, this leads to introducing additional
computational overhead, and the system tends to become more
complex due to the need for multiple processing modules and
precise calibrations. To mitigate these specific issues, 360-
degree cameras can be employed in these wheelchair systems.
Nevertheless, this may present further challenges due to a
lack of knowledge regarding 360-degree vision processing
algorithms and techniques [10].

The data collected from these sensors assist the central
system in making appropriate decisions, such as obstacle
avoidance in autonomous navigation [11]. A major considera-
tion here is that although there are other sensors like LIDAR
for collision avoidance purposes, detecting human proximity
within the entire 360 view of the wheelchair presents chal-
lenges [12], [13]. Even in most contributions, it is observed
that extracting distance takes precedence over identifying
whether a subject is on a collision course [14]. In addition, this
data is integrated with various state-of-the-art mechanisms to
enhance the systems’ intelligence and illustrate the possibility
of detecting relevant objects [15]. The YOLO model can be
considered a well-established framework that can be utilised
in such scenarios and is also suitable for real-time feature
detections [16]-[18]. However, the simultaneous identification
of obstacles and proximity detection has not been thoroughly
discussed in previous efforts for omnidirectional viewing.

Thus, this effort illustrates the applicability of an spherical
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Fig. 1: To identify pedestrians approaching, an omnidirectional camera is mounted on the wheelchair, and the image stream is then transformed into an
equirectangular format. At the first stage, YOLOI11 is utilized to extract visual features, while ByteTrack serves as a tracking mechanism in the second stage.
Finally, spherical features are extracted to determine whether the subject is in danger or not. The system’s outputs are displayed using boxes: a red box
represents the subject in danger, while the others(blue/green) indicate those not in danger at a given time.

camera data for achieving seamless autonomous navigation
of electric wheelchairs while employing a YOLO11 model
[19] for detecting subjects on a collision course with the
wheelchair and avoiding potential hazards. Furthermore, this
combination enhances the perception of these autonomous
assistive devices by integrating conventional object-tracking
mechanisms and advancing the systems to a higher level of in-
telligence. The remainder of the article is organised as follows,
Section II provides a detailed overview of the proposed system
architecture, Section III and IV presents the experiments and
results. Section V make some discussions. Finally, Section VI
concludes the article with future extensions.

II. SYSTEM ARCHITECTURE

Following chapter discuss the method proposed for the
understanding surrounding peoples’ proximity relative to a
electric wheelchair system. The overall architecture of the
proposed system is shown in Figure 1. As shown, overall
pipeline composed of three major components.

A. Pedestrian Detection with Spherical Images

An omnidirectional camera was mounted directly above the
wheelchair (Figure 1) and captures the surrounding environ-
ment. This facilitates capturing the entire environment around
the wheelchair and makes the decision made by the system
more accurate and reliable.

For “human” proximity detection, we created a dataset
that can only detect people. Using a Ricoh THETA Z1!
omnidirectional camera, we recorded videos of a sidewalk in
2K mode and produced approximately 600 images, with an
average of about 4 people per frame, by cropping frames at
regular intervals from the video. Moreover, all the videos were
captured at 30 FPS, and the image size was set to 1920 x 960.
The images were then annotated with labellmg2? to create a
dataset for training and a dataset for validation at a ratio of 3:1.
YOLOL11 is equipped with several inference models by default,

Thttps://thetaz1.com/ja/
Zhttps://github.com/HumanSignal/labellmg

and “YOLOI11n”, which is the lightest model among them,
was used as a weight for transition training. The results of
iterative training under various conditions showed that the best
accuracy was obtained when the number of training sessions
was 100 and the batch size was 16.

B. Pedestrian Tracking

As a prerequisite, the proposed system must be able to track
objects in real time without any problems to work practically.
"ByteTrack” [20] is one of the successor models of "SORT"
[21], which is the MOT method that pioneered the tracking-
by-detection type. SORT was also a pioneer in the MOT
field, and the model had problems with real-time performance
[22]-[24] because it enabled tracking by combining both
location and appearance information for batch processing.
SORT computes the prediction of the current frame in the
Kalman filter [18], calculates the Intersection over Union (IoU)
between the predicted detection box and the actual box and
creates a cost matrix. Finally, it calculates the similarity by
applying the Hungarian method [19] to the created matrix
and identifies whether the previous frame and the current
frame are identical or not. ByteTrack has become a practical
object tracking system by performing this process in two steps
without changing the fundamental principle of “computing
similarity using the Kalman filter and the Hungarian method”.

C. Spatial Feature Extraction

As mentioned, extracting spherical features from an om-
nidirectional image is challenging. However, we proposed the
following simple method to extract features. Initially, spherical
data were transformed into equirectangular images (Figure 1)
and the spatial features from the transformed version.

The camera was calibrated to determine the subjects within
the threshold distance(d), which is then recognized as the
danger zone and identifies the corresponding coordinates
concerning an equirectangular image. The following figure 2
shows the corresponding coordinates relative to the wheelchair
position.



Fig. 2: Equirectangular image transformed from an omnidirectional capture
and points(blue dots inside red circles) representing calibrated threshold line
(340.1m from the wheelchair) which utilized to detect the danger zone.

We monitor the interested subject’s vertical motion relative
to the base frame of the wheelchair’s omnidirectional camera.
To extract whether the interested subject is moving towards
the wheelchair we monitor the sine value of the angle made
by the line connecting two adjacent tracking frames with the
threshold line which is identified with the calibration (Figure
3). Whenever the subject is identified within the danger zone
the algorithm identifies whether the subject is moving towards
or not.

Fig. 3: Proximity detection with threshold line. When the person is below the
threshold level both are in danger zone.

III. EXPERIMENTS

As the system proposed, all the experiments were carried
out for the spherical data captured with RICHO360 camera.
Primarily, we utilize YOLOI11 for pedestrian detection and
extend the detection to track the pedestrians within the frame
with ByteTracker [20]. Initially, the accuracy of the pedestrian
detection was evaluated with precision against the recall plot
(PR curve) for the custom dataset (Figure 4). It shows that the
fit rate remains at 0.9 even when the reproduction rate is as
high as 0.9, indicating that the system is capable enough to
accurately detect as many people as possible.

The threshold of the proximity for determining danger zone
was determined by capturing the images in all four major
directions (left, right, front and back) relative to the wheelchair
of a person standing at a distance(d) of 3+0.1m by the camera
which is fixed to the back of the wheelchair at a height of 1.5
m. Furthermore, set the angle 6 = 45° as the threshold value
for determining whether a person is on a collision course or not
(Figure 4). Then the overall system was transferred and tested
with a Jetson Orin Nano Developer kit> which is attached to
the electric wheelchair system.

3https://www.nvidia.com
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Fig. 4: PR curve for custom-made inference model.

Since it proposed an MOT-based object tracking, experi-
ments were conducted for a few different scenarios. In the
first instance, a single pedestrian is approaching others who
are passing by without heading toward the wheelchair. Then,
the number of people who approached directly towards the
wheelchair was increased up to a maximum of three. Since
the maximum number of pedestrians who can approach a
wheelchair is about three at most, we decided to experiment
with no more than three persons approaching the wheelchair.
The figure 6 shows four specific cases where the experiments
were conducted.
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Fig. 5: The results for cases where up to three individuals either approaching
towards or passing nearby.

During inference, a subject passing nearby without heading
towards the wheelchair (safe) judgment was classified as pos-
itive, and an approaching towards wheelchair (risk) judgment
was classified as negative. Based on this classification, a
confusion matrix was constructed and evaluated. In addition,
recall, precision and accuracy are calculated to evaluate the
proposed mechanism for detecting pedestrians who are coming
towards a wheelchair or passing nearby but heading away.

The processing speed of the proposed architecture was
examined to assess the model’s feasibility. Additionally, for
the experiments, the trained model developed in Section II
for pedestrian tracking was converted to FP16 format using
"TensorRT", which numerous studies [25], [26] have shown
to optimize models and significantly enhance inference speed.
However, this conversion results in a slight drop in accuracy.



(a) Case 1 (b) Case I
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Fig. 6: The judgment process for two scenarios involving multiple individuals approaching and passing nearby. (a) When two out of three individuals are
approaching towards(blue) one passing nearby(green) (b) When two out of three individuals are approaching towards and in danger(red), (c) When two out
of three individuals are passing(green) and one approaching(blue), (d) When two out of three individuals are passing(blue/green) one approaching toward and

in danger(red).

IV. RESULTS

The videos captured in Section III were inferred using the
proposed system, and the resulting confusion matrix is shown
in Figure 5. Recall, precision, and accuracy values derived
from figure are presented in Table I. From these results, it
is evident that all metrics achieved high accuracy, exceeding
95%. Furthermore, it reveals that misdetections occurred only
when the ground truth was "approaching towards" in other
words, misdetections happened exclusively in cases where the
system incorrectly judged "approaching towards" as "passing
nearby".

TABLE I: Metrics calculated for proposed architecture.

Recall
100%

Precision
95.4%

Accuracy
97.2%

The results of the processing time measurements are pre-
sented in Table II. In this analysis, processing times were
measured for two scenarios involving three individuals mov-
ing: first case, when two of the three individuals approaching
towards and second case, when two of them passing nearby.
Examples of inference results for these two scenarios are
shown in Figure 6.

TABLE II: Processing time for scenarios with single subject or three subjects
moving in the scene in seconds.

. . Three subjects[s]
\ Single subjects] Two passing Tv;zlo approaching
Average 0.064 0.066 0.065
Max 0.070 0.073 0.071
Min 0.060 0.063 0.061
FPS 15.74 15.20 15.49

From Table II, it can be observed that a processing frame
rate of at least 15 FPS was achieved in all scenarios. When
comparing the patterns, the FPS was higher when one indi-
vidual was moving compared to when three individuals were
moving. Furthermore, within the three-person scenarios, the
FPS was lower in the case where two individuals were passing
nearby without approaching.

V. DISCUSSIONS

As shown with the evaluation metrics, most of the time,
the proposed architecture brought better results with spherical
image data, except for very few misjudgments. However,

human natural sway brings a few misleading judgments with
the proposed algorithm. Humans naturally sway their center of
gravity from side to side while walking [27], especially at the
moments when they switch their legs. As a result, particularly
for people taking large steps, the bounding box is likely to
move side to side with each step, which misleads to detection
as a horizontal movement. To avoid this issue, a few frames
can be considered, and then the trajectory can be plotted with
mean values. This approach helps to minimize unnecessary
sway by smoothing the data over time.

Furthermore, as shown in Table II, the proposed system
demonstrate high performance in terms of online processing.
When three individuals are moving simultaneously, processing
time is higher than when more people are passing nearby.
This can be attributed to the fact that lateral movement when
passing creates more significant displacement in an equirect-
angular projection map compared to frontal approaches. When
considering the movement of objects between adjacent frames,
frontal approaches can be immediately recognized as the same
object, whereas lateral movements result in larger displace-
ments per frame, making identification more time-consuming.
However, when looking at the overall system performance, the
FPS does not drop significantly depending on the situation,
suggesting that it is not a critical issue.

VI. CONCLUSION

This work proposed a online proximity detection system
that can prevent collisions between electric wheelchair users
and pedestrians moving nearby. Instead of relying on real-time
distance measurement methods using traditional sensors, the
proposed system combines equirectangular projection images
obtained from an omnidirectional camera and this approach
enables the differentiation between objects approaching the
wheelchair and those simply passing nearby but not approach-
ing, something that is challenging with conventional methods.
In addition, a custom data set was created to train the pedes-
trian detection model and test with the overall architecture
deployed on a electric wheelchair, where all the metrices
exceed 95%. In future, further investigation of spherical data
for navigation and scene understanding with assistive robots,
including intelligent wheelchair systems, can be carried out to
bring better user satisfaction.
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