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Abstract—Roadside sensors like cameras and LiDAR enhance
pedestrian safety by providing comprehensive traffic data.
While traditional traffic surveillance systems primarily focus on
vehicle-related violations, such as signal violations and speeding,
pedestrian jaywalking remains a significant cause of accidents.
This paper presents a jaywalking detection method that fuses
camera-based image segmentation with LiDAR ground seg-
mentation to handle various conditions, including day and
night. Our system addresses challenges such as poor lighting
and vehicle occlusion by leveraging LiDAR’s robustness in
unlearned environments. Road segmentation is enhanced by
combining camera outputs with LiDAR ground data, refining
road boundary detection for more accurate road area anal-
ysis. By integrating road segmentation and object tracking,
the system reduces false negatives and improves jaywalking
detection. Experimental results from real-road data validate
its effectiveness, showing significant potential to enhance traffic
surveillance.

Index Terms—Deep learning, Sensor Fusion, Intelligent
Transportation Systems.

I. INTRODUCTION

Jaywalking refers to a pedestrian crossing the road outside
the designated crosswalk or disregarding traffic light signals.
Such behavior can lead to severe accidents and result in
numerous casualties. Therefore, it is crucial to detect objects
and road areas to identify jaywalking, regardless of the time
of day or environmental conditions. Previous studies [1], [2]
on jaywalking have mainly concentrated on the relationship
between vehicles and pedestrians or have examined vehicle
violations by analyzing object detection, tracking, and be-
havior [3], [4]. In detecting jaywalking, the road area in the
image is defined, and jaywalking is assessed based on this
area and the location of detection when a person is identified
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[5]. Furthermore, deep learning-based approaches [6] identify
anomalies in specific image frames and detect jaywalking
based on object detection results in the anomalous frame.

However, existing camera-based jaywalking detection sys-
tems face significant challenges in low-light conditions, such
as nighttime environments, or situations with intense light,
like vehicle headlights, which can cause performance degra-
dation [7]-[9]. Moreover, the systems struggle with vehicle
occlusion, making it difficult to detect pedestrians crossing
in front of or behind vehicles. To overcome these limita-
tions, our approach implements sensor fusion, leveraging the
complementary strengths of both camera and LiDAR data.
The fusion of LiDAR, less affected by lighting conditions,
with camera-based image segmentation, provides robust road
and object detection performance in various environmental
conditions, including day and night scenarios.

Our system performs object and road segmentation through
a camera-based network and LiDAR ground segmentation
[10]. The road segmentation is refined by merging the results
from both sensors, allowing for more accurate edge detection
and road area analysis. Additionally, the system can detect
jaywalking violations based on defined road areas and object
positions by fusing crosswalk and object tracking data. The
crosswalk detection utilizes Hough transform [11] and MSER
[12], further improving accuracy. This robust approach sig-
nificantly reduces the false negative rate by considering the
road area and improves jaywalking detection in challenging
scenarios such as vehicle occlusion.

Our system has been thoroughly tested and validated with
real-road data, demonstrating robust performance in various
environments and situations. The results indicate that this
approach can provide a reliable and adaptable solution for
jaywalking detection, contributing to pedestrian safety and
improving overall traffic surveillance systems.

1004



Data Acquisition

Object Detection & Tracking Framework

N\

Object Detection Kalman Filter base Ru!e based .
(YoloVs) Tracking Jaywalking Detection
\ i+
. i
oy ~[ DBSCAN ]
Segmentation
Ground
[y i bas d
\ Road Segmentation Road Segrentat Gk
- Edge Refine Detection
Segmentation
Network
(BiSeNetV2)

Road Segmentation Framework

Fig. 1. The overall structure of the jaywalking detection system. The system
is divided into two main parts: Road Segmentation Framework and Object
Detection and Tracking Framework.

II. JAYWALKING DETECTION SYSTEM

Fig. 1 shows an overview of the jaywalking detection sys-
tem, which integrates data from both camera and LiDAR sen-
sors. Initially, calibration and synchronization are performed
to ensure that data from both sensors are properly aligned.
Calibration is done using a targetless approach, making it
suitable for real-world traffic environments where artificial
landmarks may not always be practical. Synchronization
ensures temporal and spatial consistency, which is crucial
for effective fusion. All results presented in this paper are
based on fully calibrated and synchronized data (see Fig. 2).

Once calibrated, the system processes data through two
main frameworks: road segmentation and object detection and
tracking. The segmentation framework utilizes BiSeNetV?2
[8] for image segmentation, which is effective under both
day and night conditions. Additionally, LiDAR data is used to
create a ground mask, which is then fused with the segmented
image to accurately define road boundaries.

The object detection and tracking framework is responsible
for identifying and tracking pedestrians and other relevant
objects. Camera-based detection uses YOLOVS for classifica-
tion, ensuring reliable detection under various lighting condi-
tions. For LiDAR-based detection, DBSCAN [13] is applied
to cluster LiDAR points after ground removal, effectively
identifying pedestrians in 3D space. The fusion of detection
results from both sensors ensures robustness; if a pedestrian
is detected by the camera, the LIDAR depth information con-
firms and enhances the detection. Furthermore, in scenarios
where the camera fails to detect an object due to occlusion or
poor lighting, the LiDAR-based tracking continues, ensuring
uninterrupted tracking of pedestrians. DeepSORT [14] is
used to track objects detected by the camera, while LiDAR
data further improves tracking by providing reliable distance
measurements.

Crosswalk detection is another key component of the
system. This is achieved by extracting lines through edge de-
tection and using the Hough transform to identify crosswalks.

(a) Without calibration and
synchronization

(b) Applying calibration
and synchronization

(¢) Synchronized data

Fig. 2. Calibration and Synchronization: (a) Misaligned data without calibra-
tion. (b) Data after calibration and synchronization. (c) Fully synchronized
LiDAR points projected onto the image.

The crosswalk regions are defined based on these detections,
and they are used as reference zones to determine jaywalking
events.

A. Road Segmentation, Crosswalk Detection

(b) Ground
Segmentation

(c) Road Segmentation
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Fig. 3. LiDAR coordinate system description and ground segmentation.
Road area segmentation flowchart: (a) LiDAR coordinate system: depiction
of the LiDAR’s elevation and azimuth angles. (b) Ground segmentation:
steps include azimuth grouping, elevation sorting, and z-axis difference
calculation. (c) Road area segmentation: projecting the ground’s point cloud
onto the region-growing image.

The result of the image segmentation network is called M €.
Ground segmentation is shown in Fig. 3, and the LiDAR point
cloud can be expressed in azimuth and elevation coordinates.
We grouped the LiDAR points by azimuth, sorted the groups
by elevation, and then detected the ground as a threshold
value through the z-axis difference from the previous point.
Fig. 3. (b) is the result of classifying the ground as a color
and white as an edge. Fig. 3. (c) results from projecting the
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Fig. 4. Crosswalk detection flowchart: Crosswalk detection involves road
area segmentation, Hough transform, MSER, and convex hull search.

ground. A mask is generated by applying region growing
to the projected image [15]. The road mask generated from
the ground segmentation results is called M', and the road
segmentation is completed by merging M/ and M.

Fig. 4 illustrates the flowchart for crosswalk detection. The
process starts by converting the road image to grayscale and
setting up the Region of Interest (ROI) using a histogram
analysis to focus on potential crosswalk areas. After defin-
ing the ROI, edge detection and the Hough transformation
are applied to highlight white areas, particularly crosswalk
markings.

Once the white lines are identified through binarization,
the system selects line segments with slopes as close to zero
as possible, as these likely represent horizontal crosswalk
markings. Using the MSER (Maximally Stable Extremal Re-
gions) algorithm, the detected regions are further refined, and
the convex hull algorithm is applied to connect the segmented
regions, allowing for more precise crosswalk detection and
highlighting.

B. Rule of Jaywalking Detection

Fig. 5. presents a flowchart outlining the process of de-
termining whether a pedestrian is jaywalking. The flowchart
consists of two steps. First step: A person standing near the
lanes within the road area but not on the road is identified
as a potential jaywalker, avoiding the classification of all
cases where a pedestrian stands in a road area as jaywalking,
which previously led to many false positives. So, we set up a
warning zone to represent a potential hazard. The result is a
boundary on the road mask and a crosswalk boundary. Next,
Pedestrians who are not in a warning zone are judged to be

If Crosswalk
Area<th

Object Tracking
(person)

1f Waming

Area<th Jaywalking

Jaywalking None
Warning Jaywalking

Fig. 5. Jaywalking flowchart: Jaywalking is determined based on the location
of the warning and crosswalk areas.

jaywalking if they are not projected onto the crosswalk after
determining whether they are on the crosswalk.

This method offers significant benefits for pedestrian
safety. It involves using a network to detect objects from
cameras and measure distances using LiDAR. Unlike the
existing method, which detects objects in the road area using
the measured distance from the camera and considers it a
violation when a person walks on the road instead of the
crosswalk, our method accurately classifies crosswalk viola-
tions as warnings rather than pedestrians near the roadside.
This approach improves accuracy and reduces the number of
false positives, ultimately enhancing overall pedestrian safety
measures. Road area segmentation is necessary to implement
this approach, utilizing the road area described in the previous
section. Furthermore, the road area image is used to detect
crosswalks.

III. EXPERIMENTS
A. Experiment Setup

(b) Camera and LiDAR Deployment on
Traffic Poles

(a) Intersection Overview
with Sensor Coverage

(c) Crosswalk Detection, Warning Zone
in Traffic Surveillance System

Fig. 6. Experimental environment: (a) Aerial view of the experimental area
with sensor coverage, provided by Naver Map. (b) Deployment of camera
and LiDAR sensors on traffic poles. (c) Crosswalk detection and warning
zone configuration in the traffic surveillance system.

Fig. 6. shows data collected on traffic violations on real
roads in Siheung City, South Korea, as an experimental
environment. Fig. 6. (a) is an aerial photo provided by the
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Naver Map application. The camera is attached to the traffic
light in the intersection area, and the LiDAR is attached to the
roadside, as in Fig. 6. (b). Fig. 6. (c) is set using the crosswalk
and road area detected above as a crosswalk and warning
zone. The green area is the crosswalk area, and the red area
is the edge of the crosswalk and road mask, which is set as
a warning zone to improve crosswalk violation detection.

The experimental environment was conducted at an inter-
section in Korea, and four CCTV cameras and two Hesai
40ch LiDARs were used. Road area detection evaluation: 128
images, consisting of 80 daytime and 48 nighttime images,
were used for segmentation evaluation. The camera and
LiDAR data are synchronized. The GPU used was RTX 3080,
the detection network was Yolov8, and the segmentation
network was BiSeNetv2. All network training was done
solely with open dataset kitti and cityscape. Jaywalking
detection evaluation was conducted on 1200 synchronized
camera data and LiDAR data.

The threshold value for jaywalking detection was deter-
mined empirically through extensive testing with real-world
data. This iterative process aimed to minimize both false
positives (e.g., pedestrians incorrectly classified as jaywalk-
ing) and false negatives (e.g., missed detections of actual
jaywalkers). By adjusting the threshold based on the system’s
performance under different lighting and traffic conditions,
we were able to achieve a balanced level of sensitivity and
specificity, ensuring reliable detection performance. Future
work could further investigate the impact of varying this
threshold to optimize performance metrics like precision,
recall, and F1 score in different environments.

B. Experiments on Road Segmentation

TABLE 1
ROAD SEGMENTATION PERFORMANCE: COMPARISON OF MEAN
INTERSECTION OVER UNION (MIOU) FOR ROAD SEGMENTATION USING
BISENETV2, UNDER BOTH DAY AND NIGHT CONDITIONS.

Modal ‘ Network ‘ Ground ‘ mloU-Day ‘ mloU-Night
Camera BiSeNetv2 X 0.89 0.82
Camera+LiDAR | BiSeNetv2 O 0.91 0.86
TABLE II

OBJECT SEGMENTATION PERFORMANCE: COMPARISON OF MEAN
INTERSECTION OVER UNION (MIOU) FOR OBJECT SEGMENTATION
USING BISENETV2, UNDER BOTH DAY AND NIGHT CONDITIONS.

Modal ‘ Network ‘ Edge Refine ‘ Accuracy-Day ‘ Accuracy-Night

Camera BiSeNetv2 X 0.30 0.35
Camera+LiDAR | BiSeNetv2 o 0.38 0.39

Table I shows the results of road segmentation. BiSeNet
was trained using the cityscape dataset and evaluated using
Siheung’s data. Ground is a proposed method that com-
plements road area segmentation by detecting the ground
using LiDAR and region-growing methods. We achieved
performance improvements of about 2 percent during the day
and 5 percent at night.

(a)
Day

Original Image Road Mask

.T!»’;' A

()
Result

BiSeNetV2

BiSeNetV2 (Camera only) + Proposed Method (Camera, LiDAR)

h
© 2~ KR
Night

Original Image Road Mask

@

Result

N X
BiSeNetV2
+ Proposed Method (Camera, LiDAR)

BiSeNetV2 (Camera only)

Fig. 7. Results of comparative experiments on detection of road areas:
(a,b) Day segmentation results comparing BiSeNetV2 (Camera only) with
the proposed method (Camera + LiDAR). (c,d) Night segmentation results
comparing BiSeNetV2 (Camera only) with the proposed method (Camera +
LiDAR).

The proposed method restored some of the road areas that
were not detected in Fig. 7 (b) and (d). Although Bisenet
generally detected the road area effectively, it exhibited lim-
itations in accurately segmenting objects. Table II highlights
its difficulty in achieving precise object segmentation, and
this limitation is further illustrated in Fig. 7.

C. Experiments on Jaywalking Detection

TABLE III
THE JAYWALKING DATASET SHOWS THE DISTRIBUTION OF FRAMES
ACROSS DIFFERENT EPISODES DAY AND NIGHT.

Episode Day Night
None-jaywalking 2109 605
(E1) A jaywalker outside of the warning zone 366 180
(E2) A jaywalker standing in the warning zone 726 164
(E3) A jaywalker disappears behind a vehicle 30 96
Total | 3231 | 1045

Fig. 8 illustrates different scenarios of crosswalk viola-
tions. Episode 1 involves a pedestrian crossing in an area
that is neither a designated crosswalk nor a warning zone
but rather a section where crossing is not permitted. Episode
2 involves entering the road area slightly away from the
crosswalk. Episode 3 represents an occlusion jaywalking by
a vehicle, which is difficult to detect in the image. Table
IIT presents data on individuals and pedestrians crossing the
street, with data collected during both day and night.
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(c) E3 : Jaywalker Disappears Behind a Vehicle (image, LIDAR)

Fig. 8. Jaywalking case study. (a) E1: A jaywalker outside of the warning
zone. (b) E2: A jaywalker standing in the warning zone, potentially posing a
hazard. (c) E3: Jaywalker disappears behind a vehicle, challenging for visual
detection. left : caemra, right: LiDAR.

TABLE IV
JAYWALKING EPISODE LEVEL EVALUATION.
P : PRECISION, R : RECALL, F1 : F1 MEASURE

Modal | Episode | Total Frames | P | R | Fl1
Normal 2714 0.99 | 0.94 | 0.96

Camer. El 546 0.95 | 076 | 0.84
amera E2 790 0.99 | 098 | 0.98

E3 126 1.0 | 030 | 046

Normal 2714 099 | 099 | 0.99

. El 546 0.94 | 0.79 | 0.86
Camera+LiDAR E2 790 097 | 099 | 0.99
E3 126 0.99 | 0.92 | 095

Table IV shows the results of the episode-by-episode
evaluation. Overall, the proposed method has improved per-
formance, and in particular, the method that integrates Li-
DAR shows a significant difference in the E3 environment
where occlusion occurs. Although the proposed method has
slightly lower precision, it has significantly improved re-
call, demonstrating that LiDAR effectively compensates for
missed detections when the camera fails to detect objects. Fig.
9. illustrates the detection and projection results of LiDAR
clustered data in occlusion scenarios. The occlusion begins
in Fig. 9 (a). In (b), the camera fails to detect the object,
but the LiDAR point cloud is successfully projected. As
shown in Fig. 9 (c¢), the proposed fusion method continues
tracking even during the occlusion, whereas the camera-
only method fails to track the object, leading to missed
detection and lower recall. (¢) shows the start of occlusion at
night, while (f) presents the corresponding LiDAR data. (g)
illustrates the performance of the proposed method, and (h)
shows the camera-only method. After the occlusion ends, we
can observe a noticeable difference in tracking performance
between the two methods.

Table V shows the performance difference between the
camera-only and LiDAR fusion methods during the day and

TABLE V
JAYWALKING DETECTION EVALUATION.
P : PRECISION, R : RECALL, F1 : F1 MEASURE

Modal ‘ Day ‘ Night
\ | R [ F1 | P | R | FI
Camera [5] | 099 | 093 | 0.96 | 0.97 | 0.82 | 0.89
Camera+LiDAR | 0.99 | 0.97 | 0.98 | 0.98 | 0.97 | 0.97

night. The fusion of LiDAR during both day and night
significantly improved overall performance, with recall in-
creasing by 15 percent, particularly at night. Fig. 10 shows
the detection results for both day and night, where the
white background represents detection results, and the gray
background indicates tracking results.

IV. DISCUSSION AND CONCLUSION

The proposed jaywalking detection system leverages sen-
sor fusion between camera and LiDAR, which is particularly
advantageous in occlusion scenarios. While the strategic
placement of the sensors helps expand coverage, the key
benefit lies in the fusion of complementary data from both
sensors, enhancing robustness beyond what placement alone
could achieve.

LiDAR provides reliable depth information and maintains
performance in poor lighting, complementing the camera’s
ability to classify objects effectively under optimal lighting
conditions. Even if an additional camera were placed at
the LiDAR’s location, issues like nighttime occlusion would
persist. Fusing both sensors ensures continuous detection,
even when camera data is compromised, demonstrating the
strength of sensor fusion over placement alone.

Although road segmentation could theoretically be per-
formed under ideal conditions, real-world traffic environ-
ments are dynamic, with changing conditions throughout
the day. Cars may be parked, obstacles may appear, and
modifications may occur, making real-time segmentation
essential for maintaining accuracy. By updating segmentation
continuously, the system adapts effectively to changing road
environments.

This study highlights the value of sensor fusion in jay-
walking detection, particularly in minimizing false negatives.
LiDAR improves segmentation, road detection, and tracking,
especially during occlusions. Future work will focus on
validating performance under adverse weather and improving
real-time processing capabilities. Despite these challenges,
the proposed system offers a solid foundation for enhancing
traffic surveillance and pedestrian safety.
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Fig. 9. Comparison of camera-only vs. camera+LiDAR for jaywalking detection. (a) Occlusion starts during the day with partial pedestrian detection. (b)
LiDAR data projected during the peak occlusion. (c) The proposed method combining camera and LiDAR data. (d) Camera-only method during the day. (e)
Occlusion starts at night. (f) LIDAR data during the start of occlusion. (g) The proposed method at night using both camera and LiDAR. (h) Camera-only
method at night.

(b) Jaywalking Detection in Night

Fig. 10. Jaywalking detection performance. (a) Jaywalking detection during
day, where pedestrians are accurately detected and labeled, including warn-
ing flags for those outside crosswalk boundaries. (b) Jaywalking detection
at night, demonstrating the system’s robustness under low-light conditions,
with clear identification of pedestrians and jaywalking alerts.
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