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Detection System for Vehicles Violating Pedestrian Crosswalks
through Illegal Parking
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Abstract

Background and Objectives: Strict and effective enforcement of laws plays a crucial role
in increasing driver awareness and responsibility towards people on the roads. This could in
turn lead to a reduction in accidents and losses to life and properties. The present research
therefore developed an automated system for detecting vehicles violating traffic rules on
pedestrian crosswalks. The system detects vehicles and counts the number of drivers parking
their vehicles on pedestrian crosswalks while waiting at red lights.

Methodology: Data for the study were collected from 12 surveillance camera sites of the
Department of Traffic and Transportation, totaling 334 images. The data were divided into
two parts: training data consisting of 301 images and testing data of 33 images. The YOLOV5
technique was employed to detect such objects as vehicles and pedestrian crosswalks.
Additionally, to ensure accurate detection and counting in continuous video images from
surveillance cameras, two alternatives viz. DeepSORT object tracking and manual methods
were experimented.

Main Results: Using the YOLOV5 technique to detect cars, motorcycles, and pedestrian
crosswalks resulted in an Average Precision score of 0.837. In terms of object tracking, the
DeepSORT method outperformed the manual method in effectively tracking and counting
vehicles parked over pedestrian crosswalks beyond the designated time frame.
Conclusions: The present research proposes the use of automated vision analysis from
continuous video surveillance to detect vehicles violating traffic laws by parking over

pedestrian crosswalks while waiting at red lights. The study reveals that while the YOLOV5

Lapinee et al. (2024). “Detection System for Vehicles...,” Science and Engineering Connect 47 (1), pp. 62-77



64

technique effectively detects vehicles and pedestrian crosswalks in images, it requires an
additional object tracking technique to prevent duplicate vehicle detection in continuous
camera images.

Practical Application: The system investigated in the present research can be further de-
veloped to automatically detect drivers parking over pedestrian crosswalks while waiting
at red lights. This can be accomplished using existing surveillance camera image data, with

simple addition of an enhanced image analysis technique.
Keywords: Crosswalk Detection, Vehicle Detection, Object Tracking
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Table 1 Experimental results of YOLOv5 models trained with different epochs. Note that
values in this table are summaries of model evaluation metrics calculated by the method
proposed by YOLOv5

Epoch mAP Train box loss Validation box loss Time
100 epochs 0.823 0.03093 0.03393 6m 1s
150 epochs 0.826 0.02753 0.03364 8m 58s
200 epochs 0.837 0.0254 0.03299 11m 57s
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Figure 3 Vehicle and pedestrian crosswalk detection with YOLOV5, where the largest
orange bounding box indicates the pedestrian crosswalk and other colored boxes

represent all detected vehicles by YOLOv5
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Figure 4 Pedestrian crosswalk violation detection and offender counting using DeepSORT,
where the largest orange bounding box indicates the pedestrian crosswalk and red

shaded boxes indicate vehicles violating the pedestrian crosswalk
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Figure 5 Pedestrian crosswalk violation detection and offender counting using the manual
method, where the largest orange bounding box indicates the pedestrian crosswalk and

red shaded boxes indicate vehicles violating the pedestrian crosswalk
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Figure 6 Examples of predicted bounding boxes obtained from DeepSORT tracking (a)

and manual tracking (b)

Results
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Figure 7 Evaluation of the YOLOv5 model trained with 200 epochs
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Table 2 Experimental comparison of object tracking using DeepSORT and manual techniques

DeepSORT Manual
FN 0 0
FP 0 1
IDS 0 0
GT 9 9
MOTA 1 0.89
Tracking ID Yes No
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Conclusion
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