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Optimizing real-time traffic flow detection: an
integrated approach combining YOLO with
advanced image preprocessing
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(School of Physics Science and Information Technology, Liaocheng University, Liaocheng 252059, China)

Abstract To improve the efficiency of urban traffic management, the application of intelligent transporta-
tion systems (ITS) has become a practical and effective approach. Real-time traffic flow monitoring tech-
nology provides essential data support for such systems. This study focuses on enhancing the performance
of terminal devices used for real-time traffic monitoring and proposes a method based on the YOLO object

detection algorithm. By incorporating image preprocessing techniques, the system achieves improved de-
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tection accuracy while reducing computational resource consumption at the terminal. The research utilizes
a subset of the COCO public dataset to construct a customized training dataset suitable for this task.
YOLOv5s and YOLOv8s models were trained and comprehensively evaluated across various scenarios, in-
cluding dynamic video and real-time video streams. Techniques such as background subtraction, Contrast
Limited Adaptive Histogram Equalization (CLAHE), and median filtering were applied to enhance input
image quality. Experimental results demonstrate that these preprocessing methods improve detection accu-
racy by approximately 1. 2% to 1. 8% under different testing conditions and environmental complexities,
while also reducing resource usage. This study systematically analyzes key components including model
training, image processing, and performance evaluation. Through a series of video-based and real-world
simulation experiments, the proposed approach is shown to have practical value for intelligent traffic appli-
cations.

Keywords intelligent transportation; YOLO; real-time vehicle flow monitoring; model training; image

preprocessing
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Fig. 1 Processes of traditional machine learning and deep learning
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Tab. 4 Acquired values from dynamic video testing detection

. KT EZ AL FRA LA B U FR A b
YOLOVS5s YOLOv8s YOLOvS5s YOLOv8s
FEA— I B/ 24 90. 68 91. 68 91. 57 93.02
FEA RS B2/ 4 89. 67 90. 53 91.11 92.57
FEA = RS B2/ 4 91. 32 92. 25 92. 36 93.63
TREAS DU 32N 2 / 24 88. 66 90. 27 91.24 92. 90
FEAR LI B/ 4 90. 16 90. 81 91. 85 92. 64
SRR BE / 6 90. 01 91. 11 91.63 92. 95
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Fig. 8 Real-Time video stream testing performance
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Fig. 9 Testing performance in Real-Time video stream after image preprocessing
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Tab.5 Acquired values from real-time video stream testing and detection

i KT MR TAL FRA AR T4 B R
YOLOV5s YOLOv8s YOLOv5s YOLOVS8s

FEA— I B2/ 4 90. 68 91.68 91.57 93.02
FEA— IR B2/ 4 89. 82 90. 45 90. 55 91.52
FEA W ORS B2/ 4 88. 16 90. 87 90. 91 92.16
FEA =0 ORS B2/ 4 90. 05 89. 95 90. 24 91. 86
FEA DU I U B/ 4 89. 26 90. 15 91. 37 90. 99
FEA TN UK B/ 4 90. 52 90. 23 90. 98 91. 95
S ORS B / % 89. 56 90. 33 90. 81 91. 70
-5 FHINAE 2 [H] (GB) 1. 14 1.27 0. 98 1. 14
SR 8 B ] (s /5T 14.5 15.7 19.6 19.9
S GPU & HI(GB) 1. 60 1. 83 1.55 1.79
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