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Abstract

This paper presents a deep learning-based vehicle distance detection study, which utilizes YOLOv5
for vehicle localization and implements distance measurement through geometric calculation meth-
ods. The research primarily introduces the theoretical framework of YOLOv5 and its application in
vehicle distance computation, along with experimental results. The experiments achieved 95.5%
accuracy in ranging identification and 10% precision in distance measurement. This study provides
valuable references for advanced driver-assistance systems (ADAS) technology.
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Figure 1. YOLOvVS model block diagram
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No
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Figure 2. The network structure of FPN + PAN
B 2. FPN + PAN RIFI4E 451
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Figure 3. Camera calibration chart
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Table 1. Experimental environmental parameters
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Table 2. Algorithm result statistics

* 2. BAEERGH
CRFS GATES H [ml
YOLOVS 95.5% 96.1%

TR B i 22 R A GBS SBEAT R P 4 2 1A AR R, I R0 3 .

Table 3. Algorithm result statistics
= 3. MELRGIT

S PRER 1 (m) DN B 1 (m) T %=
1 0.92 —7.87%
2 1.97 —1.64%
3 3.19 6.33%
4 3.81 —4.63%
5 5.25 5.10%
6 6.14 2.35%
7 6.80 —2.7%%
8 7.30 —8.75%
9 8.52 —5.33%
10 10.60 5.97%
11 11.30 2.69%
12 11.50 —4.14%
13 14.23 9.49%
14 14.54 3.88%
15 15.06 0.39%
16 14.51 -9.29%
17 17.28 1.65%
18 17.74 —1.45%
19 18.59 —2.17%
20 18.98 =5.09%

>20 ~20 3.32%
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Figure 4. Recognition results
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