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Abstract An emergency vehicle, as defined in Article 2, Clause 22 of the Road Traffic Act, refers to a
vehicle used for its original urgent purposes. According to Clause 2 of Article 29 of the same Act,
emergency vehicles may proceed without stopping in urgent and unavoidable circumstances. Despite
this regulation, accidents involving emergency vehicles frequently occur, particularly when they enter
intersections while disregarding traffic signals, resulting in collisions with vehicles traveling on crossing
lanes. To address this issue, this paper proposes a novel traffic signal system that uses cameras installed
at intersections to monitor the real-time status of vehicle warning lights. The captured footage is
automatically analyzed using artificial intelligence trained with relevant data, allowing the system to
determine the presence of emergency vehicles. Traffic signals are then adjusted only when an
emergency vehicle is detected. Experimental results showed that the proposed system recognized
vehicle warning lights with an accuracy of over 93%. Consequently, the proposed signal system can
significantly reduce the risk of intersection accidents involving emergency vehicles and also decrease

the time required for these vehicles to pass through intersections.
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[Fig. 1] Emergency Vehicle Detection

Fig. 1 AIksHe 15453 914 A28 814 of
oltjolg Rol gick. Ty o] A5 oo I
A e Axste] £2g BUHYsL, 94 2
2ol P HPIA FYEE AAsE YAl 483t
% BT, F05 o YT AAAE 3Y5E 9

Ashe e G o] e 7129 HaF AA
S QS A gel, BHE A £ B O
o Mgstel AFAEAE YA TEY 5 U=S
ALt o] AL oln|x] W AHE FAlo] HAjst
of A#50l AR A w2 gAg. s

Jel= Az B, 2 Aol ARle) 9ot 29
22 BAl0] =itk o] WAL Zelolg AL} F
el WL Hasote] w2 gAsk Rssick 2 R

E



oA 1FAFs A= AAHFTR, Fire Truck)@t 32+
(AMB, Ambulance)® F&5t3lom, 359 &5
1ot b7 A Bl vrgstoict. ol#gt AAE B
NFASA7E Az H2e o A%38)
U= ALEE FESIGoH, iE
2o} 71Gxle] Yt ol5S XY 4

7IHE .

1

3.2 343 ©@X € &7

A & B E8ote] g2 BYeS A
AZko.2 ©A|5ka ON/OFF AEiE £73b7] S8, 4
35 =olo AXE 7HEE o d4S dgEn
dlo] J4 WA 5ol e 9 HARE &
o] RE sk WS A&slt olE s F
oRzh, TFEt AY@AY, A, dAH)NAN &P
dlolEl & Fste] s APstarH11]. Et <5
ol A= Bounding BoxE A3sto] HL59] A
QI4lskgict. 12, "F85 ON'# 3385 OFF
7Hel SHAE FES & YL SHTh ol=et B
NFASA waze] e | 7521 o7
SHA| "AE 4= Sl

B

3

iy

o

k)

fob rlo 4 min &L opot

ol 1>

3.3 SEHOlE 75 ! =fad

[Fig. 2] Labeled Dataset
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Algorithm 1: Emergency Vehicle Detection Flow

Input: Real-time camera video frume
Ouipui: Traffic lght control signal

1 foreach frame do

2 Resize image 1o parameter;

3 | Normalize pixel values;

4 | Run object detection model;

5 foreach detected object do

&

7

B

if Class == "FTR"” or class = "ANHB" then
Check emergency Light status;
if Light OMN then
9 | Mark as emergency vehicle:
n clse
11 |_ Igmore;
12 else
13 | lemore;

[Fig. 3] Emergency Vehicle Detection Algorithm
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[Fig. 5] Loss over epochs
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[Fig. 6] Detection result of emergency vehicle
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[Fig. 8] Precision and recall over epochs
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[Fig. 9] Prediction result visualization
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