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ABSTRACT

In this study, a traffic light recognition algorithm was implemented and validated for low—speed special

purpose vehicles in an urban environment. Real—time image data using a camera and YOLO algorithm were

applied. Two methods were presented to increase the accuracy of the traffic light recognition algorithm, and

it was confirmed that the second method had the higher accuracy according to the traffic light type. In
addition, it was confirmed that the optimal YOLO algorithm was YOLO vbm, which has over 98% mAP values
and higher efficiency. In the future, it is thought that the traffic light recognition algorithm can be used as
a dual system to secure the platform safety in the traffic information error of C—ITS.
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Table 1 Drawbacks of conventional methods and its im—
provements made in this study

Improvements made

Drawbacks . .
in this study

Dataset composed of
vertical traffic lights
(Not adequate for Korean
traffic environment)

» Horizontal traffic light dataset
constructed especially for
Korean traffic environment

* Entire signal detection

* Training separate models
according to the traffic light
shape

Detection model detecting
single light, rather than
the entire signal

* 3 classes for 3—holed traffic

Scarce number of cl lights
catce TUIbEr Of CASSES | L 6 classes for 6-holed traffic
(red, green, yellow) lights

* Can detect complex signals
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Fig. 1 Model architecture



Table 2 Model details

* Binary ¢ Increased input
classification using | resolution of the
sigmoid for each | model * Models are divided
class # Increased number based on the depth
* Residual values of layers to of the layers

Features . .
transmitted using

skip connection

* Sets the anchor box
and uses it to create

increase the
receptive field

* Classification * Reduced inference  bounding box
results outputted cost and memory
through Softmax | cost
s—554
mAP (%) 60.6 644 “1“: 6663 ;)1
x-68.8

Y5 ot e B0 A3 &
W] Hold< Aol AAHIE Hlole] #A) A

= =]
2d2 YOLO v3,% YOLO v4” 2 YOLO v5®e]t}. A}
&9 2do] 72 3 542 Table 29} Fig. 13} 2t

2.2. 29 #3}

e e oew B HAsrh eEQleh, 2o
AR QL F2hE Alofsh= wiyHTES 24t He
Z1EYlet, Wi 2 A skE 98
AeE A7 w9 (1) manual search, (2) grid
searches @ (3) arbitrary searcho]t}. Held UEH A
A FolA GargFs oldlletal Alztstelr] e
ofg] AJ=I07L o1l mk empirical approach!?& o
3] MRES HAskete 7P adAQl A WA
T she]BE dHlolE Al A& it

1o ol i
Ach o T
e
lo,
B
2
fo
]

3. dele g5

3.1. "oy &5 Wi

4

F 7HA B e dlolH A WS Fig. 29F ZTh &
Aol ME T WHECR HolE 58 ekl
t}. Fig. 20 %A% Method 12 100% 34+ 7%k <targ]
T8 UEE S 502 25T ¢ Ao Sl sl
A BA gagEs o BA gagSes] 954
2550 GAE FE3 o8 nlgeR A% 3hd du
)5S gersle, Alase] AEE E 9 WES 1est
St} Fig. 20 FAIE Method 25 A3 59 A5 7|4k
P S A3 T o] 5 AT FE(3FE, 470)°l uf

co

Tmage
input

Traffic light
shape

3-holed traffic light | 4-holed traffic light

B
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- 100% vision based approach
+ Simple architecture

« Higher accuracy
« Ease of applying to other logics

+ Less accuracy + Complex architecture

+ Needs aid of road maps and additional sensors

Fig. 2 Experiment flowchart
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Fig. 4 Map data of our experiment. 0: Passenger crossing
signal, 2: 3 holed traffic light, 3: 4 holed traffic light

Table 3 Sets and numbers of traffic lights in our experiment

A ARS8 A A dag

path
Type #sets #traffic lights
3 holed traffic lights 18 32
4 holed traffic lights 18 45

Table 4 Dataset details

Hardware / Software specification

CPU Intel® Xeon® E—2278G

Graphic Cards (GPU) Tesla T4 < 2

RAM 64 GB

Operating System Ubuntu 18.04.3 LTS

Graphic Drivers CUDA 11.2 & cuDNNB8.1.1

Python Version 3.6.8
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Table 5 Method 1 (separate detection and classification)
data details

Training Testing
Dataset | Class ! #Traffic I #Traffic
MA8ES 1 ights | 4SS | Jights
Traffic |y 174 407 74 175
lights
Table 6 Method 2 (3 holed traffic lights) data details
Training Testing
Dataset | Class ! #Traffic I #Traffic
MA8ES 1 ights | 4SS | Jights
3-Holed BBG 106 227 45 97
Traffic | BYB 10 20 4 8
lights | ppp 30 77 13 33

Table 7 Method 2 (3 holed traffic lights) class details

Class Full name Image

BBG Green light
BYB Yellow light n
RBB Red light —

10

[

o ANE

Table 8 Method 2 (4 holed traffic lights) data details

Training Testing
Dataset | Class Images #Traffic Images #Traffic
¢ lights & lights
RBBB 42 92 18 39
BYBB 54 133 23 57
4Holed | pypp | g6 172 47 74
Traffic
lights BBBG 57 115 24 49
RBGB 27 54 11 23
BBGG 13 29 6 12

Table 9 Method 2 (4 holed traffic lights) class details

Class Full name Image
RBBB Straight stop _
Straight proceed with P
BYBB caution _

Straight stop, left turn
RYBB proceed with caution m
BBBG Straight proceed
REGRB Straight stop, left turn @ -
proceed -
Straight proceed, left ———
BBGG turn proceed m

Python®] labellmg™® 2}o] B &
9] 7+ N E o g 2haE 2 AsEn)

33k soF 2P8¥ bounding box7} {‘_E
A TRA o zH, epls Aol e HE:
At #H8¥ dolE = bounding boxe] x ‘il y #FE 2
St 23k xt gl FA oz A

4, A3} 2 uz
4.1. A A5 H7}

B ATl Ao B ks

recall, Fl—score 2

4310l A5 B/kE FAsHglon,

&3 2tk

B7¥s17] 1380 precision
mean average precision(mAP)S
olof] el 2L o}

True Positive
True Positive + Fualse Positive

()

preision(Pre) =
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Fig. 5 Training loss of six different YOLO models trained
with one classed traffic light dataset
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Fig. 6 Training loss of six different YOLO models trained
with three holed traffic lights dataset
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Fig. 7 Training loss of six different YOLO models trained
with four holed traffic lights dataset
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Table 10 Performance of YOLO models in single class
traffic light detection

predicted: green

predicted: red_left

predicted: red

predicted: yellow

Fig. 8 Method 1 (separate detection and classification)

results
o] mAPZ YeR=d wksl, A -8 A 9 GA] -] 7]
Nz 247 76.92%, 36.33%2] mAPE JERQIT) o
¥ 2do] Ayl Fig 83 2t}
4.4. Method 2: A&5 ¥ A3}

4.4.1. 37 2355

Method 29| 37 AlS5 B4 % 257 RAe] 45,
Table 129} ﬂo] YOLO vom R.&lo] 71 12 0.969]
Fl—score & 98.4%2] mAP %< HoF3ith webA 3
T A qu 2 25 e 2= YOLO vim o] A4
=t} Table 13041 18k 4= 9lzo] S mAP
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Dataset | Model | Precision | Recall | F1—Score |mAP (%)
v3 0.94 0.97 0.95 98.38
Table 12 Performance of YOLO models in 3—holed traffic
v4 0.92 0.97 0.94 98.87 lights detection
Traffic | v5s 0.93 0.99 0.96 98.03 —
lights vm 0.94 0.98 0.96 976 Dataset | Model | Precision | Recall | F1—Score |mAP (%)
v5l 0.93 0.99 0.96 97.98 v 0.97 0.94 0.95 97.03
vox | 094 | 0.99 | 097 98.18 3 Holed v | 08 |09 09 97.13
oled ] 5 0.96 0.85 0.9 91.06
Traffic
Table 11 Performance of trained classification model on lights vom 0.92 1.00 0.96 98.4
various classes v5l 0.89 0.95 0.92 95.14
5 0.98 0.97 0.98 98.25
Class Accuracy (%) X
Green 83.30 Table 13 Performance of 3—holed traffic lights detection
Green—Left 88.90 model on various classes
Red 91.67 Dataset Model Class mAP (%)
Red—Left 76.92
ed—Le 3-Holed BBG 98.40
Red—Yellow 36.33 Traffic YOLO v5m BYB 99.50
Yellow 100.00 lights RBB 97.30
12 ANSIetE S X M143, M4, 2022
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Fig. 9 Method 2 (3 holed traffic lights) detection results.
(a) BBG (green light) detection (b) BYB (yellow light)
detection (c) BBR (red light) detection
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Table 14 Performance of YOLO models in 4—holed traffic
lights detection

Dataset | Model | Precision | Recall | F1=Score | mAP (%)
v3 0.96 0.97 0.96 99.67
v4 0.88 0.99 0.93 97.93

4-Holed| 5o | 095 | 095 | 095 98.58

Traffic

lights vom 0.98 0.95 0.97 98.94
v5l1 0.95 0.97 0.96 98.86
VX 0.97 0.95 0.96 98.85

Table 15 Performance of 4—holed traffic lights detection
model on various classes

Dataset Model Class mAP (%)
RBBB 97.60
BYBB 91.60
4-Holed RYBB 99.50
Traffic YOLO vbm
lights BBBG 99.50
RBGB 93.20
BBGG 99.70
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Fig. 10 Method 2 (4 holed traffic lights) detection results.
(a) RBBB (red light) detection (b) BYBB (yellow
light) detection (¢) RYBB (red light and yellow
light) detection (d) BBBG (green light) detection
(e) RBGB (red light and left sign) detection (f)
BBGG (green light and left sign) detection
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Table 16 Evaluation duration of various models

Model (YOLO) Evaluation time (sec/frame)
v3 0.006
v4 0.013
vbs 0.010
vom 0.025
vol 0.050
V5X 0.089

Table 17 CPU and GPU usage of the trained models

Model CPU usage (%) GPU usage

(YOLO) Min Max (MB)
v3 12.3 27.1 2429
v4 11.0 26.0 3339
Vs 5.5 19.6 2653
vom 6.0 20.2 6221
vol 6.3 21.2 9853
vOX 6.9 20.9 8489

Table 18 Efficiency factor of the trained models

Dataset Model Efficiency
v3 0.71
v4 0.58
L vos 0.70
Traffic lights
vom 0.56
vhl 0.51
VvOX 0.50
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