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Anti-crash Detection of Container Truck Head Based on Improved YOLOv3
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Abstract: In the process of automated crane operations for port containers, the detection of container truck heads is an
indispensable link. To solve the problem of low efficiency by manuhl confirmation and high costs and complex systems
by the laser scanning method, this study proposes an algerithm based on video images of operation scenes and deep
learning for target detection of container truck heads. Specifically, upon the construction of a sample data set of container
truck heads, the DCTH-YOLOv3 detection model is used, and sample training is performed through the method of model
migration learning. The DCTH-YOLOvV3 model is an improved YOLOv3 model proposed in this study. The algorithm
improves the FPN structure of YOLOV3 and proposes a new feature pyramid structure—AF_FPN. During the fusion of
higher- and lower-order features, the AFF module with the attention mechanism is introduced to focus on effective
features and suppress interference noise, which increases the accuracy of detection. In addition, the metric CloU loss is
used to replace L2 loss to provide more accurate boundary box change information and further improve the model
detection accuracy. The experimental results indicate that the detection rate of DCTH-YOLOV3 can reach 46 fps on
GTX1080TI, which is only 3 fps lower than that of YOLOV3. The detection accuracy can reach AP 50.9974 and AP, 0.4897,
in which AP ¢ is 16.4% higher than that of YOLOv3. Compared with the YOLOV3 algorithm, the proposed algorithm has

higher accuracy and can better meet the requirements of automatic operations for high accuracy and fast identification in
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the anti-collision detection of container trucks.

Key words: computer vision; detection of container truck head; deep learning; DCTH-YOLOV3; intelligent manufacturing;

object detection
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Iy 1.61 MB 288 DL FEAC T 3 fps Al fE, 1H M
LR RAG RS FEHE T 16.4%. K CloU J5 A1 AF-FPN 43
AEIN YOLOV3 M4 2 )5, APy o YA ASFFE L (1) 42
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i EN RSN

T+, Horh CloU loss 4 2% iR R B 20T 28 I 2k 07
2, BRI AN 22 25 X 45 5 SR AT AN A7 48, I35 1Y) 45 )
IR FE, A X 45 2% =) B TE 4 (R B 2240, B2 (1) 240
SRR E 5 YOLOV3 % —FE4 A 234.89 MB
H1 49 fps. BHLTH E L 58 AT LAUE B, 7E YOLOV3 M4
5]\ CloU loss $#1%k b $UF1 AF-FPN 454, B8 A 3t
P2 1y IO 285 P ARG WA B2, %o TN ARE [ U= K 32 P 38 By
WK, 54k, 7E N AksEE i DCTH-YOLOV3 1) APy s
ik 99.74%, RAEHIN T YOLOV3 T T 0.24%, HiX
i FEE A2 LA A A SCI ARG IIAT: 55, DL b6 9 A Xof bt Jee o gk
— BRI

HiE—FE B DCTH-YOLOV3 M4 fIPERE, 4
HM2% 5 YOLOv4 Al YOLOVS BEAT SZE6 %t bL, i b 4h

Ringe 3 BRI REXT PR, AHR IR AT, YIS |

P USRI — RER VI 4577 7, BRSO B R 1 —
FL 1% 3 T LA th, DCTH-YOLOY3 [ 44111 5% i
FIRFE B YOLOVS X @IMHI T 58.38 MB A
T 10 fps, {A7ETAZGHE 4 E DCTH-YOLOV3 1) APy,
b YOLOVS 5 2.71%, H YOLOV4 [ 15.64%.

) g8zSrad

-
m
<
]
N
@
&

R3O OBAVEREXS L

Jii2: APys APy KPS (fps) ZSHE = (MB)
YOLOV3 0.9998 0.3257 49 234.89
YOLOv4 0.997 0.3333 41 244.16
YOLOV5 0.9999 0.4826 56 178.12

DCTH-YOLOv3 0.9974 0.4897 46 236.50

3 4b, E S T R A B, S04
YOLOv3 M4 Hl DCTH-YOLOV3 /48 %f % 4> sz FrfE
37 S REAT R KR 1 P 8 s, L b 5
RV H FIR . MR, PSR BN,
YOLOV3 [ 8 TR R AIFEL8(a) s, B4R Sk o
54 TE B R B, L HE £ 5 A % L L
D,C”RH—Y(}LOV3 T 2 TR 20 SR ) 8() s, 7E B

o RN, SRR 7R S A (S IR v AR,

FORTIAE R [0, Lhanre B 8 FI5E 1 AN gseh,
HRT LAE B 8(b) HH I I B4 R A SK TRIUAE LL ] 8(a)
) SR I B SE PR Sk I RSE . RANE S 3 AN RIS
4 N5, A48 DCTH-YOLOv3 P48 IERa I 1
£ NSNS N = R

(b) DCTH-YOLOV3 %5

8 AR P

A 3R Sz R0 AT A AR B A 4 R L, 4R R
2 YA CHRE Y DCTH-YOLOV3 532 R Y L 4846 1)
R B AU B R B R R SRR A X R
% 35 JE B R 4 Sk B A R I R G xR R A Sk R T
AL ST AR I P 2 SR, Dy B 24 F I A R SR 2 it T A
(R EiR

3

B0t 4 R 2 Sk B RIAS U BIF 9 AN 2 B AT AE 1 0] AR,
AT T R YOLOV3 SN TR 43k
o7 WlAS . 7 55 2t YOLOV3 f FPN 45, 7E 4Lt
A I NERE FIHUE, A RURAE, HIH] TP A,
Pt 1 AT AR IIDRE FE, G R e FOUINAE (1 45 2K R 4, 2
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