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Abstract: In order to solve the problems of low work efficiency and safety caused by the inability of human eyes to
accurately determine the position of the grab during the loading and unloading of dry bulk cargo by portal crane, a
method of grab detection based on deep learning is proposed for the first time. The improved deep convolution
neural network (YOLOv3-tiny) is used to train and test on the data set of grab, and then to learn its internal feature
representation. The experimental results show that the detection method based on deep learning can achieve a
detection speed of 45 frames per second and a recall rate of 95.78%. It can meet the real-time and accuracy of de-
tection, and improve the safety and efficiency of work in the industrial field.
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Fig. 5 The network structure of the improved YOLOv3-tiny algorithm

200062-5



JEETHE  https://doi.org/10.12086/0ee.2021.200062

@ Camera

/\ Grab

[ s

B 6 IR-fix B
Fig. 6 Position detection of grab
4) PiBE T, MR Bw2, IR, sk
Y L T2 2R Bk R
5) XIGHRGR R BRI BE B
WRAE LI 2RI L5 G P s L £ 7 AL S
DS-2CD3T56WD-I8 [ M Z5 515 .

4.2 HBUREHIE

ASEEG R B AR VR vOC2007 4820 1 SGiH
I EBEAES HRHE S R A T LB R A A, 4R
J5 T # A Free Video to JPG Converter B 47
Wit A S Y 25 A Il P8 e bR AR
Labellmg X AirA7 KU EATHR 1, WIE] 8 Fian, BE%E4s
MG B SCEAEAE A, MM AL xml A& =X
30 o JH python &K AR S50 1 8] 1 43 Ml 28R
3230 SKANPILLE 900 5KIFLA xt A% ATIRAF, Bl
PRI darknet PR B IAAS SO Z iR xml A5
TS TIH— AL RA R e A%, R

B8 IFuyhriz
Fig. 8 The annotation of grab

B7 A

Fig. 7 Crane arm

P BRENRAE, 2, SEM AR E R

4.3 LIFERMEHIIZ
4.3.1 LBFE

ARSZHT ] Intel(R) Core(TM) i9-9900X CPU @
3.50 GHzx20 Kb FE#R , 7E Ubuntu16.04 #4/E R4t F AT,
H TR mBAE R, 4RIIZC, A NVIDIA
GeForce RTX 2080 {2 K—7k , CUDA 10.0.130, CUDNN
7.5.0 XA TIZEINE . FEATL il AR EE 2 )
HEZL Ay darknet, 454 C. C++. python #ifif 5 LA K
Opencv Fll gee JAE 58 AR 10 45 S T
4.3.2 P4 EIIZ:

T# YOLO ‘™ | YOLOv3-tiny FUALHE , #HCAT
15 JZAF A IS M4 I AR, AR5 3 T el s
() 9 2 el PN R Bt 2 h i I i A Tl . o, ik
AT ST ISR R B e A S5 5050
rhoR EE L AR R A A 3 i (4 /NI B R ML B T B3R
B, WG SEBE R 1 PR,

EARUEINT 1000 1], 27 2] FA 0 TR Bl 1£4T
U IE e K, HREAIREGEE] 1000 B,
2P AEINE] 0.001, S TAFRIELFAISIER, Z )5k
FHFE T AR 2 ] R, ARSI T B kARG
1| 40000 YK A1 45000 YR, 22 2853 224 0.0001
F110.00001, & 1 FAYBERS FAEE . RIS . BB DI
P BRI RSE, APRAEREZIGHEA; $13)
VR — R ot B, s AL 8 5 = Lo i
TG I R A A R R A G
M2 )G, REEERLZ RN SR 07 S R A

FRNCE S & 3

Table 1 The table of network parameter

284 S HAVE RN FhE

IR BERMBE IR

BOLhR @l BT

ZHUE 0.001 50000 60 0.9

0.0005 3 1.5 1.5 0.1 0.3

200062-6



JEETHE  https://doi.org/10.12086/0ee.2021.200062

ko FRIESA TWH/NEAEES, B —HRH ains)
B RSF-38 00 B AS /NI 43 S 264 7 i 1) A5 4%

e GRid B, AR A7 T SRIE A TR R I 25 H &
FFARYE H A5 B WA R ZE o S22k DL B34 58
IF OBl AR B 3 AR A th & o an &l 9 [
10 7

MIE 9 Hrf LIE S, ERREAE 20000 Z FTHYIX
23 (ST 7 S iy Sl R =R PR AW S ok Y IS
Mo T P28 ; 4355 50000 RiEfCH, 50 EFE3)
0.007, XFHIAERZS, ME 10 hrfLIE L, FH5C
JFLEM 0.15 Bt Rl AR 3 bR 48 i, 1500
BRI HER R TEREZ P2 55 43510 40000 UG, F
YA T 0.95 BT IT3) .

4.4 IMHEMARB 3T EL SR8 R LER D4R

N T SRR S R 28 R A R TR AL
SRS APERE o A SCHE e T T UASBERL Y RT L SER
¥4 J5 YOLOV3-tiny PIZE BRI Ry 5206 —; 3.1 HinA
25 (] 4 o M T b B B JS 2 B T i 44
YOLOV3-tiny-SPP, K HAFE R S256 5 7E5050 — M 48 4
TURFERE_F A 3.2 o 4 AN REFGFREL G ) I 45 45

0.5

|:Avg_|oss
0.4
0.3
2
S
0.2
0.1
aladd "
0'00 1 2 3 4 5

Batches/10*

B9 FHHRATH L

Fig. 9 The changing curve of average loss

Y, 544 YOLOv3-tiny-group, W HAE AL —; 4
SCEHEY YOLOV3-tiny B 4% A YOLOV3-tiny-new,
P HAE RSB . PUAS SRS EAR R TN ZREE T
Y1k, AHFEAIEE B, TR mAP EHAYTT
IR Pascal VOC2007 FYTTHEFRE, B IOU {E L&
0.5 WAIIHAZE R, YA BOIHE 5 ELSHE ) 58
IFHRTAT 509%0T, MLPCECIESS, Ak rm
SLRIERAY, BD To, A0 11 FTR CHerh g (o ey 252
HE , L A HE Jhy DT FC LE A 1) TROIARE ) 75 DUV HH DA A 9T
SRIEABRAY, B Fe, G0 12 FrR G ig (e S
HE,  ETEHE by DT LR 5% 1 TRIUAE)

DU S BT A AR A ) 25 N & 13 B

R 25 SR TSI ASHI (4 K5 8 % (precision, P)
PAR A % (recall, R), AKX

P=T,/(T,+F) , (4)
R=T,/(T,+F,) - ()

o P SR A BRI e ke M-l

PUAS SIS IR GE 48 SR N 3% 2 B .

MR 2 SR S5 R AT, B2 g A R
YOLOV3-tiny-SPP XHICHEIATHE A% . A ML) &
mAP {H#RE 5T YOLOv3-tiny, {HINCAE (14 I XA 1]

1.0
0.9+
0.8+
0.7 |,
0.6
0.5
0.4
0.3 R
0.2)— Region avg loU|
01 0 1 2 3 4 5
Batches/10*

B 10 F¥HRIFFrh Rk
Fig. 10 The changing curve of average IOU

10U

A 11 EAIRF
Fig. 11 The correct grab

B 12 AR
Fig. 12 The false grab

200062-7



JEETHE  https://doi.org/10.12086/0ee.2021.200062

WIS T 0.779 s, VEWITE YOLO A& 2RI ALY SPP 45
e S e TR R R, (HIRIE AR T
A LATEFE. N 2 HIBTT LU S 28 0 25 A5 70
YOLOv3-tiny-group X§ I 3} & Wl /9 & #f K kb
YOLOv3-tiny-SPP HEAUSE S 1 1.51%, HPIRHER T
11.11%, mAP {H1E5E T 9.68%, Mt al# 5 0.971 s,
VG Y 2 P s A 4 A SR R 22 2H IR 0 4%
B . 0 RN T8 0 iR i TR T AL A
WEREE, BRAC T IR O KA . B R 2 5 AR
YOLOv3-tiny-new AH L T YOLOv3-tiny-group H
Z T 4 FURIRHERLS 730, (AR 2 S0 2s
RATLIES], K. BREA mAP {HIYmE T M4
iR YOLOV3-tiny-group HYMIRZE SR, It ajds 2
HHZE 6ms, VHZEINZ S mZZEELEMPAS 3x3
)23 SRR LERF i BER AR | N> S8 1 )
B KA S 5 IR R A B B R AR, B2
T AT ARSI

I IHCHEL R E 2eh:, thanuiei| . K
SRR SRR BRISCR, BT LA BLE 24
R ] LAHESZ ), AR X TR A 17 00 BSR4
RIURAG LG ) HE B, PR Ry 3 Ao R BT G 1 Sz e
PrEAF BTSSRI TEH . B sh 3 E . X ss
B—. T =L PURYIIERZER, KEEIIA4E B
YOG 4% YOLOV3-tiny-new ZEARAE, Ttk

%2 ZihsERstik

Table 2 Comparison table of experimental results

Model Precision/% Recall/%  Time/s  mAP/%
YOLOv3-tiny 93.64 78.56 5.203 78.57
YOLOv3-tiny-SPP 97.91 83.33 5.982 86.03
YOLOV3-tiny-group 99.42 94.44 6.953 95.71
YOLOV3-tiny-new 100 95.78 6.959 96.25

== False positive
== True positive
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Fig. 13 Detection results

Grab detection number
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Table 3 Comparison table of performance

Model FPS mAP/%
YOLOv3-tiny 66 78.57
YOLOV3 23 94.91
YOLOV3-tiny-new 45 96.25
Faster RCNN 0.2 97.31

B 14 IR
Fig. 14 The test of grab video
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The detection method for grab of portal
crane based on deep learning
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The correct grab

Overview: In recent years, with the vigorous development of the port industry, the port throughput is increasing, and
the demand for loading and unloading dry bulk cargo is also increasing. At present, the method adopted is mainly
man-made operation. The driver sits in the cab of the gantry crane, and observes whether the grab reaches the proper
position to grab or release the dry bulk by naked eyes, and judges when to lower or raise the steel wire rope on the grab.
Then there will be the following problems: first, because the human eyes are far away from the goods, the wire rope is
easy to be over released when the driver releases the grab. A few seconds are wasted in one operation cycle, and a lot of
time is wasted and a lot of idle work is produced in multiple operation cycles. Second, the driver's long-term operation
will lead to eyestrain, which will lead to misjudgment and over the release. It is not conducive to the development of the
enterprise, because, in addition to time-consuming and labor-consuming, it will increase the input cost of the company.
So how to accurately detect the position of grab and make it more efficient to load and unload cargo has become an ur-
gent problem for the port industry. In order to solve the problems of low work efficiency and safety caused by the ina-
bility of human eyes to accurately determine the position of the grab during the loading and unloading of dry bulk cargo
by portal crane, a method of grab detection based on deep learning is proposed for the first time. The improved deep
convolution neural network (YOLOvV3-tiny) is used to train and test on the data set of grab, and then to learn its internal
feature representation. The experimental results show that the detection method based on deep learning can achieve a
detection speed of 45 frames per second, a recall rate of 95.78%, and a false detection rate of 0. Although the accuracy of
detection is lower than Faster RCNN, the detection speed is 225 times faster than Faster RCNN. Compared with the
original model YOLOv3-tiny, the detection speed of the improved network model in this paper is slightly reduced, but
the detection accuracy has been greatly improved. Through the contrast test, we can see that the YOLOv3 network
model is not as good as the improved network in the two indicators of mAP and FPS. Therefore, for the real-time detec-
tion task of gantry crane grab, the improved model in this paper performs better. It can meet the real-time and accuracy
of detection, and improve the safety and efficiency of work in the industrial field.
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