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Visual location and detection method of crankshaft bearing cap feeding
robot based on attention mechanism
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2. School of Computing and Electrical Engineering, Hunan University of Arts and Science, Changde 415000, China;
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Abstract: To solve the problem of low efficiency and error prone of manual feeding of the crankshaft bearing caps (CBCs), the visual
location and detection method of CBC feeding robot based on attention mechanism is studied to realize automatic feeding. Aiming at the
unapparent image features, the attention mechanism is introduced into the feature extraction network of Faster R-CNN to map the weights
of the CBC image at different positions to the feature channel, so that the deep learning model can pay more attention to the edge and
center semantic information of the CBC. To further improve the location accuracy, this paper also improves the candidate box generation
method and loss function. Experiment results show that compared with those of traditional machine learning methods and classic deep
learning target detection models, the detection speed of this method reaches 0. 419s, the location accuracies are the best (10U and GIOU
are 0. 941 3 and 0.940 9, respectively). In addition, the proposed method possesses good robustness. On site test shows that the
success rate for the method guide the feeding robot to grasp and place the CBCs reaches 95. 14% , which improves the efficiency of the
engine assembly line.
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Fig. 1  Automobile engine crankshaft bearing caps
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Table 1 Feature extraction model parameters

R 2% = Hy AR/ BN LD AN
CONVI1_1 1x1 000x600 3x3 64x1 000x600
CONV1_2 64x1 000x600 3%3 64x1 000x600
CONV2_1 64x500%300 3x3 128x500x300
CONV2_2 128%x500%300 3x3 128%x500%300
CONV3_1 128x500%300 3x3 256%250%150
CONV3_2 256x250x150 3x3 256x250%x150
CONV3_3 256x250x150 3x3 256%250%150
CONV4_1 256%x125x75 3x3 512x125%75
CONV4_2 512x125x75 3x3 512x125%75
CONV4_3 512x125x75 3x3 512x125%75

GP1 512x125x75 2x2 512x62x37
FC4 1 174 528%x1x1 1x1 4 096x1x1

ATTI 4 096x1x1 1x1 512x1x1
CONVS5_1 512x62x37 3x3 512x62x37
CONV5_2 512x62x37 3%x3 512x62x37
CONV5_3 512x62x37 3x3 512x62x37

GpP2 512x62x37 2%x2 512x31x18
FC5 285 696x1x1 1x1 4 096x1x1
ATT2 4 096x1x1 1x1 S512x1x1

FC6 1174 528x1x1 1x1 4 096x1x1
FC7 4 096x1x1 1x1 4 096x1x1
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Fig.2 The improved Faster R-CNN based on attention mechanism
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Fig.3  Attention network structure
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Fig. 4 Candidate box generation schematic diagram
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SKERE), H AR B AE AR, XA SCH R,
RPN Az A A 16 AfE %) 2k 2 G 82 X 4 41 i gl BC 55 B s A
TEHERE AL, I L Z A BEAE H A 4T il il FC 55 20 508 ¢
B a2, HASCXE RPN I Fast R-CNN A9 432 A 1] 15
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FUAY T2 & U0 T : Tensorflowl. 8. 0, Ubuntu 16. 04, Intel ®
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192 GB N 7f, CUDA FI CUDNN F4 Jit A 23 51}y 9.0 FiI
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R4 40 5K A1 60 5K, 4 FhSLRIREARGIE 5 iR,

(a) IEI] B3
(b) Reverse CBC

(a) TE 0 B
(a) Forward CBC

(c) MR 4HR BL 72 (d) W PL
(c) The CBC in wrong order (d) Occluded CBC

K5 4 FLaE e
Fig.5 Four types of the CBCs
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Fig. 6 Visual results of the detection
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Table 2 Detection result index

Jrik: IEMHERR  IERA AR SRR S A R

AL 0.990 0 0.990 0 0.990 0 0.990 0
Faster R-CNN  0.990 0 0.990 0 0.990 0 0.990 0
SCHK[4-5] 0. 666 7 0. 600 0 0.5813 0.683 5

2.3 EMIHBE

AICRH 10U Fl GIOU & f WAl A SC Y 2 AP fig
AR SCARASCRS i H AR A AR 5 28 B ) B A Y% B > A A
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TR (PR R EEE 1) (fE CONV4_3 1 CONV5_3
JE RS R B I ALE (FR o 2 ROE ) 1 Aok B
ENZERUNGE 3 iR,

®3I THEY REMKBE

Table 3 Location accuracy without data augmentation

VRS 10U GIOU
Tei: B IIHLH 0.929 2 0.928 4
R BEEE 0.9380 0.937 6
ZREEEN 0.938 9 0.938 4
Faster R-CNN 0.920 5 0.920 1
SSD 0.913 6 0.9129
YOLO 0.891 4 0.891 1
YOLOV3 0.925 6 0.9252
Harr +ADABOOST 0.824 8 0.8239
Hog + SVM 0.8713 0.870 9
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BN EE RIS ARSCO)y RIA 5 B < R FE L+ )
K28 MR 2 )77 Harr+ ADABOOST H1 Hog+SVM i
TXF . 43 315% H Harr F1 Hog H2 BB 4R 1E , 9K J5 43
SINZRor2edn . G55 R AR SO & A FE AR T X
P52,
2.4 HIEY X EMEENZRE

B2 il P 5 2 O R B S R 100 5K 5
LA BIAH LA AR B -r, h i, A SCGE a %o i
B 180° K HA 7 H] 200 5K, SRS, Hedi 0. 2 1 L BEAIL
K153 AR F T 04 TG e BR 7 30 LA AT 43
YIRS . ¥ 725 MY 2R 50 UE 5 At 42
3N 562 242 F1 202, HAM AR tnge 4 Fis

FIHY 5 RS, TR I 2R T 4R K )
IRAEE AR B g RNk 5 i, 533 H
Fb , 7 75 B2 i b BC 55 2H PN SR IO REAS | AR S s o7
WA —E T, H A ASE Y 5 (o RS B AR B 48 T, (H
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SCEE R R AR AR e AR, BEAR YT 5E, X Harr +
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Table 4 Dataset distribution
451 Pl ISIELE MRAE
e 2 il B 25 1 ) 117 49 50
# 20 ith il B 5 S ) 155 80 55
1%l U SR 2H NDUT 5 122 41 37
PR PR 168 72 60
Rt 562 242 202
x5 BETREEMBEE
Table 5 Location accuracy after data augmentation
itk 10U GIOU AT
T =L 0.936 9 0.936 4 1
HR B 0.940 1 0.939 6 1
Z R 0.941 3 0.940 9 1
Faster R-CNN 0.923 8 0.923 0 1
SSD 0.918 5 0.917 7 1
YOLO 0.897 7 0.895 3 1
YOLOv3 0.930 7 0.930 5 1
Harr +ADABOOST 0.824 8 0.8239 -
Hog + SVM 0.8713 0.870 9 -

2.5 EiERsatE

2 6 FTR MR SCHA P 5 20 L RS AG I I B 2 ) B 7Y
IR ] FRII ] A& GERLAR 27 20 O ik 1B 47 I [R]
BRSO IR A 8 3~ 4 1%, RS AR T A B I 2
27 AR SO S 2R ) A B X e ] AT K, H
SRR 22 DI TN AR R O RERT A SCHR AR oy
PR B b A5 Y | 5 B B AG: U ASE Y (4 YOLO ) AH
Fb, T AE RS AT 2 PR B B ) A 0 A 7R g 1A () 8, 5%
BRI SR, A AR SO vk B e 0 e ) A TR B 2 )
J7 i B, K24 B B I ASE R o RE B /N Y
YOLO i ast[a] (4 1.5 4%, 45 b [ 2 P 9 BEAG: I 452 784 )
Faster RCNN £ 0.01 s, H7E 0.5 s Z N, AR HLES A
AR RS Bl ITUBCAE Sh VR RE RS B ZE LR 2=+ LRD Ok
Ui, AT AT Z W B 2 N, B S e ARG
2.6 HiEmewtk

SEBRAY TS FH b i T B R 8 1 A8 Ak % A K
IS AT 5 A0, 28 U il B0 55 G b rT BE 4 Hh g
PR DT AL 5 6 RS Xl 8 I ) 22 B AR b 55
T, U R A B il RO 25 B AL T ik i s
B, E VR BE R TRYI ZRisE 3 i T W, HR S T RS pR

6 Y KR iE
Table 6 Training and testing time

WiReS YIRS/ s BRI ]/
ES'@ 3 13 822 0.419
Faster R-CNN 12 915 0. 408
SSD 4 968 0.277
YOLO 3 694 0.225
YOLOv3 5177 0.253
Harr+ADABOOST 22 360 1. 415
Hog+SVM 12 1.546

A 7 R R A T I T W M R T L IE AR SO A Y
EERE RSO AT BAEAE TR BRI T 51 5K BRUR b
BLE A 2L 58 55 AN 5] {5 24308 Lb 4 i B3 4% 1 % 47 A g
P, SR MR L AR F IR 0. 1 A ARUER R 7 RN 45 (i
S0 T2k 0,02 [ A 55 MR P 2 A ARGER LE B
0. 05 HYARERIE S FIEI(E N 0 )5 224 0. 01 fY 7 i Mg 7
FE B SEAh b Bl i AR S RE A i B Bl [R] s A IR R R e A
SRR | B PR Tl A 7= T BE 2 AR O B

FRE BT MG REAS | 2% A B 22 Ji I S5 e o A5 780 v o
BOVEAR 2 L M RE . 5 22 F A S AR T AT AR AR Y
10U 1 GIOU 1E Ay iy 2 52 AvoKG B AR . 45 10 IRSEEF-
IS B JFREAS G Jin g %) PG RN R 58 B 1) TR 1
Mg RmE 7 Mk 7 oo, BT B 1T NAERS R
PRER M FEAEAS (REAS— ) | TR P AR AR (FEAS =) ARER +
P TR R AR (FEAR =) JEREAR L RRAS (REA D) FiG AR
R+ E TR PR RE A (R4 ) S 2 ITVE RN b
IREEAR G IO 1 5 {7 45

RT WMFHTE
Table 7 Anti-interference experiment
o GIOU k%
Y 10U Glou __
4 He/ %
FaaE R 0.9413 0.9409 -
BRI (55) 0.9246 0.924 4 1.65
PRUER 75 (58) 0.9185 0.9182  2.27
TR TR (55) 0.9363 0.936 1 0.48
TR TR (58 0.9321 0.9319 0.90
PRUERIRFS (55) + =0 (59)  0.9244 0.924 4 1. 65
PCER IR 75 (5R) + =T (3%)  0.916 9 0.916 6 2.43
Rk 0.9182 0.917 8 2.31
S AR AL AR MR (55 )+
L 0.9034 0.903 3 3.76
Wil (55)
S HEAE AL+ AR M () + 1
0.8973 0.8968  4.41

g ()
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Fig. 7 Visual results of anti-interference experiment

7 AR 7 RIAL, BORAT TR A6 R, 5 R
PRI A AR Ab 235 | 2 0 K B — 2 10 R [, (ELR A5 4%
P N Dl P b N M s SO e ) | LS
PO IR A MR S A 2 RTINS A R vh | 08 X
BB PR N GRREA ST A Y FE LS LR |, E 7Y
K EE (GIOU) 2R fbf Z AN B % 4. 41% , I A SORR
TR LA g ) A o 1

ROk A SO v 5 H At 28 i B ARG I Y% B 2 > A5
AU A B PE X 51 A G RR AR fb +HUER M 75 + iy 07 e
FAET MBI, A S5 T A SO B 548 HiR
IR FE 2 S B A 28 10 WS, 15 311 M s 2R 58 T 72
SENDREFE N 8 7R, AN SCHRE S B vk AE M s 2 A T AT
SRPH A I = 1 A OKS B, T H FasterR-CNN | SSD Al
YOLOv3 7 AR 0 T 14 78 K BE AR T B i G ) 5
oK B, LR AR B K T A SCH i O ik Ak,
YOLO # & — KRR Be T A H xR

RS SHMEBMSHMEXL

Table 8 Comparison of robustness with other models

. Mg Baps  GIOU FR#

Jrik JRI0U SR GI0U 10U GIOU  H4rb/%
A 0.9413  0.9409 0.8973 0.8968  4.41
Faster R-CNN 0.9238 0.9230 0.8742 0.8740  4.90
SSD 0.9185 0.9177 0.8573 0.8569  6.08
YOLO 0.8977 0.8953 0 0 89.53
YOLOvZ  0.9307 0.9305 0.8814 0.8812  4.93

3 ETHRESISHHAMES ERISEA

M FL 36 FARLES A DL M-20iA &R IRRESBHALES A
RIFAL FEH T B N gE T LED SGIR PR N
1 598%1 550 A4 HRE TR AL Tl A HL AN A s FRA T HLAY . K iy
PATHUR R PRI, il e %o AR B A B2 ity
i PC 3 B MR A BT AL B AR 8 S IR I 25 2 | 51 LA
A8l B iz A il LS A A e . Al L RS
RLER AR B I 8 iR, %o i Al L 55 A B
B HTAERRBRIT

1) e serp Sk b O 5

s FEL A TR T ST P AG ) A 7 2 B s B O, n 2R
K2 A7 AR RHE , FRIILES A B4 ST A B & B 5

HIHL
PLESANFH

AREHHATHLH
il 4l B 2
W

K8 ATURAEL A A ERHLAS A

Fig. 8 Feeding robot in grasping operation
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Fig. 9 Feeding robot workflow
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ARG RG FERER IR AR . 0 A2 2k b — 2 0 it
BEPCH RE (JE3F 144 IR, 20 3 2 B0 Bt
77 TAFE AT W E SR A 4H—
f ol P 2 21 1) 2 1) A7 B 5 4 R 2034 B 2 —Hh
b B 3 2 1) V- T A A p SCHR [ 4- 5] T 15 3R AT IR
SR I TSG04 11 2 {5 C 2H— i A P 3 2 19 — 2
ST AR A F AR SCT IR T 1 AR TR A R R S A
SE 14 [ 5 {1

SER L BR T C 3 LR A S PAT LA HTCR
Tl RC R 0 BRI A 3 A 53 ST T AU it ol B =5
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I, SRR S B B b B 3 A9 SRR, DL, XU
KA E L FRVFAFAE— 58 B 2 o (ELIR, 5 7 9 fi 2 X
oty FC T 2 A RE VA T B AR S R B B RS2 IR AR

BT L, BIVE BE A R Eh A PTUEL , oA — 2 E VA B 1Ky i g FU
SRR B A E, AR, — RIS i
I14) FH Bl P 55 2 BB 8 X ) 256 BC 7 &2 sh AL b Xt Ry Ao ' Ry o
WA SC Y LB 3 LR
BT = T AU A e (9)
e o Piaw, i T i BU 35 26 6 BHAE v A0 S T 7
SRR, n B R IR AL, SCHR[4-51 1907
VETETCHERE I B R T 99% |, {H R 04 S ERY I, L,
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Table 9 Guide performance comparison

DRI SEses URBIIR S ACE IR B R/ %

AH 144 107 86 59.72

B 144 130 128 88. 80

C4H 144 139 137 95. 14
4 45 it

ASCWIFE T AT HE R LT Y i PL =5 ERHL AR A
BEE LR 7% . 7F Faster R-CNN B 5| AR
IR A I A A B G 2% o] H AR I ARAE . 78 LAl
b PRV PRER ST GIOU F1eiath 1 48 2R 4 S AE 1)
KN 2B i 1 L BORE RE L BV £ R R Y 15
BB PRE ERG L E L, TR AR SR A AR R X
P OGRS AT B S PR, RER L M 1V PR T Y
Ak AT B R N
SEERR T, i TORHE o TR E AR RS 2
BE8 ittty FC o 4L A R B R A AR A X I SR ) AR
SE A A8 LA TR o B8 15 5 Al B 5 o bL s A TR ik
FUi B AELLI 2R, TR ZemWt o b e A J7 1%
LR b WFFE LT 3D A Y 515 05 12, S I 2 it A
FUAEZS TA] A sy B A2 AT — 2 i s ORE A B
BYIE S
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