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Abstract In this study, a multi-workpiece grasping point location method based on collaborative depth learning is
proposed to solve the problems of disorderly placement and mutual occlusion of multiple workpieces in industrial
production lines, such as missing inspection, wrong inspection, and difficult grasping point location. First, YOLOVS is
used as the basic network, and a data preprocessing module is added at the input end for angle transformation during
image enhancement. Subsequently, a feature thinning network is added to the detection layer to realize the recognition
and positioning of rotating workpieces via rotating anchor frames, and a lightweight Ghost bottleneck module is used to
replace the bottleneckCSP module in the backbone network to eliminate the increased time cost due to the secondary
positioning of the rotating anchor frames. Additionally, the fused feature maps are inputted into the attention mechanism
module to obtain the key features of the workpiece. Subsequently, the image is clipped based on each workpiece
detection frame, and the multi-workpiece detection is approximately transformed into single workpiece detection.
Finally, the center of mass of the workpiece is obtained, and the grasping point is determined by combining the rotation
angles of the detection frame. The experimental results show that the proposed method effectively solves the problem of
locating the grab points of multiple workpieces close to or occluding each other. Furthermore, the method has higher
detection speed and accuracy, which guarantees the real-time performance of multi-workpiece detection in industrial
scenes.
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Table 1 Hardware configuration and model parameters

Name Configuration Training parameter Parameter value
GPU GeForce RTX 2080ti Warmup _epochs 5.0
CPU Intel(R) Xeon(R)CPUE52680 v2 Warmup_momentum 0.95
CUDA 10.1 Learning rate 0.01
CuDNN 7.6.5 Weight decay 0.001
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Fig.9 Training loss function of improved GB-FRN-

YOLOV5 model

I YOLOVS HL A 5 g 14 46 I 3 B2, 5 Py & K
SR RS I T I R R, R A LD YOLOVS
FE Al P 28 E AT R 1Y) A B

ST B AR 3 P B ARG T R A A X E 5 R
E 10 frn o AE 10 R F H, CAD-Net Al R’Det fig #% K
DN 78 R AT 22 T A A 00 1) A7 Y G (] 80 L S {3 4
ik, B8R Gliding vertex 5 75 B AT 3¢ iy 19 ki KG B2, 0
Y 26 2 7 H R 0 AR T TR SR . LA AT L
Al 45, T #2 GB-FRN-YOLOv5 % 3 40 T Hofh H 45 46
)58 7 ARG Y R Ak B BE 1 4 2 B O T
JE Tl WA 2% 17 G 0 23K

%2 GB-FRN-YOLOVS 5 ik 15 HAt ARG 0 30 32 0 b 5 6 445 4
Table 2 Experimental result comparison of GB-FRN-YOLOVS5 algorithm and other detection algorithms

Accuracy of detection for each type of target AP /%

Detection algorithm mAP /% FPS

bolt kit bushing crossbolt buckle supportplate
YOLOV5 88.21 84.14 83.67 85.23 87.21 90.78 86. 54 65.16
CAD-Net 84.41 81.34 82.42 86. 65 86.15 91.07 85. 34 58.46
R'Det 83.65 81.24 80.13 85.25 85.33 89. 66 84.21 60. 51
Gliding vertex 87.78 85.26 84.02 86. 66 88.13 91.59 87.24 63. 26
GB-FRN-YOLOVvV5 90. 85 90. 55 90. 84 90. 82 90.79 90. 90 90.79 71.43

4.4.2 HExER I TAL 27 1) 19 2 TR PR RE RS2 T o i 36 3 4k

R TR O b X AN [ el i SR X A R 1 B Y R
M, LAY OLOVS Sk 3 il % 4% 285 ¥4 2 47 18 @S2 56, Ik
IR TRl A B | LT B, 5 21 90 2% &% k) 78 4 8 1) TR 5
PatE EHEATIOAE . 250 A 544 X 544 1 T4 K& 1), 46
M gs e 3FrR . | 315, T $2 4% etk SR ms Y

PETT 0 AR B AR FAO A mAP#®E T 15940
3 FPSIEME T 1. 21 frame/s, W 5] A FRN 1 T
AT e A S 67, R T S BE AT T s e, {H FRN A
FRM W51 B 1R DK B, 395 7 AR 2 07 ) 1A%
K @3z AL e 77 s AR C AH#E TALRL B, mAP #1751
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Fig. 10 Workpiece detection result graphs of different algorithms. (a) CAD-Net; (b) R’Det; (¢) Gliding vertex; (d) GB-FRN-YOLOv5

F 3 T [RIAE B A RE A 52

Table 3 Effect of different modules on detection performance

Models A B C D E
YOLOVS v v v

FRN v v 4 v

Data pre-processing module v v v

Ghost bottleneck v v

Attention mechanism v

86.54 88.13 88.56 88.75 90.79
65.16 63.95 63.41 72.16 71.43

mAP /%
FPS

0.43 4 H 43 &, T W 51 A B4 7 kb B BI B AT 25 T
Gz RS B (R T s BERY D A FRERL CL,FPS & T
8.75 frame/s, & B 3@ 1f Ghost bottleneck 5 Bt 5
bottleneckCSP &5 | i) 46 F+ 1 A6 I 38 JiE , 2 B AR

T SR RN T A JL A S e BT 8 FE 1 R )RR AR, GRAIE T
Tl AR 7 I K £ 22 T A 1 SR R T 5 B B E A A TR
AD, mAPIER T 2. 04 N EH 0, KA AWERES
ML 190 265 6 400 11 G FH A AE , B SR (o A6 00 1) A BT 388
ERAT =Rl T

PEL 1T SR 350 40 A 45 SR o L T . &L 11 () S A58 2
DRI &SRB, T LLE W, B RA H 628 T /&
15 B 30 A 5 (81 11 () SRy 57 E 4G 25 SR 1B, n] LR
W 6 288 TR 35 ol o A RGN L R S A T AR T, R
SIATE R JIHLE A 25 F 3k G FAH 25 T i HAS FN Uh
R 00 o 5 TH Rl S 56 245 SR 3R W T 42 4% e A e ot
T A 1 i B A 00N R RN R R X A T R T RE S AR 4
HF bR Tl A==
4.4.3 TTATHES M

BB 4G I 25 ST AR & 12 B B8 12(a) L (b)
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Fig. 11 Comparison of two models. (a) Test plots of model D; (b) test plots of model E

kit (.81

bolt 0.86

crossbolt ()

supportplate 0.8

b crossbolt (.95

supportplate 0.91

BI12 280K I 7 ik 80T 7 B . () (b) YOLOVS Kl B K EHR Y 5 (¢) (d) GB-FRN-YOLOVS #5118 K P8 {5 % 55
Fig. 12 Cropping schematic of two detection methods. (a) (b) Detection map and image cropping of YOLOV5;

() (d) detection map and image cropping of GB-FRN-YOLOvV5
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B o T 12 (o) o P T % A I HE | AR 2 0 5 1 T4
() 5 B ) ERE 22 B AR AR i 1 12(d) b RS R R
(b)

AT, B AR R XN, W T 1 SR X
PG Ak 2 A v S, 2 0 1 SRR O B RO

20 A D PRI AR BT, DL T AR AR Ry ], % B T A
Pl 158 5 PR AL SR UG ad e I 13 B o e,
K13 Ce) (D) 2 “AE AL BUR (15 5 o 8 IR SR HUSG
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s MDA A B ATUIR A B S AT &

P13 EHGRAR SR ICC AR B o (a) 5L 5 (b) BBEAL ; (o) FRARIE D 5 (d) —ARAL 5 (o) TBEARIR ; (D B0 SR IR

Fig. 13 TImage processing to obtain workpiece centroid. (a) Original image; (b) grayscale; (c) median filtering; (d) binarization;

(e) inversion of binarization; (f) centroid calculation
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