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Grasp method for occlusion method by fusing improved
YOLO with semantic segmentation
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(School of Electrical Engineering and Automation, Fuzhou University, Fuzhou 350108, China)

Abstract: For the problem of occlusion interference in robot grasping of occluded targets, an improved YOLO-CA-SD and semantic
segmentation occluded target detection model and grasping method are proposed to complete the grasping when multiple targets and non-
target objects occlude and interfere with each other. Firstly, the model adds a coordinate attention to YOLOvSI, considers the problem of
detection frame matching direction based on the loss function, adds angle information between frames, and detects the original model
decoupling is partially performed to reduce information loss caused by coupling. Secondly, an improved DeeplabV3+ target segmentation
model was proposed. The original DeeplabV3+ backbone network was replaced by MobileNetV2 to reduce the model complexity. A CA
module was added to the Atrous Spatial Pyramid Pooling structure to fuse pixel coordinate information to improve segmentation accuracy
and solve the occlusion interference problem. Finally, the end rotation angle of the target poses relative to the template pose and the
optimal grasping point are obtained by point cloud registration. The performance test is carried out on the self-built 2 750 commonly used
tool occlusion data set. The experimental results show that the improved model improves the detection accuracy by 0. 052%, 0.968% ,
6.000%, and 7.400% on mAP@0.5, mAP@0.5:0. 95, 60% target object occlusion rate and 60% non-target object occlusion rate
datasets. The improved semantic segmentation model on this basis improves the segmentation speed and MIOU by 33. 45% and 0. 625% ,
and the ABB IRB1200 robotic arm is used to realize the experiments on the grasping of obscured targets, which verified the feasibility
and practicality of the method.
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Table 2 Comparison of experimental results of non-target

object occlusion detection under different models

) Toose Tios Toos

A/ % A/ % A/ %
YOLOvS1 94. 60 92. 40 86. 60
YOLO-CA 98. 40 94. 80 92. 00
YOLO-CA-S 98. 60 95.20 91. 60
YOLO-CA-SD 95. 60 95. 60 94. 00
YOLOv7 94.40 90. 60 86. 80

2 2 A1, YOLO-CA-SD 74 H bRk 60% it 4
ZMERAE FUERAE A [t YOLO-CA-S #2155 2. 40% , L1 Jifs
RIPLES 7. 40% , X HOJFEARARY K2 YOLOv7 , YOLO-CA-SD 7
A H BRSPS A B2 A0 22 5 bR 4 A P4 ARG RS B A
FrEE T, #E— 25 E B YOLO-CA-SD AR % 5L 2% X 25 %of TR 3
FEAKG I fiE 1A B KA Tt

XHEE H BR 0 4 AN [] 38 24 25 00 K 0 &5 2 X be 4o (5]
11(a) ~ (D) fiR, /& AR B bR RS R A0 | 24
P4 20% 24T, 4 A FERVERRRAR G- A DU 1 H A4, (5.
YOLOvS! 1 YOLOv7 £ B K A 18 0, X it — 4
VLT YOLO BEAYRGINER 435 R G6 B ARt il & 7= Ak 152
250 MIUEPYRAE 40% B, I Ih BRI 4n 1 B A, HL
YOLOVT 5h LR K . FEHE PR AE 60% /247 BF, YOLO-
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Fig. 10 Comparison of detection results of severe occlusion between background and target
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Fig. 11  Comparison of detection results of different occlusion rates of non-target objects
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Fig. 12 YOLO-CA-SD model detection results when

the target object increases the occlusion area
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Mob+SE LA % DeeplabV3+Mob+CA #4711 %%, DI AL
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FREE,
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Table 3 Comparison of experimental results with

different semantic segmentation models

IR M FLOPs Params
BS=2 BS=8
DeeplabV3 88.392 - 46 574 089 216 54 709 702
DeeplabV3+Mobl ~ 88.921 88.449 7 652 286 720 5 814 294
DeeplabV3+Mob 88.966 88.534 7 652286 720 5 814 294
DeeplabV3+Mob+SE  88. 848 88.632 7 653 496 320 6 020 454
DeeplabV3+Mob+CA 89.017 88.763 7 665 852 160 6 124 294

FH 3% 3 741, DeeplabV3+Mob A9 AR #3455 5 K A5 A
SECE A R DeeplabV3 {2 /)N, FIH} DeeplabV3
+Mob # L& F DeeplabV3 + Mob1 43 | 44 & B &, B4k
DeeplabV3+Mob +CA [ 155 76 1 547 i FASE 76 2 4l 22 L
DeeplabV3+Mobl WA 180, {H R AT B A5 3 T 4%
i, A A TR RS AT, BEALIIR 15 5RIEMEXT L
P B 73 5 B | DeeplabV3+Mob+CA - 14731 340 &
0. 195 Fb/3K , JA 5 DeeplabV3 SF-44 43 ) 5 4 0. 293

Fh/ak, o it S 0 R RS 43 ) S AR AR T R AT R 4R
T+ 33.45%,

DeeplabV3 + Mob + CA X k& DeeplabV3 + Mob
DeeplabV3+Mob+SE J¢ JF AR #£ BS = 2 i, MIOU 433l
FTHT 0.051% ., 0.169% Fl 0. 625% , 5= 543 E &% H4n
Bl 13(a) ~ (b) Fizn, HE 13 (a) AT, DeeplabV3+Mob +
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P, AT 7 Y DeeplabV3+Mob +CA BEfS G I HY 4222 7]
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(a) DeeplabV3+Mob+CA segmentation results
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(b) DeeplabV3-+segmentation results
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Fig. 13 Comparison of the actual segmentation effect
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Table 4 Estimate of the joint 6 rotation

Angle when grasping scissors

FLERE S/ (0)  MIBECHE/(°) s/ () HEE/ ()
-42 —-40. 576 -39.835 —40. 147
-140 —-145.079 —-145. 960 —-145.790

25 25. 601 24.944 25.092

90 93. 638 90. 908 92. 069

60 63. 900 61.921 62. 199
-15 -17.197 -17.298 -17.248
=70 =71.921 -71.652 =71.740
-65 —63. 848 -63. 342 —63.998
15 17.076 16. 842 16. 989

70 72. 631 72.910 72.812
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Fig. 14 Optimal grasping point of scissors
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Table 5 The three-dimensional coordinates

by precise registration

ELE X

" R LA A/ mm FRUENEATR A/ mm

/()
-4 (=21.82,173.43,711.49) (=-23.02,172.46,711.02)
~140 (6.50,229.56,722.64)  (6.36,231.95,722.37)
25 (=5.12,165.23,711.30) (-=7.09,167.61,711.97)
90 (-6.47,165.61,711.37) (-5.58,164.53,711.12)
60 (-9.18,165.65,711.37) (~10.99,164.51,711.57)
-15 (1.12,253.53,733.44)  (1.30,253.72,733.58)
=70 (-3.51,172.40,712.81) (-4.89,174.26,712.77)
—65  (-15.59,171.86,721.69) (—18.08,174.03,721.56)
15 (-9.16,170.56,717.77) (—-10.42,169.41,717. 48)
70 (1.59,152.97,708.89) (-0.13,152.76,708.78)
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Fig. 15 Experimental results on different objects
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Table 6 Accuracy of detection, segmentation

and capture of different target (%)
Hisik Kl ian g Sy EIHET R PR %
B 96. 00 91.33 81.63
5] 95.33 92. 00 84.18
1242 7] 94. 00 88. 00 86. 60
ETEEN N 93.33 92. 67 84.34
ki3 92. 67 91.33 82. 65
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