#50% F 138/2023F 7 B/HEE

B TR e 52 a2 1 AL s N DIERURS: I 5 72

+# TS Ny & 2 -1
REAL BRET, BE, R TKE, FXE
U KA KBRS TR 2B, W KER 610065
“ o [ TRE ) B A BEAILAR ) TR T, mU)i 4R PH 621999

FHE R 2 59 S50 A A5 10 2 4G 00 A 8 25 i B S B S AL AN BB A B F B BF X AL AR AU
) e X o P ST RN R R T 1 T SR I A T — R T AR B I 4% 1 AR ML IR iy vk o S )
T — Ak 2 7 25 1) 4 B R 8% 22 B, B 0k 3 2% sk R R i — A3l 3E , A8 T8 S I8 BB A ASOFI Bk
B R B2 35 B 7R 3 R IR S50 =2 [l G 0 5 1 %) [ B o B A8 70 e 6 (0 3 1 5 0 R AIF 4 2 35 I 4% 43 J2 46
IR LR AR I 45 A 2 48 5 1 A5 BRI 22 RO 4 A4S 0 f0 4 0 RRS G M o BT R R 1 R i R TR 7SS T
(10U)H 0.25 B 16 B 9 94.4 %, 1] [ 4% % 38 B 7 40.8 frame/s, 3 HAE IOU K T 0.5 B AE B B A7 AR H5 46 80 % LA I,
SEIGAIE B T AR R e G I 2% v fin A S A U — T RTRRAE 4 3 10 A R

KERE ML PLE AU B Mg, P, a8

FESFESE TP391 XHRERS A

1 51 5

SR IAEE T B ML N ZE kR B 3 BR i i £
P %, AN 3E R TR 2 18] AR Ak ) PR i R B 1R JER R
RT3 A S HE R M L IR BT AL B N AR B Y B
S Hoh 7R B T AR b £ H b i TR T
JEALEE AN PAT IUEL A — A 11225 B 3 M G 7
MBS ME . BT L AU g & 24 1 | 3 4F
e R o3 W I8 W D& w5 87 T FIR BE 22 2T A I F e
ML A PICEUORS 0 ) B B2 05 9k, A o A m) A T 4R 5
i N ITCHRURG: Y0 £1%) o A S B e R AR

T 55 ML A8 N S ARG 00 60 PTCERC A % B 2 2] T ik = 88
Ay R T W ShE O k ET I AR B O i AR &
Yoorik =2k FEFWE O E R A — AT HE
(49 73 25 o R RAR BEAT 2 AT 14, X5 1 ) (0 AE 9 4
A PG e ik 15 B R IEAL A5 20 0T DA R PICE A X 4 .
Jiang S5 4R T 7 iR E BUBCHE |, 56 — 25 4 P 26 P 43 5
ORI AR AT P A8 R N 4 R B BT T A e
F) 1004~ 5 55 = A5 0 FH 0 52 2% i R E R il Ak 48 2%, 15 5]
e O PUOHE o 76 Ji5 & R 52 0 20l 1, Lenz 2578 18 5
ol 7 A TR 2R ) B B 7 RGB-D S
PEAT RGN, 56— A 9 4% 2R FH i sh 2 01 A0 ik, 28 — 4
2 — Ao 2K 8% VEAL M Bh B R A SR BN
BUHE o BLAR U 3h B 101 09 7 35 0T DA S0 A7 IBGRE A
HE AR R E 22 i o o A 12, e LAt S s P PR 75 2R o

DOI: 10.3788/CJL221397

T il FURE B 7 R AE TS AR A0 H B AR b g TR
HE I 5 A 20 0 4% 3 ek Ao 28 0 4% v g X s U
153 2 AT 68 19 e R AT, 28 0] U= S 7Y 4548 OF , 45 21 58 i
FE 3 LB A ) 1 TP a5 UTE LR DA I T KR
{7 B A . Redmon 25 Krizhevsky 28 1F 5% (1) Jik
fih b Bt T AT AR B i AU R HTCHRORS: I H bR 2
A TE— . Kumra %" FE 3L T 31 FUHE 5 25 10 3L ik
SO/ T 4 R R 7N O L A i A B Y e )
50 JZ2 5% 22 M 4% ResNet'", LI RGB EHZ M A, BUS T
KA SCse 25 58 o 22 0F B A8 X AR 3 3R ik
P47 T HEAk , R F Faster R-CNN Inception-V 2 [ £ fi
A3 H AR B o 2R AR R A A5G H S
) or B AR bR, SEEL T X A 5 22 A~ H A B 1 S5 A e
7 AV ARG o B AR 3 SEHE X E A A U A FRB A A
M BRI IR RS B 2% T2 D RE B S5,

TR ER BT M B IS ¥ AH T
A P b 7 vE A W7 T LA (1) HAEE B A iR
R AT IR U A N BOE S5 (2) BA
AR R g R T b B A S 8 /D . Morrison
G T — M T Unet "I R E R A E BN
(FCN) , 2l 37 F X 42 i U 25 & R B0, BIL 2% A AU
AL B AR R R N, AR e A 5 A R Wi
B SRR PR AR BRI . B A R
D7 B el B 3 PR R 0 B AL GE R AL BRAR S5 5 10
Jr ok b T B ARAL I, B T el i B FCNBL AL, X 43

W B 2022-11-04; EEHH: 2022-12-26; RAH®: 2023-02-16; MEBHELZBE: 2023-03-09
HEETR: #AHE W HE07S/ERI E (2020703-8) . 1414 FHE %5 H (2023YFG0181)

BIS1EE . ‘jpxue@scu.edu.cn

1304003-1


https://dx.doi.org/10.3788/CJL221397
mailto:E-mail:jpxue@scu.edu.cn
mailto:E-mail:jpxue@scu.edu.cn

£50% F 13 H9/2023 £ 7 B/HEHN,

S0 T 140 0 R 0 S e, 0 Do 0 1 O
D2 16 3 9 9D 98 5 T 60 44 0 5 TG
BE . Kumera %848 T — R 0 4 1% 22 0 B 2
024 T LLE 0 15 46 J2 0 2 000 1 0 2k
[0 24 3 4k % WA, 15 Morrison %" g FON A He , 2§
FEH

L 28I 0 5 52 5450 0 S5t
80 A T D B 2 B AR HR G P 0 A
e AR TEE 00 BT 1 B B, A% S S A B A
RO LA B BL R D R 018 T —
S B RO A1, B 00 P A T Unet 104 9 ¥ 4 26
DA B8 22 i 008 0 6024 F2 5, 0 903
I S AR FE U 2% . P9 00— f (IN) ™ e g
G 2 WO ) 24 o A 25 LR R 0 — (2 38 D

Intel RealSense
D415 EEeEeas

.........

18 S5 B Re o M IR BERNIR 8 . 2 5 K FRAE & IS
R 4% (FPN) &5 44 B AR 3 & 21 N 245 op 3 o o 1) 3 22
2 & ST = I TR SR SR 1L B 3 o - Fe e 2
A B A5 B4 T 0 RRAE Y A RE ) FINE SUfE B T
B, SR Huber 451 2 pREC 0 B 1150 45 28, Ak P B 4%
K0 [r) 800, 3 Ao 5 0 (8 T o dRe e 76 B S IR B 4R 1
b5 W N = 7/ R N R B w3 ) | DS B S 51 K7/ K N
HRI , E B T T B Ok A Rt
2 BRI
2.1 #MEUERERT

Do) 2 A5 700 a0 R P A 1] 1 TR o HJEUEE R Morrison
SO 1 T S R AT R kL il i RGB O & &
15 5 AR 5 B W 4% 5 re AR TIOR3

15 4 grasp
angle 1.0

PEL ol 5 A 0 g A ]

Fig. 1 Flow chart of network model
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Fig. 2 Schematic of grasp posture
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Fig. 3 Instance normalization layer
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Fig. 4 Feature pyramid network for semantic segmentation
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Fig. 5 High precision lightweight grasping network based on fully convolutional network
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Fig. 6 Examples of instance normalization. (a) Convolutional layer; (b) residual block; (¢) transpose convolutional layer
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Fig. 7 Comparison of stability among various methods
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Fig. 8 Qualitative detection results of image grasping recognition based on Cornell grasping dataset. (a) Object partially in figure;

(b) translucent object; (c) reflective object; (d) bifurcated object; (e) irregularly shaped object
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Fig. 9 Real-time detection for single-target grasp of unknown object detection. (a) Reflective object; (b) irregular object partially in

figure; (c) transparent object
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Abstract

Objective In many complex environments, intelligent manufacturing technology using robots faces many challenges. There are
rapid response to changes in the workspace, false perception, error of noise and control, and even resistance to disturbances of the
robot itself. The grasp detection of target in the real working scene is an important step in robot workflow, which involves grasp
positioning and attitude estimation (Fig. 1). Due to the complexity of robot grasp detection, in recent years extensive research has
committed to using deep learning method to achieve grasp detection. The objective is to improve the accuracy, timeliness and stability
of robot grasp detection. Deep learning methods for real-time robot detection and grasp are divided into three main categories. They
are sliding window-based, bounding box-based, and pixel-level methods. The sliding window-based method is effective for grasp
detection. But the large number of iterations and the slow response speed make it difficult to meet the real-time requirements.
Bounding box-based methods have a positive effect on target detection. But the structure of the model is complex and a large quantity
of parameters should be learnt. In the present study, we report a robot grasp detection method based on a stable pixel-level
lightweight network to reduce the number of parameters. We hope that our method can save more computation and memory during

robot grasp detection. And it can ensure the high accuracy, timeliness and stability under complex conditions.

Methods Firstly, an enhanced dataset is created by using random cropping, scaling, and rotation on the Cornell dataset (Fig. 2).
Then, we build a lightweight network based on U-net (Fig. 5). Residual blocks are added to increase the number of extracted feature
layers in the network. They can suppress the gradient vanishing and dimensional error (Fig. 6). At the same time, instance
normalization (IN) is used to design the normalization layer of the residual block and each convolutional block in the network (Fig. 3).
It will increase the stability of the detected image instance and accelerates the model convergence (Fig. 6). In addition, the network
integrates the idea from the feature pyramid network (FPN) structure (Fig. 4). We connect the top-down feature map with the bottom-
up feature map through the horizontal connection layer. The former has strong semantics, low resolution and easy target recognition.
The latter has weak semantics, high resolution and easy target localization. Meanwhile, the multi-dimensional information is
integrated to improve the localization ability and semantic information of the output feature map (Fig. 5). Finally, in order to avoid the
problem of gradient explosion and outlier interference, our study uses the Huber loss function to analyze the calculation results.

Results and Discussions In this study, all comparison methods uniformly use the Cornell dataset. And we use different
intersection-over-union (IOU) standards to evaluate the network performance (Table 1). As the IOU standard becomes more strict,
our network changes smoothly (Fig. 7). When the IOU is 0.5, the accuracy of our network can still reach 80.9%. Therefore, our
network performance is more stable and competitive in robustness to complex environments. When the IOU is 0.25, the network
model designed in this study has 94.4% accuracy, 40.8 frame/s speed and 478900 total parameter quantity (Table 2). The results
show that our method can achieve high accuracy and speed when the total parameter quantity keeps small. The model is tested using
random objects in the Cornell dataset (Fig. 8). And we also perform real-time detection of unknown objects (Fig. 9). The experiment
shows that the network designed can output the grasp frame with accurate positioning and posture information for objects with
different properties, including objects partially in the figure, translucent objects, reflective objects, bifurcated objects, irregularly

shaped objects, and even transparent objects.

Conclusions This study is based on simultaneously achieving high accuracy and timeliness of robot grasp detection, reducing the
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number of system parameters and ensuring the stability of the network. Referring to the pixel-based U-net lightweight network
model, we design a robot grasp detection method based on stable lightweight network. Firstly, the quantitative results show that the
simulated curve is stable and the total parameter quantity of the method is 478900. Our method can maintain more than 80% accuracy
when the IOU is less than 0.5, outperforming the existing methods. At the same time, when the IOU is 0.25, it has a high accuracy
of 94.4% and a speed of 40.8 frame/s. It is rational that this method can meet the current requirements for the accuracy, timeliness
and stability of robot grasp detection. Moreover, the qualitative results show that the network model designed in this study is effective
on objects with different properties. Especially, our method is not disturbed by the situation that the current depth camera cannot
accurately measure transparent objects. Finally, it is shown that adding IN and FPN to the lightweight network can effectively

improve the performance of robot grasp detection.

Key words machine vision; robot grasp; lightweight network; object detection; posture detection
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