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The Monocular Stereo Matching and Grasping of Robot for Industrial Parts

SONG Wei QIU Nannan SHEN Linyong ZHANG Ya’nan
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Abstract: To realize universal, fast and accurate grasping of 6-DOF (degree of freedom) parts by an industrial robot, a 3D

grasping method based on the guidance of monocular vision is proposed. Firstly, the similarity evaluation function between

an image and a matching model is established by the Chamfer distance matching algorithm, in which the image is delimited

according to direction angles. A genetic algorithm optimized locally by the hill climbing algorithm is applied to searching

for the best matching result. Then, an offline 3D model library is established by CAD (computer aided design) model, and

the matching algorithm is expanded to the spatial 6-DOF pose measurement of complex-structure parts. Finally, the grasping

information is obtained by matrix transformations among all coordinates and the system calibration, so as to realize the 3D

grasping of parts. The experiment results show that the optimized pose measurement algorithm improves the speed and

accuracy of the matching process. With the proposed measurement algorithm, the position error within 2 mm and rotation

error within 2◦ are achieved in the robotic 3D grasping experiments. So the measurement algorithm can be applied to the part

grasping of industrial intelligent robots.
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2 The
pose measurement algorithm of parts
based on monocular vision
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Fig.1 The edge images delimited by direction angles (around

0◦,45◦,90◦,135◦)
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Fig.2 The Chamfer distance images delimited by direction

angles (around 0◦,45◦,90◦,135◦)

4

2 4

Chamfer



952 2018 11

d (ΦΦΦ) =
1

N

N∑
i=1

Dni(PPPi(ΦΦΦ)), ni ∈ 0,1,2,3 (1)

N PPPi(ΦΦΦ)

i
ΦΦΦ ni

i 2 n
Dn(x) n

x
(1) N

0 � d (ΦΦΦ) � 255

d(ΦΦΦ)

255

(2)

F (ΦΦΦ) = 255−d (ΦΦΦ) = 255− 1

N

N∑
i=1

Dni (PPPi (ΦΦΦ)),

ni ∈ 0,1,2,3 (2)

Chamfer

Chamfer F(ΦΦΦ)

2

(x,y)
3

4

484

964

0

50

100

150

200

250

3

1
8

3

3
6

3

5
4

3

7
2

3 4

388

772

0

50

100

150

200

250

3

1
8

3

3
6

3

5
4

3

7
2

3

F(Φ) F(Φ)

(b) (a) 

3

Fig.3 Distribution of the matching function before and after

improvement
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Fig.4 Flow chart of searching the optimal solution by GA
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Fig.5 The locally optimized GA by the hill climbing method
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Fig.7 The extracted template points from CAD models
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3 The control
strategy of robot grasping system
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Fig.8 The coordinates illustration of robot grasping system
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Fig.9 The illustration of the fixture and model coordinates

during grasping
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4 Experiment
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ty = 50 mm t̂ y = 50.039 mm
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α = 0◦ α̂ = 0.246◦

β = 0◦ β̂ =−0.902◦

γ =−90◦ γ̂ =−89.295◦
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Fig.11 The 1st visual measurement experiment

(2) 2

tx = 0 mm t̂ x = 0.816 mm

ty = 50 mm t̂ y = 49.377 mm

tz = 20 mm t̂ z = 18.802 mm

α = 0◦ α̂ = 0.846◦

β = 0◦ β̂ =−1.147◦

γ =−90◦ γ̂ =−89.799◦
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Fig.12 The 2nd visual measurement experiment
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tx =−50 mm t̂ x =−50.757 mm

ty = 0 mm t̂ y =−0.556 mm

tz = 0 mm t̂ z =−1.128 mm

α= 0◦ α̂ = 1.040◦

β =−30◦ β̂ =−28.714◦

γ = 0◦ γ̂ =−0.452◦
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Fig.13 The 3rd visual measurement experiment
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Tab.1 The errors of three pose measurement experiments

1 2 3

Δtx /mm 0.235 0.816 0.757 0.816

Δty /mm 0.039 0.623 0.556 0.623

Δtz /mm 0.898 1.198 1.128 1.198

Δα /(◦) 0.246 0.846 1.040 1.040

Δβ /(◦) 0.902 1.147 1.286 1.286

Δγ /(◦) 0.705 0.201 0.452 0.705

2

Tab.2 The elapsed times of the pose measurement experiments

1 2 3

/ms 457.263 421.050 538.965
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Fig.14 The experiment platform of robotic intelligent grasping
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Fig.15 Design of the hand-eye mechanism installed at the end

of the robot
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(1) 1

X = 0 mm X̂ =−0.893 mm

Y = 500 mm Ŷ = 500.945 mm

Z =−170 mm Ẑ =−168.266 m

W =−180◦ Ŵ =−181.070◦

P = 0◦ P̂ = 0.871◦

R = 90◦ R̂ = 88.351◦
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Fig.16 The 1st grasping experiment

(2) 2

X = 20 mm X̂ = 20.245 mm

Y = 510 mm Ŷ = 509.307 mm

Z =−150 mm Ẑ =−151.525 mm

W =−180◦ Ŵ =−181.538◦

P = 0◦ P̂ =−1.367◦

R = 50◦ R̂ = 50.948◦
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Fig.17 The 2nd grasping experiment

(3) 3

X =−50 mm X̂ =−48.520 mm

Y = 550 mm Ŷ = 550.673 mm

Z =−170 mm Ẑ =−169.017 mm

W = 180◦ Ŵ =−178.711◦

P = 30◦ P̂ = 30.957◦

R = 150◦ R̂ = 150.376◦
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Fig.18 The 3rd grasping experiment
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Tab.3 The errors of three grasping experiments

1 2 3

ΔX /mm 0.893 0.245 1.480 1.480 0.254

ΔY /mm 0.945 0.693 0.673 0.945 0.015

ΔZ /mm 1.734 1.525 0.983 1.734 0.100

ΔW /(◦) 1.070 1.538 1.289 1.538 0.037

ΔP /(◦) 0.871 1.367 0.957 1.367 0.047

ΔR /(◦) 1.649 0.948 0.376 1.649 0.271
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