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Abstract This study presents and verifies an easy, fast, and relatively cost-effective method for 6D pose
estimation using industrial robots for bin picking in the manufacturing sector. Specifically, it details a
method involving the integration of industrial robots with 2D cameras to @ acquire multi-view images
of objects and collect training data, @ select variables from the collected data and implement a linear
regression model, and ® apply the trained model to estimate, verify, and evaluate the 6D pose of
objects on industrial robots. The proposed data collection method and implemented linear regression
model demonstrated statistically significant results. The estimated 6D poses were validated against
ground true values and evaluated in their application to industrial robots, confirming their validity. By
using feature point information extracted from images instead of direct image inputs as inputs to the
regression model, the data size was reduced, enabling direct embedding on the robot. This research
approaches the problem of spatial coordinates in 3D from a data analysis perspective, rather than from

geometrical or computer vision perspectives.
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[Fig. 1] 6D Pose Representation
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(Table 1) Detailed Tools

Category Specification

6-axis C4-601S5(Seiko Epson)
Controller RC-700A

SW RC+ 7.5.2 (Seiko Epson)

Camera acA3800-10gc(Basler)
Lens 12mm(Hikvision)

Data Acquisition
(Robot)

Data Acquisition
(Vision) Controller CV2-S(Seiko Epson)
Lighting White LED 12w (KPINT)
Google Colab (Platform)
Libraries: pandas, sklearn, matplotlib, seaborn,
statsmodels, scipy
6-axis stage SU6-100 (ST1)
Vacuum valve & sensor

Wood block [144x20x6.5mm
Laptop 15ZD990-VX70K(LGE)

Data Analysis (ML)

Verifying Tools

Object
Others

[Fig. 2] Test Bench Configuration
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AE {sll 0.129 7] A7k Adstt. 7Hke] A
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Al(Tool Coordinate System)E ©]-&st3AT}.

can2(x,y) = (-35,135)

cand(x,y) = (8,8)

cam3(x,y) = (-35,-35)

cam(x,y) = (+35,-35)

[Fig. 3] Data acquisition example
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[Fig. 4] Data Acquisition Concept
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{Table 2) New Independent Variables

Variables

mS, mX, mY, mU

Description

Average of 5 Values

dv1, dv2 Scale Ratio of the X-Axis for oV
dw1, dw2 Scale Ratio of the Y-Axis for oW
dT1, d12 Scale Ratio in the Diagonal Direction
dD1, dD2 Distance in the Diagonal Direction

o 2 o o o ws W W W o1 a2 e ae a1 @ a2
.00 0.0 0.0M 0.000 0.0 0.000 0.99 -0.007 0082 -0.055 100 L006 0.999 L000 0.993 1096 .08 59178
G100 350 110 0087 .45 -12.000 6.2 0.908
S0 920 LG 0955 S 5.2 305 LoR

B0 4900 Lo Lo T8 e 8.993 1075

S10 3100 8900 LS IS 2997 4476 Lo Le¥ 0.9 003 101,076 102,98

1 1.000 4200 16400 16900 -5.000 7400 0954 1523 -LWS -14164 1047 1 o5 9s.535 9059

o 1072 1 .00 sss w90

e 8 923 Lo 1 Lo or.9m 100,068

B4 0.0 10200 1440 1500 3190 7000 L2 30T 8.4 042 LoB 107 L% .60 12.2%

G5 1420 460 S0 3400 (1SN 12.600 0.070 1643 270 075 LU LOT 0.04 0.983 0.875 LOIB 94391 97953

[Fig. 6] Final Training Data

4.2 6D XN =X

HA FL5HHZ AIC(Akaike Information Criterion)
£ 7IRto R E9HSE ST6HAY AlAste 49 |
5 AFsklth ol HEE ®Meb scikit-learn®
LinearRegression A5 AR&sto] A¥3]
gt A, 7 FEHEE Q9E 6D AA =4 2o
3| HA T A5 #E= (Table 3) ¥ (Table 4>} Ztt.

=2 A3
£ 9

{Table 3) Linear Regression Equation

Linear Regression Equation
0X'=2603 +0.976mX +0.026m ¥ — 11.620d 11+ 9.081m.S
oY= —4378 0.979m Y — 4.4824 T2 — 0.051mX
oZ=—305.028 +300.900 mS +8.0134 12

oU= —296.788 — 0.996m U+ 0.2724 2 —0.274d D1 +188.728d W1 +108.9754 12
+11.2454 71 —0.004m Y~ 282.9134 T2 + 184.8054 V1 +86.234d W2

oV'= 172627 + 485.3064 V1 — 653.644 d 12 —550.0794 W1 — 0.028 m X + 0.0634 2
oWV'=196.903 — 145.7014 W2 —58.329 d W1 +0.036m Y + 7.0894 T2

(Table 4> Performance Metric

Performance Metric
var MSE RMSE MAE R adj_R’
oX 3794 1.048 1547 | 0947 0.946
oY 3.803 1.950 1.491 0.954 0.953
oZ 14.909 3.861 3058 | 0824 0.822
oU 0.056 0.237 0.181 0.999 0.999
oV 2.338 1.529 1167 | 0971 0.970
ow 2.968 1723 1154 | 0963 0.962

oX, oY, oU, oV, oW 452 BE =2 R d =
2 249 R* 32 714, RMSEQF MAE e H] w4
ot I8 o7 Wl gk RP7F 0.824, 24E R}
0.8222 A8 o0& tfZ WSEC B9 Wil, RMSE®
MAE @& AtFog 2 Holoh o] S5
o s mdo] vtz oz AT AL oA 5 Uk

St ‘Statsmodels’ Ze]lE 9] OLS RElE o] &
ato] 6D AN 4 mdo] 5AH ¥t AFE (Table
5)0l geFsiict.

(Table 5) Statistical Evaluation of the 6D Pose
Estimation Model

Var. oX oY oZ oU oV oW

R? 0.961 | 0.954 | 0.847 | 0.999 | 0.971 | 0.975
adj_R* 0.961 | 0.954 | 0.846 | 0.999 | 0.970 | 0.975
F-statistic | 3461 3861 1650 | 69690 | 3084 5519

Prob® | 000 | 000 32| 000 | 000 | 000
mX, dV1,/mY, mX,| const, mU, const, onst,
mS, mY| dT2, |mS, dV2| const, dv2, dw2,

const dD2, dw2, dwi,
Significant dr2, dw1, [dT2, mY
Coefficient dD1, |mX, dv1,
(PIth) avi, db1
<0.05) dwi,
dv2,
dwz,
mY, dT1

7 5SS A0k oAl A Bde BF w2
Reet 27€ RS BAch. F-BAFL Prob(F) 3t 94l
7t Bdo] SAH R Fofsiths AZ fulditt. AICE
ol g3t ATt Wag GA] 4 BHoA Ao
Fofzt 719E Btk &, 2 Bdo] SAHCR EYs
1, SPHeE $5UsE 2 AYshal gl
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(Table 6) Estimation Success Rate Against Ground

235 Ao] mz o] A4

71 Aol o ARE Bol
2o WA g 71%5—0 s, 199 7% 9AS
AAagth. theow A A9 AL ol8slol
6D A SIAE ofEFhe W4T FASIYT. v}
o= A4 BHE 7% AH IS 6D A omAE
QUikslo] 2y B X0 HEH &
AAAS ), AN delo] Fael F9S
destgict.

[Fig. 71 A Case of Industrial Robot Application
Evaluation

True A48 2Rl 83t Bt AT= (Table 7)° 89F
stage_pose (20pcs) | raw_data (806pcs) 6}%1:}'
Items Symbol
success rate success rate
x errX 20 1,000 803 0.996 (Table 7> Results of Industrial Robot Application
Y erry 2 1.000 798 0.990 workCnt OKent pickErr VisErr motionErr
z errZ 20 1.000 701 0.870 1st 31 23 4 3 1
u errU 20 1.000 806 1.000 2nd 33 24 5 3 1
v errV 16 0.800 805 0.999 3th 82 66 5 11 0
w errW 16 0.800 798 0.990 sum 113 14 17 2
Evaluation® | 6D_OK1 13 0650 | 662 | 0.821 rate’ 146 0774 0.0% 0116 0014
. rate2 127 0.890 0.110 - -
Fucidean | apD, 20 |1000| 616 | 0764
istance
Cosine : - = - -
Similarity cosSim 16 0.800 802 0.995 H]@ 7151]% —Tf_— %Fﬂ@,(ﬂ o]‘(l')l‘E E‘E‘O] oﬂé‘xl' —,-]Z]
Evaluation@ | 6D_OK2 16 | 0800 | 5% | 0734 o5 5 gl B+E ‘motionErr'&®, HA A& A

e, L& dolgof diet AEET LH oA HlolE

of that 338l tha: oIt Ak, Vet W ol 4
382 Y dojelo] that 4380l e W, 79 4
38L 2dolx] Wt 943 23S BYr.

rr

visErr' 2 o] A5, o] WY AIFo|A =4
T ke At & 146719 AA S 127749 dist
of 4F 11371(89%), A 1471(11%= BSEUE &
visErr’ A%3 ‘motionErr’ A2 AEE At ®t
FoHA] ekt
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