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Abstract: To overcome the limitations of traditional geometric calibration in compensating for non-geo-

metric errors, as well as the poor interpretability and susceptibility to gradient competition in multi-dimen-
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sional heterogeneous error fields inherent in purely data-driven black-box models, an absolute accuracy cali-
bration method integrating physical priors with a progressively decoupled residual network is proposed.
First, a differentiable kinematic grey-box model based on Denavit - Hartenberg (DH) parameters is con-
structed as an explicit physical framework to compute the baseline theoretical pose. Second, high-dimen-
sional sine - cosine encodings and second-order multiplicative combinatorial features are introduced to en-
hance the representation of periodic nonlinear errors. A dual-branch residual network is then employed to
independently predict position and orientation residuals, incorporating a differentiable singular value de-
composition (SVD) orthogonalization layer to strictly enforce SO (3) manifold constraints. Furthermore,
a stage-wise parameter {reezing strategy is designed to enable progressive decoupled training, effectively
mitigating optimization conflicts arising from the differing dimensionalities of position and orientation. Ex-
perimental results on a Staubli TX2-90L. demonstrate that the average position error is reduced from 0. 377
mm to 0. 047 mm. Compared with support vector regression (SVR) and backpropagation (BP) methods,
positioning accuracy is improved by 26. 3% and 49. 9% , respectively. The proposed method achieves a fa-
vorable balance between high precision and interpretability, indicating substantial potential for engineering
applications such as in situ bioprinting.
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1 50 0 =90 0
2 500 0 0 =90
3 0 50 90 90
4 0 550 =90 0
5 0 0 90 0
6 0 100 0 0
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Fig.9 Data acquisition experimental platform'”
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Tab.3 Results of ablation experimental models

B i #i% 22 (RMSE) /mm BRIRZ(RMSE) /(%) U EANIENES
AR 7 HiT 0.377 0.200 li
fRARELTY (5 Py SR 0.022 0.010 161. 670
A BT (5 P SR 0.024 0.019 202. 713
il R (A & Wy LS ) 5.116 0. 802 161.185

f -~ Decoupled model(no physics prior)
— Coupled model(no physics prior)
10?2 5 — Our method

E 10l i

2} i »

=

a4 Zoom(125~150 epochs)

=10° 0.026

S A e AL = |

= 0.024

é 101 (1]ip7] SEEC G S S
M\ﬂ 125 130 135 140 145150

0 50 100 150 200 250

Training epoch
10 VA Rl 92 36 1) o e 2 A I i)
Fig. 10 Position error compensation training process for

ablation experiments
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51 BP 5 Elman ¥ % & 4 4 )2 i {h 454, /T & %

F1 20X 20 f49 XSRS = RUBEL , J5 2 I 51 A 20 4> 16 25
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HZ AN AR SO B T 7 R0 SO AT 484
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Tab.4 Horizontal comparison of experimental settings

2 ] £4% 4L 44 LN 21 B2 8 (1 580 i s 4 4
SVR Iz 6 6t 37 RBF #%) 6

BP 42 6 20X 202 6
Elman 42 6 20(RNN) +20(FC) 6

Ours oy 3 FF 47 6—>90 Pos:256—>64(3)2 ), Att:512>64(4 2) P 3/ A9
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Fig. 11 Distribution of prediction error

B Comparison models

*5 5EHEERAEHBIBEBRINREZIMEIRE T ERIITEE

Tab.5 Comparison with current mainstream advanced data-driven error compensation calibration methods

- FE iR 2E EINTT 18 25 bR 22
£ & /mm B/ £ % /mm #835/C) £ & /mm #w3&5/C)
Origin 0. 820 0.203 1.590 0. 310 0.223 0.040
BP 0.093 0.132 0. 641 0.209 0.077 0.027
Elman 0.064 0.069 0.668 0.253 0.068 0.021
SVR 0.063 0.006 1.112 0.198 0.106 0.020
Ours 0.047 0.009 0.611 0.175 0.044 0.018

AH L, AR SRR IR 38 3 X433 AT 4 S T o
5 AR A R R T 45 G 690 4k = By
E WS 0 T ARk RA B A AU T 24555
2 2 RO TR, SE 025 FAIE S 1% R
PO BT ER 2 — P RAIR R 0. 047 mm (3 SVR
PEF226.3%0) , FRifE2E R 0. 044 mm, 352 22 53 A i)
FEUR S, OGRS 1525 T SVD IE Xt £ 34
VT 1) JLART 20 o0, A5 YA LR 0E P 24005 B2 1) [ bt
T KB AR 2 M I AE 0. 175, 380 T Ay st
PO 1% o SXORT 5 25 0k 2l 5 40 i i 22 1 XU EE 410 i

AN Z SR AW SR A i i o AR P Y JR 1] — 2L
ERSEAT BT R N7
4.4 BSYLIWEME

2 B AR 52 56 A A5 A B A8 0 7 SRR
TR B R U BC &, AL B H AR TR TR o
A J2 T 56 U W) B S 56 5 1S A i 2 A A SR
(0 HIE 0 B o SR SR T DL M S AL O A A 2
2 2 s ) N HEAT 42 JR) 00, 38 0 o0 BT s P RE A
Y0 B AL B 5 o0 A B, R 5 BRI 25 [ 37
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Tab.6 Hyperparameter search space

AR AL R 22 5 0 i 4h oA S 4 T
AR SO FEARAE A X B RS2 AT R
B M ST AR AR SR A D 22 AT 55 24 2] R BB I 35 4 )
MU 6B H AT R i 15 . A B RS
BNk 7 s .

RT RINBSH
Tab.7 Optimal hyperparameters

2 U A [ S HUfE
e KN [16,64] b RN 16
7 B W 2% 2 ) R [1X10°,1X10 %] {7 B ) 24 2 5] 3R 0.000 314
AW 25 2 3] R [1X10 °,1X10 °] A W o 2 2] R 0.001
V7 B I 4% A T IR Rk [1X10 °,1X10 %] AL ) 245 A 0.000 001
B 25 A [1X10°,1X10*] B3 25 A 0.001
37 # W 2% Dropout & [0.0,0.5] 7 # W 2% Dropout % 0
R M 4% Dropout R [0.0,0.5] AR M 4% Dropout R 0
i %22 (RMSE) /mm 0.022
EAIREZE(RMSE)/(*) 0. 009

T B 12 09 DU 00 Ak i 4 B R 45 01 A
B BB T AR R T K R R e 0 )
BPE AL E S R R A T Wbz
LTI - 8 TR T N VA R A7 L 95 T
W B2 E2RENRLEER R EES NES
BRI A B LR AL (Tteration26) 28 31
B E AR (9,02 37,00) , 3% B BE S IE )2 1T
WESE T BR G2 [0 (f 8 ) 5 2B 25 1) CE ) A 18

103 00 000 ° 0.12
° o
ot ° g
" & 0.10 3
2 e z
s % o 0 085
— 10+ El
=] ® e
% ® o b5}
E . 0.06 é
o =
0.04 3
10° L o
10° 10+ 10
Position LR(#,,,)

Bl12 o > S5 Ak e B Al 56 &
Fig. 12 Distribution relationship between pose learning

rate and optimization function
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FE 14 B
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o4t Validation loss

0.12}F
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g 008} |
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Fig. 13 Training process of position error prediction net-

work



T = B, 45 « il 4 B 5 56 15 3 2 P 19 2% 1) BIL 2 ARG BE s 1139

573
8r — Training loss
24 e Validation loss
6 L

—~ St

S 4f

3 3
2 x
L
O _I e i 1 1 1 1 1

0 10 20 30 40 50
Epoch

Pl 14 SRR 22 PO g 265 11 2oid 7

Fig. 14 Training process of pose error prediction network
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