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Recurrent Neural Network-based Learning Process of
Dynamic Model in Robot Manipulators
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Seungcheon Shin!, Dongyeop Kang?, Jaemin Baek'

Abstract: This paper proposes a new learning process for dynamic model of robot manipulators,
which is based on a recurrence neural network (RNN) algorithm with feedback structure. For a
model-learning process, we first chose well-known activity functions that Sigmoid, ReLU, and
Hyperbolic tangent functions were employed to confirm the suitability of the dynamic model in the
RNN. Next, to make input/output variables suitable for closed-loop systems, they were set as joint
angles, angular velocities, and torques for each axis of the virtual robot manipulators. Then, these
variables are directly related to reference trajectories that have several changes in moving speed of
end-effector while drawing circles with continuously changing radius in task space. The effectiveness
of the learned dynamic model were proved by using some of collected variables. Also, it were
demonstrated to verify the feasibility of the proposed process in a closed-loop robot manipulator
simulation, which were compared to tracking performance in a virtual robot manipulator.
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[Table 1] Activation functions and their equations
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[Fig. 2] Output value of activation functions
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[Table 2] Training procedure of recurrent neural network model
employed in proposed learning method

Input: Normalized data set{q,_,, q,_, 7,_,}
Output: Normalized data q

Model: (U,, W,, 0,)

Initialize hidden state h, =0

Initialize Count Count =0
1: forn=1toN do

2: h, =f(U,x, +W,h, _,)
3: g’n = Ohhn

1 ~
4: thMSE:;E(yj*yj)Q

i=1

5 if L, =1 _, then
6 Count = Count + 1
7: end if
8: if Count > 3 then
9: break;
10: end if
11 end for
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[Fig. 4] Desired trajectories in end-effector of robot manipulator
on y-z axis
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[Fig. 5] Desired trajectories of robot manipulator in a task space
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[Table 3] Initial position and joint rotation range by joints in
robot manipulator

Joint Initial Position Joint Rotation Range

No. (Deg) (Deg)
1 0 -19.5601 ~37.3917
2 -45 -48.8001 ~ 12.4098
3 0 -35.1452 ~27.4282
4 -135 -172.9359 ~ -52.6766
5 0 -20.4453 ~ 14.0896
6 90 59.8013 ~ 155.8909
7 0 -30.6484 ~39.6177
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absolute Error, MAE)2} Al B Al 2XK(Root-mean-square
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[Table 4] Measurement Metrics

Content Equation

MAE

RMSE

MAPE 100 ¢~ | % 7Y, ‘
ny=1] Y

[Table 5] General setup method of hyper-parameters based on
recurrent neural network in robot manipulators

Content Setting Method
Optimizer SGD, RMSProp, Adam, etc.
Data-bandwidth 1 ~1000 Hz

Activation Function Equations in [Table 1]

Loss Function Equations in [Table 4]

The Number of Hidden Layers 1~20
The Number of Nodes A form. of 2!
where n >0 is a constant
Batch Size A form .Of 2
where m >0 is a constant
Epoch 50 ~200
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[Table 6] Hyper-parameters of training procedure

Content Setting Value
Optimizer Adam
Data-bandwidth 10 Hz
Activation Function Hyperbolic Tangent
Loss Function MAE
The Number of Hidden Layers 2
The Number of Nodes 128 =64 —32—1
Batch Size 32
Epoch 100
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[Fig. 8] The desired angles based on circle-position in joint space
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[Fig. 9] Comparison of model-learning results based on RNN
algorithm (red dotted line) and MLPNN algorithm (blue solid line)
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[Fig. 10] Comparison of model-learning errors based on RNN
algorithm (red dotted line) and MLPNN algorithm (blue solid line)

[Table 7] Model-learning errors based on MLPNN algorithm

Joint MAE RMSE MAPE

No. (Deg) (Deg) (%)
1 0.3271 0.3777 2922118
2 0.4906 0.5655 132.0476
3 0.3598 0.4154 480.9790
4 0.5397 0.6232 158.0538
5 0.3435 0.3966 30.4942
6 0.3762 0.4343 130.2757
7 0.4089 0.4721 7.9368

[Table 8] Model-learning errors based on RNN algorithm

Joint MAE RMSE MAPE

No. (Deg) (Deg) %)
1 0.1636 0.1888 96.0540
2 0.2453 0.2833 16.2495
3 0.2126 0.2455 243.3566
4 0.2617 0.3021 25.0932
5 0.1799 0.2077 63.5997
6 0.2290 0.2644 40.1999
7 0.1963 0.2266 55.8112
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[Fig. 11] Comparison of tracking trajectories in closed-loop
control simulation with system models based on RNN algorithm
(red dotted line) and MLPNN algorithm (blue dashed line) on
reference trajectories (black solid line)
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[Fig. 12] Comparison of tracking performance in closed-loop
control simulation with a virtual robot manipulator (blue dashed
line) and system models based on RNN algorithm (red dotted
line) and MLPNN algorithm (black solid line)

[Table 9] Tracking errors in closed-loop control simulation
based on MLPNN algorithm

Joint MAE RMSE MAPE

No. (Deg) (Deg) (%)
1 0.0333 0.0363 62.3053
2 0.0512 0.0556 77.1851
3 0.0374 0.0398 44.3357
4 0.0565 0.0613 74.6170
5 0.0328 0.0367 93.5682
6 0.0364 0.0453 75.9809
7 0.0407 0.0491 90.4251

[Table 10] Tracking errors in closed-loop control simulation
based on RNN algorithm

[Table 11] Tracking errors in closed-loop control simulation
based on a virtual robot manipulator

Joint MAE RMSE MAPE

No. (Deg) (Deg) (%0)
1 0.0154 0.0177 80.4572
2 0.0236 0.0264 87.5619
3 0.0203 0.0231 65.4999
4 0.0252 0.0284 86.0047
5 0.0180 0.0195 95.8082
6 0.0220 0.0249 86.1656
7 0.0187 0.0213 95.2572
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[Table 12] The number of nodes by hidden layers

Joint MAE RMSE MAPE

No. (Deg) (Deg) (%)
1 0.0155 0.0191 80.1661
2 0.0234 0.0294 87.9360
3 0.0203 0.0253 64.6154
4 0.0247 0.0315 86.9565
5 0.0193 0.0198 96.5300
6 0.0218 0.0254 86.5323
7 0.0165 0.0214 95.8268

NII\(I)(()iel The Number of Nodes by Hidden Layers
1 256 — 128 = 64 =32 — 16 — |
2 128 — 64 — 1
3 64—32—16—1
4 64—32—1
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[Fig. 15] The desired angles based on square-position in joint space
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[Fig. 16] The desired angles based on number ‘8’-position in
joint space
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[Fig. 17] Comparison of reference trajectories (black solid line)
output results (red dotted line) in accordance with RNN
algorithm with hyperbolic tangent function
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[Fig. 18] Comparison of reference trajectories (black solid line)
output results (red dotted line) in accordance with RNN
algorithm with sigmoid function

t (min)
[Fig. 19] Comparison of reference trajectories (black solid line)
output results (red dotted line) in accordance with RNN
algorithm with ReLU function
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[Fig. 20] Model-learning errors based on RNN algorithm with
hyperbolic tangent function

[Fig. 21] Model-learning errors based on RNN algorithm with
sigmoid function
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[Fig. 22] Model-learning errors based on RNN algorithm with
ReLU function

[Table 13] Model learning errors by activation functions

Activation Function MAE RMSE MAPE
(Deg) (Deg) (Deg)

Hyperbolic Tangent 0.15 0.17 76.53
Sigmoid 0.25 0.28 194.18
ReLU 0.28 0.32 233.33
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[Fig. 23] Comparison of reference trajectories (red solid line)
output results (green dotted line) on model #1 in [Table 12]
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[Fig. 24] Comparison of reference trajectories (red solid line)
output results (green dotted line) on model #2 in [Table 12]
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[Fig. 25] Comparison of reference trajectories (red solid line)
output results (green dotted line) on model #3 in [Table 12]
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[Fig. 26] Comparison of reference trajectories (red solid line)
output results (green dotted line) on model #4 in [Table 12]
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[Fig. 27] Comparison of model-learning errors between the
proposed hyper-parameter and hyper-parameter of model #1
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[Fig. 28] Comparison of model-learning errors between the
proposed hyper-parameter and hyper-parameter of model #2
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[Fig. 29] Comparison of model-learning errors between the
proposed hyper-parameter and hyper-parameter of model #3
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[Fig. 30] Comparison of model-learning errors between the
proposed hyper-parameter and hyper-parameter of model #4

5.8
2 =22t 2R vy EY olE 9 34 RS ok53st
< Ul e AT sl Z3HE Fol Aljbst itk Al
Shg oA 2R iy Edolg=iE SYd S8 4%, 4
& 193 B0 i A= %‘r’d%” d1EEo o
tolEZ ARG E e, S8 4= &S AGT daEs

o) £ HlojE 2 ALET EF, 2 UH]%gEﬂOlEH 5
H 592 S5 v 220 slo]H Hetue S Ao
o, of2] 714 stolH Hetuglele] vl w s Ea) A4 sfo
W wjzhu|E o] et el e ABelenh 271 02, s

—



394 =513 =54 A193 443 (2024, 12)

S S 45
0 3 6 9 12 0 8 6 9 12
t (min) t (min)
o 7 Q—IZO'
j<5) j<5)
[=J8 «r——/‘\\/\/—/\ 8135
S S50
0 3 6 9 12 0o 3 6 9 12
t (min) t (min)
= 4 /@115
j<5) j<5)
80 2 100
A0 =)
& 4 & o5
0 3 6 9 12 0 3 6 9 12
t (min) t (min)
o 7
j<5)
£ W_r\#/\
&7

0 3 6 9 12
t (min)

[Fig. 31] Comparison of tracking trajectories in closed-loop
control simulation with system models based on RNN algorithm
(red dotted line) on reference trajectories (black solid line)
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[Fig. 32] Comparison of circular trajectory-tracking errors (blue
dashed line) and square trajectory-tracking errors (red dotted
line) in closed-loop control simulation with system models
based on RNN algorithm
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[Fig. 33] Comparison of tracking trajectories in closed-loop
control simulation with system models based on RNN algorithm
(red dotted line) on reference trajectories (black solid line)
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[Fig. 34] Comparison of circular trajectory-tracking errors (blue
dashed line) and number ‘8’-shaped trajectory-tracking errors
(red dotted line) in closed-loop control simulation with system
models based on RNN algorithm
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[Table 14] Square trajectory-tracking errors in closed-loop
control simulation based on RNN algorithm

Joint MAE RMSE MAPE

No. (Deg) (Deg) (%)
1 0.0157 0.0193 80.2187
2 0.0238 0.0297 87.9867
3 0.0201 0.0251 64.4136
4 0.0244 0.0312 86.9897
5 0.0195 0.0121 96.8437
6 0.0221 0.0256 86.9532
7 0.0163 0.0216 96.0126

[Table 15] Number ‘8’-shaped trajectory-tracking errors in
closed-loop control simulation based on RNN algorithm

Joint MAE RMSE MAPE

No. (Deg) (Deg) ()
1 0.0393 0.0401 78.3879
2 0.0397 0.0421 84.3199
3 0.0376 0.0403 67.4239
4 0.0373 0.0431 81.5423
5 0.0435 0.0423 93.1453
6 0.0386 0.0443 84.1013
7 0.0411 0.0429 89.3543
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