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Tab. 4 Different test results of neural networks

ory e BRI R L BCEHtE mhE 1J”%%H€%§ U”%%jﬁﬂj ﬂ”%%y}jﬁ muu;%ﬁlm% @Zﬁxiz ‘Jﬂﬂﬁﬁ%ﬂl‘@

g v BEETRE mor PP U S g g PR SRR G

Learning . Number of determination MAE of RMSE of o . RMSE of
rate hidden layer iterations Data‘batch Hime coefficient training set  training set de[erm‘m‘atlon MAh of testing
node size step % P B coefficient  testing set ot B

MAE RMSE R*% Eyae RVISE
1 0.001 80 189 1024 7 92.39 291.21 405.35 90.98 325.43 443.59
2 0.005 80 189 1024 7 91.04 317.88 440.02 89.04 357.48 489.1
3 0.008 80 189 1024 7 93.21 276.9 382.96 90.87 324.277 446.39
4 0.01 80 189 1024 7 92.72 283.23 396.47 90.93 320.95 445.05

5 0.05 80 189 1024 7 4.96 974.93 1433.12 5.38 964.87 1437.48
6 0.01 16 189 1024 7 91.06 313.13 439.46 90.94 305.69 44481
7 0.01 32 189 1024 7 93.21 269.29 382.85 92.30 281.80 409.99
8 0.01 64 189 1024 7 89.15 323.06 484.18 87.97 346.12 512.52
9 0.01 80 189 1024 7 92.72 283.23 396.47 90.93 320.95 445.05
10 0.01 128 189 1024 7 94.80 235.54 335.00 93.31 258.10 381.99
11 0.01 80 100 1024 7 91.15 309.51 437.23 91.15 304.82 439.6
12 0.01 80 189 1024 7 92.72 283.23 396.47 90.93 320.95 445.05
13 0.01 80 300 1024 7 92.03 290.49 414.81 91.22 299.5 437.72
14 0.01 80 400 1024 7 93.33 263.09 379.52 91.99 281.27 418.23
15 0.01 80 500 1024 7 94.05 251.95 358.46 91.84 293.56 421.93
16 0.01 80 189 128 7 94.92 232.57 331.31 92.17 258.52 413.42
17 0.01 80 189 256 7 95.66 216.05 306.15 93.01 266.02 390.61
18 0.01 80 189 512 7 94.22 251.81 353.31 91.83 302.14 422.17
19 0.01 80 189 1024 7 92.72 283.23 396.47 90.93 320.95 445.05
20 0.01 80 189 2048 7 91.08 307.19 439.05 89.81 335.08 471.52
21 0.01 80 189 1024 5 91.70 304.36 423.50 90.30 334.98 460.21
22 0.01 80 189 1024 6 93.53 264.10 373.74 91.52 303.06 430.22
23 0.01 80 189 1024 7 92.72 283.23 396.47 90.93 320.95 445.05
24 0.01 80 189 1024 8 92.84 282.61 393.20 91.02 320.66 442.77
25 0.01 80 189 1024 9 90.81 319.61 445.42 89.97 340.35 467.82
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Tab.5 Comparison of accuracy in predicting wheel center forces by different neural network models

. L] o B EE TRt o D e B P4 A
g EON e KR VIR SRR ey O ey BRI
Wheel . R2E XiR22  Computat- Wheel o wRE iR .
Neural network Determination N . Neural Determination . Computational
center . ., RMSE MAE ional center . , RMSE MAE .
model . coefficient R* . network model X coefficient R time/s
force ER“SE EMAE time/s force ERMSE EMAE
F, 0.8725 403.95  282.09 F, 0.850 7 437.18  290.24
F 0.838 4 33457 23449 Kgicz-  F, 0.8392  333.82  220.06
o F, 0.9756 23037 16132 AR AL F. 0.966 7 269.50  175.09
KA HHEIZ LSTM 186.01 LSTM- 213.45
M 0.877 3 107.91  71.05 . M. 0.852'1 118.54  81.01
x self-attention x
M, 0.903 0 10933 75.66 mechanism M, 0.879 7 121.82 8187
M, 0.796 4 80.08  46.98 M, 0.743 4 68.55  43.29
F, 0.8710 40639  384.84 F, 0.794 8 929.09  487.82
Kahciz-2 3k F 0.776 6 393.43  260.70 F 0.695 7 663.80  391.56
VST HLE y A AN A y
[Es) F, 0.971 6 24892 177.37 WA pE F 0.990 3 219.58  147.04
LSTM-multi-head 221.92 o) : 295.21
attention M, 0.8759 108.56  73.02 I A2 M, 0.676 3 16543  103.14
mechanism M, 08998  111.17 7432 NARX model M, 04290 22822 113.95
M, 0.734 6 69.71 4532 M, 0.799 5 7577 52.45
F, 0.761 1 553.02 36237 F, 0.761 1 553.02  362.37
F, 0.663 8 656.06  45.07 F, 0.778 4 391.85  263.99
LR R F. 0.629 2 506.86  391.75 65030 Al L 04916  1053.63 565.93 ) 2303
MLP M, 04312 111450 595.60 ' BP model M, 07675  148.61  95.82 '
M, 0.694 4 170.38  109.18 M, 0.888 8 117.08  72.08
M. 0.807 1 15423  97.81 M, 0.8017 6027 3731
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Fig.9 Training error of LSTM neural network
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Fig. 10 Time-domain comparison between predicted loads and actual loads
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Fig. 11 Frequency-domain comparison between predicted loads and actual loads
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Fig. 12 Comparison of rain flow matrices between predicted loads and actual loads
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Tab. 6 Prediction accuracy of wheel center forces

LI} Aol WM ECSLEm RO B 2E
Wheel Data set Prediction Actual value  Relative error
center force ata e value damage damage of damage/%
][R S
U.l ﬁ:% 4.82x107° 4.96x107 2.80
P Training set
x il
“‘J.u@ 2.73x107 3.11x107° 12.17
Testing set
YIRS
1)‘] é‘ﬁ 5.65x1077 6.08x1077 6.98
P Training set
v IR
U‘J?ﬁ% 6.95x107" 7.90x107 12.00
Testing set
Ul[E7% S
U.l ﬁ% 1.71x10™* 1.76x10™ 3.14
p Training set
: A
W ka0 197107 3.43
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i | é/\
1).] 4% 3.81x107° 4.57x10°° 16.66
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Y
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Il %k
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o
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Tab.7 Correlation coefficients and coherence coefficients between input channels and six-component forces
i A iE A2 Z 5 Correlation coefficient A Z %L Coherence coefficient

Input channel F, F, F. M, M, M, F, F, F, M, M, M,
Accl@A_X_WC_LF 0.06 -0.02 0.11 0.04 0.09 0.05 0.60 0.09 0.14 0.12 0.39 0.20
Accl@A_Y_WC_LF 0.09 -0.27 -0.02 -0.21 0.02 -0.21 0.13 0.20 0.10 0.12 0.07 0.14
Accl@A_7Z_WC_LF 0.06 0.09 0.21 0.07 -0.01 -0.12 0.12 0.19 0.67 0.26 0.06 0.14
Accl@A_X_WC_RF -0.09 0.02 -0.06  -0.02 0.10 0.05 0.06 0.02 0.03 0.03 0.06 0.04
Accl@A_Y_WC_RF 0.06 -0.19 -0.03 -0.22 -0.01 -0.09 0.04 0.09 0.04 0.07 0.02 0.08
Accl@A_7Z_WC_RF -0.04 0.03 -0.03 0.00 -0.01 0.00 0.02 0.03 0.05 0.05 0.03 0.03
Accl@A_X_WC_LR -0.09 0.00 -0.02 -0.02 0.10 0.03 0.08 0.05 0.05 0.05 0.05 0.04
Accl@A_Y_WC_LR 0.05 -0.14  -0.03 -0.15 0.00 -0.14 0.04 0.06 0.07 0.06 0.03 0.05
Accl@A_7Z_WC_LR 0.01 -0.02 0.03 -0.01 -0.01 0.01 0.04 0.06 0.09 0.07 0.02 0.04
Accl@A_X_WC_RR -0.09 0.02 -0.03 0.02 0.08 0.03 0.03 0.03 0.02 0.02 0.03 0.02
Accl@A_Y_WC_RR 0.07 -0.16  -0.02  -0.17 -0.01 -0.12 0.02 0.03 0.03 0.03 0.02 0.03
Accl@A_7Z_WC_RR -0.01 0.02 0.00 0.02 -0.01 -0.01 0.01 0.03 0.02 0.02 0.01 0.01
Acc2@A_X_CMass 0.66 -0.08 0.15 -0.03 -0.78 -0.26 0.14 0.04 0.05 0.03 0.10 0.05
Acc2@A_Y_CMass -0.09 0.57 0.18 0.62 -0.06 0.41 0.02 0.11 0.06 0.09 0.01 0.06
Acc2@A_7_CMass 0.09 -0.02 0.19 0.03 -0.05 -0.07 0.04 0.04 0.07 0.05 0.03 0.04
DIS@DIS_LF -032  -0.16 -0.58  -0.27 0.37 0.09 0.13 0.16 0.56 0.24 0.06 0.14
DIS@DIS_RF -0.40 0.23 0.09 0.26 0.39 0.34 0.02 0.04 0.07 0.05 0.04 0.03
DIS@DIS_LR 0.29 -0.24 0.24 -0.16  -030  -0.27 0.04 0.06 0.09 0.06 0.03 0.04
DIS@DIS_RR 0.22 0.23 -0.07 0.20 -0.29 0.09 0.01 0.03 0.04 0.03 0.02 0.01
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Tab.8 Wheel center force results predicted by the compressed input

channels model

il fIEiEho)

BaOJd " N S ) . TIE]
wERE HrRR T gy
Wheel L . PORES . Computa-
Determination 7% RMSE . Relative .
center .. MAE tional
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Fig. 14 Schematic diagram of the load signal segmentation
3.2.2 Nk R TR M AL

W5 45 6 0 i B 2 BR R LR A7 B R R AT
PHz  PHE R I ZRAERT KR 502 s, 200 Il 2R A5 B e/
Bt L BIAY, H AN IS 40 7 i FUINRS BE AN 3R 9 R .
[ B, A 0 A TR (1 35 3 P AL T L DU 4 45
EOLIDEEI T R 3 dl o], ph 2 9 ml T, YIl 2k
AR /D S BCIUIN A FE W AT B AR 9 5 )R]
— LR R 9% e A T TN AR 1 4T3 i 8 A2 0 Ak 28k A
80% LA b 405 , B 2 90% LA A4 , H. 3 YR F 4%
TR —F, DCUER] T # 3 1 RRAE S B0RT i 45 i
0 fe /N ey i B A B0 T e /INEC Y SR AR R X6
AN B AT B ELAT e iz AR RE T
—e — /¢ A O i I Ty B AR AP S A

Mean similarity of PSD for three-direction wheel center

acceleration of the left front wheel

—e— L RTINS 0 )0 el H R B

HNid % Acceleration/

1.0 1.2 [a Mean regression coefficients for neural network 7 3.2 180
« predictions of six-compontent force  _ —e @ IS
0.9 [ - " 170 %
0.8 | ~ N 12.8 g
o6F T 2160 3
0.6 | L \ z - 4 - P{fiPvalue 124 € |59 &
& 03 I\ —v= Def AR R £1%0 =
ot .. \ Relative error of pseudo = |40 &
0.4 . \ damage/% 12.0 a, Jrk‘
~03 b ICEERA S N 130 &
02F ~ 416 =
-0.6 R ey S {20 &
0t —09H ’ y ’ —I12 10
5 10 15 20 25
R173 R BelK B Segmentation length/s
(a) PILEEAFMESHL
(a) Characleristics parameters of wavy road
= — i RGO A Ty s AR A £
Mean similarity of PSD for three-direction wheel center
acceleration of the left front wheel
—e— PPEEFALE TN 53 )0 A S AU
085 r Mean regression coefficients for neural network 3 180
: 4 _ predictions of six-compontent force_ _ o-®
of - ---F 175 &
0.80 17 5
o 170 E
=
e — [
075t . 675 165 2
o o N Je =
= o0} NS =
: h A 455 4&&
. i
- 4 - Pt P-value ~ )14 150 2
0.65 —8 e fe o e ~. =
—v = PR iR 2 .y 145 =
d Relative error of pseudo damage/% 13 <
060t —10L . . . — 440
10 15 20 2526

K143 )7 Bt J% Segmentation length/s

(b) R BEARIES£L

(b) Characteristics parameters of Belgium road

- 0r SN EMHHME S KE Original load signal length
g v #5509 i B
s 50N Load signal segmentation fragment length
2 \
E \
5 40 \
E \
g 30 \
‘ D
= S
= b o
e é
i ¢
Z
=y /
= 0 o
%
ANZNING
0 5 10 15 20 25 30 35

#%.2% 5 Road condition code

(c) FHEHLF Bk 432521
(¢) Segmentation results of each road condition
E15 #HERFERIPTERER
Fig. 15 Schematic and results of load segmentation
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Tab.9 Wheel center force accuracy predicted by minimum dataset
model
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Data-driven method for rapid prediction of vehicle road load
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Abstract: The six-component forces at the wheel-road interaction represent the sole coupling between the vehicle and the
road surface, and obtaining these forces is critical for conducting reliability and durability assessments of the entire vehicle. In
response to the high cost, long cycle, and low efficiency associated with traditional methods for obtaining wheel six-
component forces, a data-driven approach for rapidly predicting wheel loads was proposed. Firstly, for the non-stationary
random signals on real vehicle roads, a joint method of the complete ensemble empirical mode decomposition with adaptive
noise (CEEMDAN), permutation entropy (PE), and wavelet threshold denoising (WTD) was applied for the data denoising.
Secondly, the easily obtainable and low-cost data, such as wheel center acceleration, damper displacement, and center of mass
acceleration, were used as inputs. Various neural network architectures with nonlinear transfer relationships were designed for
multi-surface wheel six-component force prediction. A multi-dimensional load prediction evaluation system was established in
the time domain, frequency domain, and damage domain. Finally, in order to overcome the challenges of a large and costly
training dataset, an input channel compression method based on the correlation and coherence analysis of neural network
inputs and outputs was proposed. Minimum load signal segment division criteria were introduced, and the minimum segment
duration for each road surface was determined to compress the training dataset. Through continuous model iterations, the
predicted values of the wheel six-component forces closely match the measured values, and the load characteristics are
preserved. This demonstrates that the minimal dataset model can achieve a high level of prediction accuracy with fewer input
channels and shorter load segment durations, resulting in a 28. 85% improvement in computational efficiency.

Key words: Six-component force of the wheel center; Load prediction; Neural network; Damage assessment; Fatigue
durability analysis
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