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Vibration amplitude prediction method for turbine rotor sliding bearing
based on YOLOVS8 optimized attention mechanism
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Abstract: The early faults of sliding bearings are highly concealed. To accurately predict their vibration
amplitude, a deep learning model incorporating a YOLOv8-optimized CBAM attention mechanism is proposed.
The CBAM module is embedded between the Backbone and Neck to enhance the model’s focus on critical
vibration features. Additionally, an improved complete intersection over union loss function is employed to
enhance object detection accuracy. Considering the nonlinear and non-stationary characteristics of vibration data,
the empirical mode decomposition (EMD) method is integrated into the model to improve the accuracy of
vibration state prediction. The experimental results show that, on the 600 MW steam turbine operation dataset,
this method improves the detection accuracy by 2.85 percentage points and 8.50 percentage points compared with
that of the conventional YOLOvV8 and YOLOV7, respectively. Moreover, the root mean square error (RMSE) is
reduces, and the mean absolute error (MAE) decreases. Furthermore, in high-noise environments, the model’s
error fluctuation reduces by 30% compared with that of the conventional methods, demonstrating stronger
generalization ability and stability.
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Fig.8 The average prediction accuracy of different models

ARSIV T AR BRI RS EE AL (FP16) 2%
PR RS FE A e LR B, B R ALEE S SIS AE
NVIDIA A100 GPU Al TensorRT “F-& 4T, i@id hn
AR AR AR, X FLAE ARSI B 4 1
MAP CPEIREEEIIE) FACEIER (Risk FUE T4
AEERITE]D) FEAT T XTECAT, S5 RE 9 FR, SLEe
VRS T AN[F) 5 2% FE A RAE e 8 R ERS B2 TR ) T4 o

mAP 5 ZEIR 1K R (A100 TensorRT FP16)

[ —voLovs
" YOLOV7
T —-YOLOV-6.0-7.0
[-#
Z 45
40
35 SRS S

1.0 15 2.0 2.5 3.0 3.5
HEIRA100 TensorRT Fpl6 (ms)
9 FABEML T AEIEEBIFEE LLR

Fig.9 The accuracy of different models under half-precision
optimization




%5

W 55 HT YOLOVS fithid B AL IR ML 11 Sl R Ik sl e (B T U5 9 129

X TR AEfE ] NVIDIA A100 GPU Al TensorRT
HHATHREE (FP16) HRALIS, R AbFRAE5K P51
SPIREIR (DL BT o AEBBE, ARA
W SRR .y BN AEBR AR B mAP GRS B2
PHED X — Mg EA AR TR bR R
PR PG A A I 1 b 10 G 220 A (1) B D 1R 25
GV R, AR HERR MR

FEMHARBY B, R MR AR o BN 5k
%5, BRI ZE X (R IR, 4z BT
JERIRZE AT (B 10) « BE5 UL x HE R R 2l
(BN SHRENEE B0 , y WEREANREX
WIIAIR CHBLXRED

-0.3 -0.2 -0.1 00 0.1 02 03 04
SR7EH

E 10 RBLWERZKEEAE
Fig.10 Residuals histogram of model experimental results

HIEL 10 PO, oSt Jm AR A A AR Sl e i T
TR A . DRI EE T T-01~01, &
WP TRNR 220, ARG L e B Z2 A (R L

0.01

0.03

s

0.02

0.02

<t-0.02 0.03 0.03 0.02
i P i '

0 1 2 3 4
TR

a) Yolov8 7k i i k4

X35 2 30 B S R RS A AR, 3 — 2B R 1R
TS R R e e St . SESEAAEL, &
BTN e ) RN, RIAIRZE AT
Bl A, REEK. RGBTV, 2R
52 24 TR R RIS 5040 Ak 3 A (1) o A e A A
WS, PRI BRAE T AR SR

K 11 Xk T 5N CBAM VE = J1HLH S 1Y
CBAM-YOLOV8 #5245 4 YOLOVS B IRV
R

M 11 7] W, JR4E YOLOVS BERLZEK ) 1 1
(PR %69 0.91, R R E ) 2 A2 3 (1)
MEZ43 5 0.05 A1 0.02, H AR MR I
fiGs 2800 2 T ERf 20 0.85, RAFEEFI 1
[FIMEZ N 0.06, FHARFNRDIREAL: 231
TRIERf 24 0.90, R4 BMEZRIAK; 0 4 FI2k
B 5 FTINERS 25 5y 0.91 F1 0.90, R42KHE
I,

7N CBAM Fitkj5, CBAM-YOLOVS FE#7E
F 1 BT AER AT 2 0.93, BRI
2 MR BE 2 0.03, HARIHNRS BRI DD
255 2 T HERf 2 TF 25 0.88, R REIG 11
MEZ %22 0.04, AR AR5 M3 — 20 A%
551 3 RIS 4 HTUIAERG 2R 4> AIEETE 42 0.92 A
0.94, RMBERJLFN 05 FA 5 ITIHERG R A
0.93, R/ RFLRFFRALKT .

0.02

0.03

0.02

T by

b) CBAM-Yolov8 JF i

B 11 FnEEHEARERER LR
Fig.11 The confusion matrices with attention mechanism

MAKKE, CBAM-YOLOVS HERIZE il 25 b
TR AERR B2 3T, iR 2R KR R, JoH
N 1 52559 2 Z [R5 S B b . iX R 1,

http://rlfd.cbpt.cnki.net

CBAM R GBS A R s AR R X6 SCE A5 B X Ik
KV, MR Z K0 0 AT 5 et 5 0.
% 1 NS EATAES AT mAPS0-95/% (ks E




130 kA%

2025 4E

PMEAEA R S EE BRI T IS5 2R ) [ B4

£ 1 BEBAEER MR mAP50-95/% bLAS
Tab.1 The accuracy and mAP50-95/% of various models

LAY Pre/% mAP50-95/%
CBAM-YOLOv8 93.96 53.5
YOLOv8 9111 55.0
YOLOv7 85.46 52.0
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