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Abstract

This study proposes a mechanical equipment fault diagnosis and prediction method based on an
improved Coati Optimization Algorithm (ICOA)-enhanced parallel extreme learning machine (PELM).
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To address issues such as slow convergence and susceptibility to local optima in fault diagnosis us-
ing parallel ELM, an improved Coati Optimization Algorithm scheme is introduced to optimize the
parameters of the parallel ELM. Through multiple comparative experiments, the superiority of the
proposed method is validated in terms of diagnostic accuracy, prediction precision, convergence speed,
and robustness. Experimental results demonstrate that the ICOA-optimized parallel ELM model
achieves a diagnostic accuracy of 99.6% on the CWRU bearing dataset. Furthermore, under varying
levels of interference, the ICOA-optimized parallel ELM exhibits strong robustness, significantly out-
performing traditional optimization methods.
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Figure 1. Structural diagram of parallel extreme learning machine
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Figure 2. Prediction flow chart of the improved raccoon algorithm parallel extreme learning machine
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Table 1. Training results based on the training set

#= 1. EFIINEENINGER

T Accuracy Precision Recall F1
ICOA-PELM 97.6% 97.6% 97.4% 97.5%
COA-PELM 91.5% 91.5% 90.6% 91.2%
CAWOA-PELM 93.8% 93.8% 92.3% 93.5%
QBSA-PELM 93.4% 93.2% 92.8% 92.9%
ILPSO-PELM 94.7% 94.7% 94.2% 94.4%

Table 2. Prediction results based on the test set

2. BT MRENTUNER

it Accuracy Precision Recall F1
ICOA-PELM 99.6% 99.6% 99.2% 99.4%
COA-PELM 92.5% 92.3% 91.8% 92.0%
CAWOA-PELM 94.6% 94.6% 94.0% 94.2%
QBSA-PELM 94.4% 94.4% 93.6% 94.0%
ILPSO-PELM 95.4% 95.4% 94.8% 95.0%
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Figure 3. Prediction results of five forecasting models under low noise
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Figure 4. Prediction results of five prediction models under high noise
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Table 3. Prediction results of five prediction models under low noise

3. RIRAE T AMFUNERHFUNER

T 4dB 8 dB 10dB 12 dB 14 dB
ICOA-PELM 98.2% 98.4% 98.6% 99.0% 99.2%
COA-PELM 90.2% 90.6% 90.8% 91.0% 91.4%

CAWOA-PELM 92.2% 92.8% 93.4% 93.6% 94.0%
QBSA-PELM 92.0% 92.6% 93.2% 93.4% 93.8%
ILPSO-PELM 92.6% 93.2% 93.8% 94.2% 94.8%
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Table 4. Prediction results of five prediction models under high noise
4. SRE T AMTUNARER N FNEE R

R -4 dB -8 dB -10dB —-12dB -14 dB
ICOA-PELM 97.4% 96.4% 94.2% 92.6% 91.8%
COA-PELM 85.4% 83.4% 81.8% 80.2% 78.4%

CAWOA-PELM 90.8% 87.4% 85.4% 84.4% 81.8%
QBSA-PELM 90.2% 87.2% 85.2% 84.0% 81.4%
ILPSO-PELM 91.0% 88.8% 87.0% 85.4% 82.6%

4.4. BET RITHBRSLIEXTEE
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Table 5. Four different operating conditions

5. WA ENEITIR

A& &I 7N FEAHHE/Nm e /pm
N15-M07-F10 1000 0.7 1500
N09-M07-F10 1000 0.7 900
N15-M01-F10 1000 0.1 1500
N15-M07-F04 400 0.7 1500

EHHEE Y, 8 =AM DR MR TG0, BEARERWE 6 i, R EER i 2 R
< 7 s

Table 6. Three migration scenarios
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T 3 GERE M EAR) N15-MO1-F10 N15-M07-F04

Table 7. Prediction results of five prediction models under different migration conditions

7. FEEH TR T AMITUNAR BTN EE R

T TH1 T4 2 T3
ICOA-PELM 96.4% 97.8% 98.5%
COA-PELM 68.4% 75.6% 89.7%

CAWOA-PELM 76.8% 88.5% 92.8%
QBSA-PELM 78.2% 80.4% 91.7%
ILPSO-PELM 83.4% 92.1% 94.1%
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