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Method De-noising, normalization and alignment ~ Application Accuracy Disadvantage Ref.
Deep Boltzmann machine No Industrial diagnosis 29.85%-93.67% High computation time [8]

Modified SVM and RFE ~ No Steel plates diagnosis 80.74% Crippled detection rate [9]

CMFE and ESVMs No Rolling bearing diagnosis ~ 100.00% Crippled detection rate [10]
CNN No Chemical process diagnosis 91.00% High computation time [11]
Decision tree No Milling Tool diagnosis 81.00% Structure and threshold [12]

difficult to define

Extreme learning machine No Aecro-engine diagnosis 90.00% High computation time [13]
CNN based on LeNet-5 No Motor bearing, etc. 99.481%-100.00%  High computation time [14]
Sparse auto-encoder No Motor bearing 99.82% High computation time [15]
HCNN No Motor bearing, etc. 96.10%-99.82% High computation time [16]
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