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Abstract Extreme learning machine (ELM), as a kind of single hidden layer feedforword neural networks, is an
important tool in big data analysis. Compared with traditional neural network methods, it has simple structure, high
learning speed and good generalization performance. However, the output weight of ELM is estimated by the least
squares estimation (LSE) method, and thus ELM network lacks of robustness since LSE is relatively sensitive to
outlier. A new robust ELM based on least absolute deviations (LAD) regression, called LAD-ELM, is presented.
Moreover, the proposed LAD—ELM is posed as a linear program with global optimal solution. Furthermore, the
proposed LAD-ELM is directly used for near—infrared (NIR) spectral analysis, and an analysis system for hardness
of licorice seeds is built based on LAD-ELM and NIR data. Compared with the traditional methods, the experimental
results in different spectral regions show the feasibility and effectiveness of the proposed method. Moreover, the
investigation provides theoretical support and practical method for studies on licorice seed hardness using ELM and
NIR technology.
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Fig.1 NIR spectra of licorice seeds
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Table 1 Four spectral data sets

5000

Sample set Spectral range /cm™’ Number of samples Wavelength /nm
Set A 10,000~12,000 112 525
Set B 8000~10,000 112 525
Set C 6000~8000 112 525
SetD 4000~6000 112 525

4.2 LIGFIT SHIELIE

SLHRAE Matlab7.0 |52 8, 0 B OPUSK.5 #447) i 1% 7 46 J5 L 7 4000~12000 cm D't 1% 46 Fl N, 4
AN b A] RN Sy — > 2100 ZE (9 51 1) &, 7E S5k A% v fifi ] Matlab Statistics Toolbox il Matlab Optimization
Toolbox #4473 B 5236 45 5, Horh Matlab pR %L quadprog 1 T 3K ## 3¢ 4% 1) £ L 171 9 (SVR) A ELM i At Ak [7]
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Table 2 Comparison of ELM, SVR and LAD-ELM methods

Data set Methods Seec Seselfsst Sop Ssec/fser
ELM 0.1763 0.3912 0.2049 0.8604

Set A SVR 0.2423 0.3857 0.2958 0.8191
LAD-ELM 0.1495 0.3100 0.2029 0.7368

ELM 0.0841 0.1189 0.1065 0.7897

Set B SVR 0.2252 0.2708 0.2733 0.8240
LAD-ELM 0.0705 0.0855 0.1059 0.6657

ELM 0.0591 0.0857 0.0831 0.7112

Set C SVR 0.1587 0.1194 0.1939 0.8185
LAD-ELM 0.0493 0.0691 0.0821 0.6005

ELM 0.0551 0.0839 0.0783 0.7037

Set D SVR 0.1323 0.1023 0.1931 0.6851
LAD-ELM 0.0452 0.0487 0.0748 0.6043

%3 ELM, SVR #ll LAD-ELM 45 i+ [a] it kb 45
Table 3 Comparison of ELM, SVR and LAD-ELM in terms of fcpv

Methods Set A Set B Set C Set D

ELM 0.0140 0.0149 0.0145 0.0153

Time/s SVR 0.0449 0.0472 0.0443 0.0457
LAD-ELM 0.0211 0.0208 0.0220 0.0232
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