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Abstract

To address the issues of unstable prediction performance and insufficient robustness in unsuper-
vised model transfer methods for near-infrared spectroscopy when anomalous samples exist in the

XESF|IH: MR FETF RN ET SIS A SRR AT L], NI, 2026, 16(4): 323-334.
DOI: 10.12677/app.2026.164030


https://www.hanspub.org/journal/app
https://doi.org/10.12677/app.2026.164030
https://doi.org/10.12677/app.2026.164030
https://www.hanspub.org/

Az

target domain, this paper proposes an unsupervised model transfer method based on minimum co-
variance determinant alignment (MCD-uDAR). This method employs MCD to achieve robust distri-
bution parameter estimation for predictions in both source and target domains, automatically iden-
tifying and suppressing interference from anomalous samples to accomplish cross-domain distri-
bution alignment and model transfer under unsupervised conditions. Simulation results demon-
strate that in the absence of anomalous samples, this method achieves prediction accuracy compa-
rable to an ideal source domain model. Under interference from distribution-drifted anomalous sam-
ples at rates of 10% to 40%, its predictive performance significantly outperforms classical methods
such as uDOP and di-PLS, providing a reliable solution for unsupervised model transfer in complex
scenarios.
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Figure 1. Spectra of three pure components
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Figure 2. Spectra of simulated datasets: (A) Source domain; (B) Target domain
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Table 1. Evaluation results of different model transfer method on Simulation Data

F 1. FRIBEREBEAENERE LITEER

. RMSEP RPD
L2 YRS
Y Y2 Y3 Y1 Y2 Y3
None? 0.0121 0.0115 0.012 61.9851 71.0945 56.4196
None 2.6108 2.7509 2.74 0.2887 0.2979 0.2477
uDOP 2.6063 2.7647 2.7411 0.2831 0.2902 0.2424
di-PLS 0.0771 0.1997 0.1911 9.5765 4.0189 3.4769
MCD-uDAR 0.0123 0.0118 0.0111 60.9567 45.2814 55.3318
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Figure 3. Prediction histograms of the source domain model for the target domain in the simulation data, along with the fitted

normal distribution curves
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Figure 5. Target domain spectra with varying proportions of outliers incorporated: (A) 10%; (B) 20%; (C) 30%; (D) 40%
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Table 2. Evaluating the performance of different model transfer algorithms on simulation data using Y1 as the response variable

= 2. KLY AN B ETHE T EMR BB EA A TR RE ERITHER

» 10% 20%
BRI
RMSEP RPD RMSEP RPD RMSEP RPD RMSEP RPD
None 2.5489 0.2957 2.38 0.3167 2.4781 0.3042 2.2879 0.3295
uDOP 2.751 0.2683 2.3933 0.3083 2.669 0.2765 2.3533 0.3136
di-PLS 0.5905 1.2497 0.6287 1.1738 0.9225 0.7999 0.8655 0.8526
MCD-uDAR  0.0359 21.7658 0.3369 2.1706 0.2919 24716 0.9473 0.831
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Table 3. Evaluation results of different calibration transfer methods on soy
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Figure 7. Spectra of simulated datasets: (A) R1; (B) R2
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