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Abstract: In order to achieve rapid and non-destructive detection and classification of the freshness of mutton, in this work, a
raw dataset of chilled mutton’s freshness was first constructed through integrating multiple freshness indicators with hyperspectral
data. A variety of preprocessing techniques were applied to establish a Support Vector Regression model, through which the optimal
preprocessing method was determined. Subsequently, a feature selection process was initiated via Random Forest-based Recursive
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Feature Elimination and an autoencoder for band selection on the basis of the preprocessed datasets. A Light Gradient Boosting

Machine (LightGBM) was subsequently built on the selected feature dataset to detect the freshness of chilled mutton. Given the

limitations of traditional LightGBM in handling high-dimensional and sparse spectral data, particularly the low classification

performance and lack of generalization capability, a multi-strategy optimization method based on the Hybrid Bat Algorithm

and Nutcracker Optimization Algorithm was introduced to improve LightGBM. The improved LightGBM was compared with

classification methods such as the original LightGBM, XGBoost, Support Vector Machine (SVM), and Random Forest (RF),

followed by validation on datasets of different scales. The results demonstrated that the multi-strategy improved LightGBM achieved

a freshness grade classification accuracy of 0.988 1, resulting in a 3.57% improvement compared with the unimproved version, with

weighted precision, weighted recall, and weighted F1 scores reaching 0.988 6, 0.988 2, and 0.988 3, respectively, all outperforming

other classification methods. Furthermore, when detecting freshness grades across datasets of different scales, the model exhibited a

consistent accuracy within the range of 0.984 0 to 0.989 0, indicating its good generalization capability and robustness. In summary,

the effectiveness of the proposed improved LightGBM model has been validated in this work, providing a novel approach for rapid

and non-destructive detection and classification of chilled mutton’s freshness.
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Table 1 Freshness composition of the dataset
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# HABATRAL, THIRAFALI R E £ F

Create an autoencoder (optimizer=‘adam’, loss="mse’), then Start training: Min PZ,,,., *Zlm,L,sz
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Fig.6 Changes in mutton freshness indicators with in 14 days
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Table 3 Performance of models built with different

preprocessing methods
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Table 4 Comparison results of feature selection

$iEiLFET Ak RE% MSE, R’ MSE, R/

RFFEA 35 26263 09869 2.6394 09854
CRAS 43 53800 0.9670 5.4248 0.9701
SPA 50 11.2458 09464 13.0724 0.9208

o FxEFix  MSE  MAE EVS R
None 03055 03806 0.6985 0.6945
MSC (best) 0.1124 02021 09212 08776
TVB-N FD 0.1232 02129 09151 0.8969
SG 0.1673 02787 0.8463 0.8327
MSC-FD  0.0686 0.1879 0.9327 0.9313
None 02375 03641 07649 0.7625
MSC (best) 0.0344 0.1299 0.9695 0.965 6
pH FD 0.0417 0.1544 09635 09583
SG 0.0796 02009 09251 0.9204
MSC-FD  0.0587 0.1846 09425 0.9412
None 0.1619 02763 0.8385 0.8381
MSC (best) 0.0215 0.1056 09812 09785
TAC FD 0.0321 0.1356 09745 0.967 8
SG 0.0742 0.1916 09282 0.9257
MSC-FD  0.0411 0.1541 09611 0.9511
None 0.1806 03093 0.8196 0.8194
MSC (best) 0.0406 0.1396 0.9638 0.9594
MPN FD 0.0411 0.1508 09626 0.9589

SG 0.0775 01977 09258 09224
MSC-FD  0.0553 0.1735 09461 09446
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Fig.7 The DN values after pretreatment of the spectrum
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Table 5 Classification performance comparison of different models

Weighted Weighted Weighted

A Accuracy Precision Recall FI Score

% %ok Pt LightGBM 09881  0.9886 0.9882 0.988 3
PRk LightGBM - 09643 09668 0.9643 0.963 9
LightGBM 0.9524 09530 09521 0.9520
XGBoost 0.9405 09469 09404 0.9389

SVM 09286 09355 09286 0.9259

RF 09167 09288 09167 09132
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Table 6 Classification performance of multi-strategy improved

lightGBM on datasets of different scales

2 ; Weighted ~ Weighted — Weighted
* £
SRS Accuracy Precision Recall F1 Score
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