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Abstract

Wheat is one of the most important food crops in the world, and its grain protein content is a key
indicator for evaluating wheat nutritional quality and processing quality. Traditional protein detection
methods mainly rely on chemical analysis or precision instruments, which suffer from long detection cycles,
complex operations, and sample destructiveness, making it difficult to meet the urgent demand for rapid
and non-destructive testing in modern agricultural production. Near-infrared spectroscopy technology, with
its advantages of speed, non-destructiveness, and environmental friendliness, has shown broad application
prospects in the field of agricultural product quality detection. However, near-infrared spectral data
typically exhibit characteristics such as high dimensionality, strong multicollinearity among variables, and
complex nonlinear relationships, while traditional modeling methods have certain limitations in deep
feature extraction. Therefore, exploring near-infrared spectroscopy analysis techniques integrated with deep
learning is of great significance for improving the prediction accuracy of wheat protein content. This study
takes wheat grain near-infrared spectral data as the research object, systematically investigates key issues
including sample partitioning, data augmentation, spectral preprocessing, feature variable selection, and
deep learning modeling, constructs a wheat protein content prediction model, and develops a deep
learning-based spectral indicator prediction system. The main research contents and achievements are as
follows:

(1) To address the problem of limited sample size, the Wasserstein Generative Adversarial Network
with Gradient Penalty (WGAN-GP) was introduced for data augmentation on the training set, generating
synthetic data with similar statistical characteristics by learning the probability distribution of original
samples. Through systematic analysis of the feature space distribution, target variable distribution, and
multiple indicators such as FID, MMD, and SWD of generated spectra under different training epochs, the
model was determined to achieve optimal performance within the 3500-5000 epochs interval. Further
comparative experiments showed that the 6-fold data augmentation scheme achieved the best balance
between accuracy and stability, effectively enhancing the stability and generalization ability of subsequent
modeling.

(2) To address issues such as noise interference, baseline drift, and scattering effects in raw spectra, the
effects of various preprocessing methods were systematically compared. Feature band selection algorithms
were employed to extract key characteristic bands. The results indicated that the selected characteristic

bands were mainly concentrated in the regions of 1100-1400 nm, 1500-1900 nm, and 1900-2500 nm, which



are closely related to the vibrational absorption characteristics of functional groups such as N-H and C-H in
proteins, providing effective spectral information for subsequent model construction. Preliminary modeling
validation was conducted using Partial Least Squares Regression (PLSR).

(3) In terms of deep learning, the predictive performance of multiple models including
One-Dimensional Convolutional Neural Network (IDCNN), CNN-LSTM, CNN-LSTM-Attention, and
Enhanced CNN-LSTM-Attention was compared. The results showed that the Enhanced
CNN-LSTM-Attention model, which integrates multi-scale convolution, bidirectional LSTM, adaptive
fusion attention mechanism, residual connections, and layer normalization strategies, achieves collaborative
modeling of multi-level features in spectral data, demonstrating the best performance among all models.
Notably, under the SG-MSC-UVE feature combination condition, the model achieved a test set R? of
0.8939 and an RPD value of 4.67, demonstrating extremely high prediction accuracy and generalization
capability. Meanwhile, the SHAP method was introduced for interpretability analysis of the optimal model,
revealing the contribution of key wavelength variables and their interactions to the prediction results.

Key words: Near-infrared spectroscopy; Wheat grains; Protein content; Deep learning; Generative

adversarial network
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