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Accurate detection of blending proportions in tobacco formulations is crucial for ensuring the quality consistency and flavor stability of cigarette products. In recent years, modeling approaches based on near-infrared spectroscopy (NIRS) have attracted significant attention for the quantitative analysis of tobacco blending. However, due to variations in tobacco composition and spectral characteristics across different cigarette brands, the generalization ability of NIRS-based models often declines when applied to cross-brand prediction tasks. To address this issue, this study takes the detection of blending proportions of tobacco silk in tobacco formulations as the research focus, and investigates transfer learning strategies aimed at enhancing the cross-brand adaptability of NIRS-based models. A partial least squares regression (PLSR) model was first developed using NIRS data from four different tobacco brands, achieving high prediction accuracy on the combined dataset (RMSEP = 1.20%). However, when the model trained on a single brand was applied to predict other brands, the prediction performance decreased notably. To improve model adaptability, three approaches were explored: Transfer Component Analysis (TCA), Correlation Alignment (Coral), and model updating. The results show that TCA-PLSR achieved substantial reductions in prediction error in most transfer tasks involving large discrepancies in feature distributions. Coral-PLSR demonstrated superior performance in transfer tasks involving similar spectral feature distributions. Additionally, in transfer tasks characterized by substantial distribution differences, the Updated-TCA-PLSR model, which incorporates a small proportion of target domain samples into the source domain before domain adaptation, yielded accurate predictions of tobacco silk blending proportions. These findings demonstrate that transfer learning and model updating offer practical, flexible, and robust approaches for enhancing the performance of NIRS-based models, supporting more accurate and consistent quality control in industrial-scale formulated tobacco production.
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1 Introduction

The cigarette industry, as a significant component of the global economy, plays a crucial role in contributing to fiscal revenue and employment. Its sustainable development is closely linked to the stability and growth of the broader socio-economic landscape (Yach and Bettcher, 2000; Zhu et al., 2022). According to data from the World Health Organization, China is not only the largest producer but also the largest consumer of tobacco products globally (Zhu et al., 2024). With the continuous rise in consumer expectations for cigarette quality and the industry’s growing emphasis on product consistency and stability, quality control has become a central concern in cigarette manufacturing. In cigarette production, the blending proportions of components in the formulated cut tobacco—such as tobacco silk, cut stem, and expanded tobacco silk, and reconstituted tobacco shred—have a direct impact on the overall quality of the final product. These components determine not only the chemical composition and combustion characteristics of cigarettes but also significantly influence the sensory experience (Chen et al., 2015; Wu et al., 2022). Moreover, an optimized blending ratio enhances resource utilization efficiency and reduces manufacturing costs, thereby improving the overall economic performance of the production process. Therefore, the accurate detection of the blending proportions in formulated cut tobacco is of great significance for ensuring the consistency and stability of cigarette quality, meeting diverse market demands, and promoting the sustainable use of tobacco resources.

Traditional approaches to determining the blending proportions of components in formulated cut tobacco primarily rely on manual weighing and chemical analysis. Manual separation and weighing of each component is highly subjective and inefficient, with results susceptible to operator variability (Bi et al., 2019). While physicochemical analyses—such as total nitrogen, sugar content, and cellulose—have also been used to infer blending ratios, these techniques are time-consuming, labor-intensive, and not suitable for high-throughput industrial applications (Li et al., 2013; Wu et al., 2022). Therefore, there is a critical need for rapid, accurate, and non-destructive methods for component quantification in formulated tobacco.

Near-infrared spectroscopy (NIRS), which utilizes overtone and combination absorptions of hydrogen-containing functional groups (C–H, N–H, O–H), offers a promising solution due to its speed, non-destructive nature, and ability to capture compositional information (Cen and He, 2007; Pu et al., 2020). In recent years, NIRS has received extensive attention in the tobacco industry, particularly in the detection of physicochemical indicators of tobacco leaves (Liang et al., 2022) and tobacco leaf quality grading (Bin et al., 2016; Li et al., 2020; Liu et al., 2020). In the detection of blending proportions in formulated cut tobacco, Liu et al. (2021) applied NIRS combined with linear non-negative regression to determine the proportion of cut stem. Using orthogonal partial least squares discriminant analysis, pure cut stem, pure tobacco silk, and formulated cut tobacco samples containing different blending proportions of cut stem, achieving relative errors of less than 5% between predicted and actual values, are successfully classified. Similarly, Wu et al. (2022) utilized NIRS to analyze the proportion of cut stems. By employing a partial least squares regression model, rapid quantification of the cut stems blending ratio was achieved, with relative errors within 3.88% for external validation samples. These studies demonstrate that NIRS enables rapid and accurate analysis of blending proportions in formulated cut tobacco. However, existing NIRS models are typically developed and validated within a single brand or formulation context, limiting their generalizability across different tobacco products. Variations in raw material origin, processing techniques, and formulation ratios across brands can significantly affect spectral characteristics, thereby reducing model robustness. The conventional approach to addressing this challenge involves recollecting samples and retraining new models whenever conditions change (Xiao et al., 2022), but this process is time-consuming and labor-intensive, making it difficult to meet industrial demands for rapid detection and quality monitoring. Therefore, enhancing model transferability to enable adaptation to spectral data from different cigarette brands and batches has become a critical issue that needs to be urgently addressed.

Transfer learning has emerged as a significant branch of machine learning, allowing models to leverage knowledge learned from one domain or task to improve performance in a different but related domain or task (Zhuang et al., 2020; Tan et al., 2022). This approach provides an effective means to enhance the generalization ability and adaptability of models, particularly in situations with limited labeled data. Among various transfer learning strategies, feature-based domain adaptation methods such as transfer component analysis (TCA) and correlation alignment (Coral) have shown promising results. These methods aim to reduce distributional discrepancies between source and target domains by aligning data representations in a common feature space, thereby improving model stability and cross-domain applicability. Furthermore, model updating strategies—by incrementally introducing a small number of new samples into the training set—can enable gradual adaptation to changing data distributions, leading to improved prediction accuracy and robustness. Such approaches have been successfully applied in spectral analysis tasks across various domains, including agriculture and food quality assessment, where spectral data often exhibit high dimensionality and domain shift issues (Pan et al., 2011; Wan et al., 2020; Tao et al., 2022; Wan et al., 2022; Pan et al., 2024a; Wang et al., 2025).

Despite the progress in transfer learning and spectral analysis, to date, no research has been reported on applying transfer learning strategies to improve model adaptability and generalization in the field of blend ratio detection for formulated cut tobacco. Current studies on NIRS-based detection models for tobacco primarily focus on specific datasets, limiting their applicability to broader industrial scenarios involving multiple cigarette brands. Therefore, this study aims to explore the potential of integrating transfer learning strategies into blend ratio detection models to enhance their cross-brand applicability. Taking the detection of tobacco silk proportion in formulated cut tobacco across different cigarette brands as a case study, this research aims to: (1) Analyze the spectral characteristics of formulated cut tobacco from various brands to understand inter-brand differences; (2) Evaluate the feasibility of building a robust NIRS-based model for detecting tobacco silk proportions; (3) Investigate the limitations of directly applying models trained on a single brand to other brands; and (4) Investigate the feasibility of integrating TCA, Coral, and model updating strategies to enhance the transferability of blend ratio detection models across different cigarette brands. This work seeks to provide a practical and scalable solution for quality control and monitoring in the cigarette industry by advancing the methodological framework for spectral analysis of formulated cut tobacco.




2 Materials and methods



2.1 Sample preparation

In this study, raw materials of formulated cut tobacco were collected from four cigarette brands (#1, #2, #3, and #4) provided by China Tobacco Sichuan Industrial Co., Ltd. The materials included tobacco silk, cut stem, expanded tobacco silk, and fermented cut stem. Specifically, Brand #1 consisted of tobacco silk, cut stem, fermented cut stem, and expanded tobacco silk; Brand #2 included tobacco silk and fermented cut stem; Brand #3 contained tobacco silk and cut stem; and Brand #4 comprised tobacco silk and cut stem. Notably, while the tobacco silk components differed across brands, the cut stem, fermented cut stem, and expanded tobacco silk were the same for all brands. All raw materials were dried at 45°C for 4 hours and then ground into fine powders (60 mesh). The powders were subsequently conditioned at 22°C and 60% relative humidity until their moisture content reached 6–8%, after which the prepared materials were sealed and stored.

To simulate the variations encountered in actual cigarette production, the blending proportions of the samples were adjusted within defined ranges based on the standard formulations of each brand, as outlined in Table 1. According to the designed ratio, precise quantities of each powdered raw material were weighed to obtain a total mass of around 20 g. During the weighing process, the mass of each component and the total sample mass were accurately recorded. Based on this information, the actual blending ratio of each sample was calculated. The weighed powders were then thoroughly homogenized using a standardized mixing protocol to ensure uniform distribution of each component, thereby enhancing the representativeness and consistency of the blended samples.


Table 1 | Number of samples and blending ratio ranges for each brand.
	Brand
	Number of samples
	Tobacco silk(%)
	Cut stem (%)
	Fermented cut stem (%)
	Expanded tobacco silk (%)



	#1
	210
	59-100
	0-20
	0-20
	0-25


	#2
	199
	75-100
	—
	0-25
	—


	#3
	200
	75-100
	0-25
	—
	—


	#4
	183
	75-100
	0-25
	—
	—





“—” indicates that the component is not present in the formulation for the corresponding brand.






2.2 Spectra acquisition

The near-infrared spectra of the samples were collected using an Antaris™ II Fourier transform near-infrared spectrometer (Thermo Fisher Scientific, USA). A suitable amount of powdered tobacco sample was taken using a sampling spoon and placed into a clean sampling cup. The sample was evenly leveled and gently compressed using a sample press to ensure a minimum thickness of 10 mm. The sampling cup was then positioned on the rotating stage of the NIR spectrometer for spectral acquisition. Each sample was scanned twice, and the average spectrum was used for subsequent analysis. The spectrometer parameters were set as follows: a scanning range of 10,000 cm-1 to 4,000 cm-1, a spectral resolution of 8 cm-1, and 64 scans per measurement.




2.3 Data analysis methods



2.3.1 Principal component analysis

Principal Component Analysis (PCA) is a widely used statistical method for dimensionality reduction and feature extraction in high-dimensional data. The underlying principle of PCA is to perform a linear transformation that projects the original high-dimensional variables onto a new set of orthogonal components, known as Principal Components (PCs), in such a way as to maximize the variance in the data while minimizing redundant information (Greenacre et al., 2022). The variance explained by each principal component quantifies the proportion of the total variability in the data attributed to that component, reflecting its ability to explain the underlying features of the dataset. PCA effectively identifies the key structural features of the data, reduces noise interference, and enhances the interpretability of the analysis. In this study, PCA is employed to reduce the dimensionality of the spectra, facilitating the visualization and analysis of the spectral characteristics of formulated cut tobacco from different cigarette brands.




2.3.2 Regression model

The regression model is widely used in the fields of statistics and machine learning to establish mathematical relationships between a dependent variable and one or more independent variables. Through regression analysis, the correlation between the independent variable x and the response variable y can be quantified, allowing for the construction of a regression model f(x) that enables the prediction of corresponding y values from new samples based on their x values (Xiao et al., 2020). In the field of spectral analysis, regression models are employed to analyze the relationship between spectral data x and target properties y, enabling the prediction of physicochemical parameters of unknown samples based on their spectral input.

In this study, partial least squares regression (PLSR) was employed to construct a predictive model relating the spectral data of formulated cut tobacco samples to the blending proportions of tobacco silk. PLSR is a multivariate regression technique based on latent variable decomposition, which is particularly effective in handling high-dimensional spectral data, multicollinearity among variables, and limited sample sizes. By simultaneously extracting relevant information from both the independent and dependent variables, PLSR aims to maximize the covariance between the two data matrices while reducing dimensionality. This property enables the model to capture the most informative components for prediction, thereby improving its generalization ability and robustness (Huang et al., 2017; Shao et al., 2024). To prevent overfitting and enhance model stability, 10-fold cross-validation was adopted to determine the optimal number of latent variables.




2.3.3 Transfer component analysis

Transfer Component Analysis (TCA) is an unsupervised feature transformation-based transfer learning method that aims to reduce distributional divergence between source and target domains by learning a common latent subspace (Pan et al., 2011). Specifically, TCA maps the source and target datasets with different distributions into a reproducing kernel Hilbert space (RKHS), where it minimizes the distance between their data distributions while preserving intrinsic data structures (Panigrahi et al., 2021). The distance between distributions is quantified using maximum mean discrepancy (MMD), a non-parametric metric defined in RKHS. In this study, TCA is applied to the transfer task of blending ratio prediction for formulated cut tobacco across different cigarette brands. Specifically, spectral data from the source domain (i.e., samples from one brand) and target domain (i.e., samples from a different brand) are jointly mapped into the learned subspace. A regression model is then trained on the transformed source domain features and subsequently used to predict the blending proportions of the target domain samples. In this work, the primal kernel type was selected, and the target dimension was adjusted to 30.




2.3.4 Correlation alignment

Correlation alignment (Coral) is an unsupervised transfer learning method based on statistical moment matching. The core idea is to minimize the covariance matrices of the source and target domain features, thereby reducing the domain shift and improving the applicability of the model to the target domain (Sun et al., 2016, 2017). Specifically, Coral first calculates the covariance matrices of the source and target domain data, then minimizes the Frobenius norm difference between the two domains, solving for a linear transformation matrix. This matrix transforms the source domain features to make the covariance matrix of the source domain data as similar as possible to that of the target domain data. In this study, Coral is applied to the transfer task of detecting the blending ratio of formulated cut tobacco for different cigarette brands. Using the Coral method, the spectral data from the source domain brand are transformed, and a regression model is constructed based on the transformed source domain features to predict the target domain brand.




2.3.5 Updated model development

Model updating is a model transfer strategy that incorporates a small portion of target domain data into the source domain to enhance model adaptability. Prior studies have demonstrated that introducing even a limited amount of target domain data into the source domain before model training can improve the model’s predictive performance on the target domain (Tao et al., 2022; Wan et al., 2022; Pan et al., 2024b). This strategy enables the model to simultaneously learn the underlying patterns of the source domain while adapting more effectively to the distributional characteristics of the target domain. In this study, we investigate the feasibility of model updating as a strategy to enhance prediction performance and further explore its integration with domain adaptation methods (TCA and Coral). Two scenarios are considered. In the first scenario, only model updating is applied: a small portion of target domain samples is incorporated into the source domain to form an updated source domain, while these samples are simultaneously excluded from the original target domain to construct a new, disjoint target domain. PLSR models are then built using the updated source domain and used to predict the new target domain. In the second scenario, model updating is combined with TCA or Coral: the updated source and modified target domains (as described above) are first used to perform TCA or Coral-based domain alignment. Subsequently, PLSR models are constructed on the transformed source domain and used to predict the new target domain.





2.4 Model evaluation

To assess the performance of the tobacco silk blending ratio detection models constructed based on all cigarette brands, this study first merged the samples from all brands and sorted them according to the blending proportions of tobacco silk. For all the sorted samples, every three consecutive samples were grouped, with the first and third samples forming the training set and the second sample serving as the prediction set, resulting in a 2:1 ratio of calibration to prediction samples. To evaluate the transfer performance of the model between different brands, this study used samples from a single brand as the source domain dataset (calibration set), and samples from another brand as the target domain dataset (prediction set), designing a total of 12 transfer tasks. Considering the data distribution differences between the source and target domains, several transfer strategies were introduced to enhance the model’s generalization ability and transferability: TCA, Coral, data updating, and data updating combined with TCA or Coral.

Model performance was evaluated based on the root mean squared error of prediction (RMSEP). In the application of transfer strategies, the transformed target domain was used as the prediction set. Additionally, to comprehensively measure the model’s robustness, the mean absolute error (MAE) and Pearson correlation coefficient for the prediction set (Rp), as well as the root mean squared error of calibration (RMSEC) and Pearson correlation coefficient for the calibration set (Rc), were also used as evaluation metrics to provide a more comprehensive assessment of model performance. The formulas for these metrics can be found in the literature (Naser and Alavi, 2020).




2.5 Software tools

The model development and assessment, as well as PCA, were performed in MATLAB R2019b (The Mathworks, Inc., Natick, MA, USA). All of the graphs were drawn using MATLAB R2019b (The Mathworks, Inc., Natick, MA, USA).





3 Results and discussion



3.1 Distribution of blending proportions of tobacco silk across different cigarette brands

Table 2 summarizes the descriptive statistical data of tobacco silk blending proportions in formulated tobacco samples across different cigarette brands, including the mean, maximum, minimum, standard deviation, and coefficient of variation for each brand. Figure 1 illustrates the distribution patterns of tobacco silk blending proportions for each brand. It can be observed that Brand #1 exhibits the widest distribution range, with values primarily concentrated between 60% and 80%. In contrast, the blending proportions for Brands #2, #3, and #4 are predominantly distributed within the 75%–100% range. Notably, Brand #2 and Brand #3 display highly similar distribution characteristics, with average blending proportions around 88.9% and coefficients of variation close to 7%.


Table 2 | Statistical information on the blending proportions of tobacco silk in formulated tobacco across different cigarette brands.
	Brand
	Min(%)
	Max(%)
	Mean(%)
	SD(%)
	CV



	#1
	59.996
	96.718
	70.682
	7.452
	10.543%


	#2
	75.532
	100.000
	88.921
	6.202
	6.975%


	#3
	75.085
	99.912
	88.985
	6.510
	7.316%


	#4
	77.226
	99.862
	89.513
	5.743
	6.416%







[image: Four histograms display the distribution of tobacco silk proportions in samples for four brands. Brand #1 shows a peak between sixty and seventy percent. Brand #2 peaks around ninety percent. Brand #3 and Brand #4 both peak between eighty and one hundred percent, with Brand #4 showing more concentration in the ninety percent range. Each histogram has “Number of samples” on the y-axis and “The proportions of tobacco silk (%)” on the x-axis.]
Figure 1 | Distribution of tobacco silk blending proportions in formulated tobacco across different cigarette brands (Note: each column corresponds to a 5% interval of tobacco silk proportion).




3.2 Spectral diversity of formulated tobacco from different cigarette brands

An initial analysis was conducted on the near-infrared spectra of formulated tobacco samples across all cigarette brands. As illustrated in Figure 2a, the spectral profiles exhibited similar overall trends across brands, with consistent positions for spectral peaks (6780 cm-1, 5760 cm-1, 5130 cm-1, 4700 cm-1, 4280 cm-1) and troughs (6055 cm-1, 5360 cm-1, 4950 cm-1, 4500 cm-1, 4160 cm-1). Specifically, the spectral region around 5760 cm-1 is associated with the stretching vibrations of C–H bonds in aromatic compounds (Salzer, 2008), while the region near 5130 cm-1 corresponds to C=O stretching vibrations commonly found in esters and acids (Salzer, 2008). The region from 4000 to 4800 cm-1 is primarily related to absorption by CH, NH, and OH functional groups, and the range of 5725–6110 cm-1 is dominated by first overtone stretching vibrations of CH and SH groups—spectral features that are often linked to key components of formulated tobacco such as sugars and nicotine (Bi et al., 2019). Observable spectral differences across all samples are largely attributed to their underlying physical and chemical properties, which form the basis for detecting tobacco silk blending proportions using spectral data.

[image: (a) A line graph shows absorbance versus wavelength, with absorbance increasing from 0.2 to 0.8 as wavelength decreases from 10000 cm⁻¹ to 4000 cm⁻¹. (b) A bar chart displays the proportion of variance for five principal components, with the first component accounting for the most variance, around 80 percent. (c) Three line graphs show principal component coefficients of PC1, PC2, and PC3, each with unique trends across the wavelengths, from 10000 cm⁻¹ to 4000 cm⁻¹.]
Figure 2 | Spectral diversity of formulated cut tobacco: (a) Mean absorbance and standard deviation across all brands; (b) Variance explained by the first five PCs of spectra; (c) The principal component coefficient of the first three PCs.

PCA was performed on the merged spectral dataset across all brands. The results revealed that the first three PCs accounted for 99.55% of the total variance, with PC1, PC2, and PC3 contributing 77.35%, 20.91%, and 1.29%, respectively (Figure 2b), indicating that these two components capture the majority of the spectral variability in formulated tobacco. As shown in Figure 2c, PC1 exhibited high positive coefficients in the 4000–7062 cm-1 range, suggesting a strong positive correlation and notable spectral variation in this region, which is consistent with the observed spectral trends in Figure 2a. This region is commonly associated with the absorption characteristics of organic substances such as moisture and proteins. PC2 demonstrated high positive coefficients in the 7380–10000 cm-1 range, indicating that this spectral region is closely associated with PC2 and also exhibits substantial spectral variation. PC3 exhibits a relatively high principal component loading around the 5000 cm-1 region. Collectively, the first three PC effectively captured the majority of the relevant information embedded in the spectral dataset.

Figure 3 presents the PCA results of the spectra for formulated tobacco from different cigarette brands. Subfigures (a) to (d) correspond to the first three PC coefficients for Brands #1, #2, #3, and #4, respectively. For all brands, the cumulative variance explained by the first three PC exceeds 99%, indicating that these components effectively capture the majority of spectral variation across brands. The spectral feature distributions vary among brands. For Brands #1, #2, and #3, PC1 accounts for more than 95% of the total variance and exhibits similar trends, with PC1 coefficients remaining relatively stable at around 0.25 across the entire spectral range. In contrast, the PC1 of Brand #4 displays a steadily increasing trend over the same region. Regarding PC2, the overall patterns for Brands #1, #2, and #3 are relatively similar; Brand #1 shows a higher variance explained by PC2 (3.70%) compared to Brand #2 (1.74%) and Brand #3 (1.95%). Moreover, the PC2 coefficients of Brand #1 exhibit notable fluctuations around 7200 cm-1 and 5300 cm-1. In comparison, Brand #4 shows the highest variance contribution for PC2 at 7.07%, with PC2 coefficients gradually decreasing across the spectral range. For PC3, the differences among brands are most pronounced: Brands #2 and #3 share a similar trend, whereas Brands #1 and #4 display distinctly different patterns. These observations further highlight the spectral diversity among formulated tobacco samples from different cigarette brands.

[image: Four line graphs labeled (a) to (d), showing principal component coefficients PC1, PC2, and PC3 across wavelengths from ten thousand to four thousand cm⁻¹. Graph (a) shows PC1 at 95.88%, PC2 at 3.70%, and PC3 at 0.35%. Graph (b) indicates PC1 at 97.73%, PC2 at 1.74%, and PC3 at 0.35%. Graph (c) highlights PC1 at 97.81%, PC2 at 1.95%, and PC3 at 0.14%. Graph (d) displays PC1 at 92.56%, PC2 at 7.07%, and PC3 at 0.26%. Each line varies slightly with different trends across the series.]
Figure 3 | The first three PC with the highest variance contribution in the spectra of formulated tobacco from different cigarette brands: (a) Brand #1, (b) Brand #2, (c) Brand #3, (d) Brand #4.




3.3 Modeling tobacco silk proportions based on combined data from all brands

To evaluate the feasibility of using NIRS for detecting the blending proportions of tobacco silk in formulated tobacco, a PLSR model was developed using spectral data and blending proportions from all four cigarette brands. A total of 792 samples were included for modeling and further analysis. Following the procedure described in section 2.4, the complete dataset was partitioned into calibration set and prediction set. PLSR model was constructed based on the calibration set, with the optimal number of latent variables determined via 10-fold cross-validation. The resulting model was then applied to the prediction set. As shown in Figure 4, both Rc and Rp reached 0.99, while RMSEC and RMSEP were as low as 1.08% and 1.20%, respectively. These results demonstrate the feasibility of establishing a reliable NIRS-based model for quantifying tobacco silk blending proportions in formulated tobacco. Despite the promising performance, it should be noted that samples in the calibration set and prediction set both originated from the dataset that included all four brands. In practical scenarios, however, the model is often expected to generalize to other brands not involved in the model development. As discussed in sections 3.1 and 3.2, there are notable differences in both tobacco silk blending proportions and spectral features among different brands. Therefore, it is necessary to further investigate the model’s adaptability and transferability to ensure its robustness and applicability across diverse cigarette brands.

[image: Scatter plot showing predicted blending proportions versus true blending proportions, with a diagonal line indicating perfect correlation. Blue and orange circles represent data points with RMSEC of 1.08% and RMSEP of 1.20%, showing a strong correlation with R-squared values of 0.9946 and 0.9935, respectively.]
Figure 4 | Results of the tobacco silk blending proportions detection model based on all cigarette brands.




3.4 Model transferability between different brands



3.4.1 Performance of PLSR on transfer tasks

The performance of PLSR models on transfer tasks, in which a single brand was used as the calibration set (source domain) and a different brand was used as the prediction set (target domain), is summarized in Table 3. It can be observed that the model established based on the source domain brand exhibits performance differences when applied to the target domain brand, reflecting the impact of distributional discrepancies between datasets on the model’s generalization ability. Overall, all models achieved high prediction accuracy on the source domains, with RMSEC below 0.80%. However, when applied to the target domain, the model’s performance declined to varying degrees.


Table 3 | Performance of PLSR models on transfer tasks across different brands.
	Transfer tasks
	Source domain
	Target domain


	Rc
	RMSEC (%)
	Rp
	RMSEP (%)
	MAE (%)



	#1→#2
	0.9953
	0.72
	0.8175
	26.76
	26.36


	#1→#3
	0.9960
	0.67
	0.9388
	36.12
	35.96


	#1→#4
	0.9953
	0.72
	0.1823
	47.31
	33.48


	#2→#1
	0.9997
	0.15
	0.4753
	9.76
	7.92


	#2→#3
	0.9997
	0.14
	0.9982
	1.96
	1.92


	#2→#4
	0.9996
	0.17
	0.7759
	10.64
	9.91


	#3→#1
	0.9998
	0.14
	0.5000
	10.43
	8.49


	#3→#2
	0.9996
	0.19
	0.9991
	1.11
	1.07


	#3→#4
	0.9995
	0.20
	0.3541
	12.89
	7.08


	#4→#1
	0.9929
	0.68
	0.5669
	17.83
	16.62


	#4→#2
	0.9977
	0.39
	0.9955
	10.61
	10.59


	#4→#3
	0.9901
	0.78
	0.9964
	9.72
	9.65





#1–#2 indicates that the model was developed using brand #1 and applied to estimate the tobacco proportions in brand #2. Similarly, #1–#3, #1–#4, and so on follow the same logic.



When Brand #1 was used as the source domain to build the model and transferred to Brand #2, Brand #3, and Brand #4, the model exhibited poor performance, with RMSEP values of 26.76%, 36.12%, and 47.31%, respectively. These results suggest substantial differences in feature distributions between Brand #1 and the other datasets, leading to decreased prediction performance. The RMSEP values on the target domain also reflect, to some extent, the degree of distributional discrepancy between brands. Notably, the highest RMSEP was observed for the transfer from Brand #1 to Brand #4, indicating the largest feature divergence between these two datasets. When Brand #2 was used as the source domain, the model achieved favorable prediction performance on Brand #3, with an Rp of 0.9982 and a low RMSEP of only 1.96%, indicating that the feature distributions between Brand #2 and Brand #3 are relatively similar, thereby enabling the model to generalize well to the target domain. In contrast, transfers from Brand #2 to Brand #1 and Brand #4 resulted in higher RMSEP values of 9.76% and 10.64%, respectively, reflecting relatively poorer generalization performance. Similarly, when Brand #3 served as the source domain, the transfer to Brand #2 yielded good performance (RMSEP = 1.11%), consistent with the reverse direction (Brand #2 → Brand #3). However, transfers from Brand #3 to Brand #1 and #4 were less effective, with RMSEP values exceeding 10%. When Brand #4 was used as the source domain, the model demonstrated suboptimal transfer performance to all other datasets, with RMSEP values consistently greater than 9%. In particular, the transfer to Brand #1 yielded an RMSEP of 17.83%, suggesting a pronounced difference in feature distribution between Brand #4 and Brand #1.

In summary, in a few transfer tasks (e.g., Brand #2 → #3 and Brand #3 → #2), the model demonstrated satisfactory predictive performance on the target domain (RMSEP < 2%), suggesting high similarity in data distributions and effective direct model transfer. However, for the majority of transfer tasks, the direct application of models across brands resulted in considerable prediction bias, revealing the detrimental effects of feature distribution shifts on transfer learning performance. Therefore, it is essential to explore appropriate model transfer strategies to enable models trained on a single brand to be effectively applied to other brands.




3.4.2 Performance of TCA-PLSR and Coral-PLSR on transfer tasks

To improve the cross-domain adaptability of the model, TCA and Coral were applied to transform the spectra before establishing the PLSR model, and the results were compared with the PLSR model without any transfer strategy. The results are shown in Table 4. Compared to the PLSR model (Table 3), the TCA-PLSR model demonstrates markedly improved performance in most of the transfer tasks, except for the Brand #2 → #3 and Brand #3 → #2 tasks, with both RMSEP and MAE showing varying degrees of reduction. In the transfer tasks of Brand #3 → #4 and Brand #4 → #3, compared to the PLSR model, the RMSEP of TCA-PLSR decreased by 87.98% and 89.09%, respectively, indicating that TCA effectively reduced the distribution deviation between Brand #3 and Brand #4 through subspace alignment, thereby enhancing the model’s cross-domain adaptability. Furthermore, in the mutual transfer tasks between Brand #1 and Brand #2, Brand #1 and Brand #3, and Brand #2 and Brand #4, TCA-PLSR outperforms both the PLSR and Coral-PLSR models in terms of RMSEP and MAE, further validating the robustness and transfer effectiveness of TCA-PLSR in most tasks.


Table 4 | Performance of TCA-PLSR and Coral-PLSR models on transfer tasks across different brands.
	Model
	Transfer tasks
	Source domain
	Target domain


	Rc
	RMSEC (%)
	Rp
	RMSEP (%)
	MAE (%)



	TCA-PLSR
	#1→#2
	0.8884
	3.41
	0.6162
	14.85
	14.39


	#1→#3
	0.9945
	0.78
	0.6810
	18.22
	17.43


	#1→#4
	0.8912
	3.37
	0.4160
	18.76
	17.84


	#2→#1
	0.9894
	0.90
	0.5171
	6.46
	6.98


	#2→#3
	0.9994
	0.22
	0.9974
	2.89
	7.77


	#2→#4
	0.9986
	0.32
	0.7272
	6.58
	7.16


	#3→#1
	0.9917
	0.83
	0.4736
	7.43
	8.16


	#3→#2
	0.9993
	0.25
	0.9980
	0.64
	6.97


	#3→#4
	0.9991
	0.27
	0.9643
	1.55
	6.37


	#4→#1
	0.9862
	0.95
	0.3548
	10.95
	10.38


	#4→#2
	0.9910
	0.77
	0.9900
	1.67
	6.31


	#4→#3
	0.9918
	0.73
	0.9918
	1.06
	7.70


	Coral-PLSR
	#1→#2
	0.9953
	0.72
	0.8170
	16.30
	15.64


	#1→#3
	0.9960
	0.67
	0.9400
	25.06
	24.84


	#1→#4
	0.9953
	0.72
	0.2210
	91.23
	86.82


	#2→#1
	0.9997
	0.15
	0.4988
	16.42
	14.92


	#2→#3
	0.9996
	0.17
	0.9982
	0.90
	0.81


	#2→#4
	0.9997
	0.15
	0.8601
	15.40
	15.12


	#3→#1
	0.9995
	0.20
	0.5234
	16.47
	15.04


	#3→#2
	0.9996
	0.19
	0.9991
	0.49
	0.43


	#3→#4
	0.9999
	0.07
	0.7631
	18.25
	17.77


	#4→#1
	0.9991
	0.24
	0.6015
	27.20
	26.49


	#4→#2
	0.9991
	0.24
	0.9933
	7.28
	7.25


	#4→#3
	0.9929
	0.68
	0.9969
	6.02
	5.84





#1–#2 indicates that the model was developed using brand #1 and applied to estimate the tobacco proportions in brand #2. Similarly, #1–#3, #1–#4, and so on follow the same logic.



In the transfer tasks of Brand #2 → #3 and Brand #3 → #2, Coral-PLSR demonstrated superior performance, compared to the PLSR model, RMSEP was reduced by 54.08% and 55.86%, respectively, accompanied by substantial decreases in MAE to 0.81% and 0.43%, which demonstrates the effectiveness of Coral-PLSR in certain model transfer tasks. It is noteworthy that in the transfer tasks of Brand #1 → #4, Coral-PLSR resulted in markedly poor performance, with RMSEP and MAE reaching as high as 91.23% and 86.82%, respectively, substantially higher than those of PLSR (47.31% and 33.48%). The application of Coral in this case adversely affected the model’s predictive accuracy on the target domain. Combined with the spectra analysis presented in Section 3.2, it is observed that the spectral features of Brand #2 and Brand #3 are similar, whereas the spectral features of Brand #1 and Brand #4 differ substantially. This suggests that Coral may not be suitable for model transfer tasks involving datasets with large distributional discrepancies.

The performance differences observed among the transfer learning methods can be attributed to their underlying mechanisms. TCA outperformed particularly in tasks where the feature distribution between the source and target domains differs markedly. This is probably because TCA facilitates better feature correspondence and knowledge transfer, thereby enhancing model adaptability across heterogeneous domains by aligning the marginal distributions in the projected space. In contrast, Coral-PLSR is more effective in scenarios where the source and target domains exhibit relatively similar distributions. Coral performs domain adaptation by aligning the covariance matrices of the source and target domains, under the assumption that their mean values are already comparable. This approach has a lower computational complexity compared to TCA and is less prone to overfitting when the domain gap is small. However, Coral is also more sensitive to sample perturbations and may fail to fully correct domain discrepancies when the underlying feature distributions are substantially different. Therefore, TCA is more suitable for transfer tasks with large distribution shifts, while Coral is preferable in cases with moderate or minimal domain differences.

In summary, TCA-PLSR performs more stably in most tasks and effectively reduces transfer errors, while Coral-PLSR demonstrates superior transfer effects in a few specific tasks. This result indicates that different transfer strategies have their applicability when addressing different source-target domain pairs, and the optimal strategy should be selected based on the data distribution of the specific transfer task to improve the model’s adaptability and accuracy.




3.4.3 Performance of updated-PLSR, updated-TCA-PLSR, and updated-Coral-PLSR on transfer tasks

As discussed in section 3.4.2, TCA-PLSR and Coral-PLSR each exhibit superior performance in different transfer tasks, indicating that their effectiveness varies depending on the specific source–target domain pairs. To further assess the feasibility of improving transfer performance, this study explores the integration of model updating with TCA and Coral across model transfer scenarios.

Figure 5 illustrates the RMSEP of the Updated-PLSR and Updated-TCA-PLSR when incorporating 1% to 10% of target domain samples into the source domain across 10 transfer tasks. Overall, the RMSEP of both Updated-PLSR and Updated-TCA-PLSR generally decreases with the increasing proportion of target samples introduced and tends to stabilize when the added proportion exceeds 6%, indicating that model updating effectively improves transfer prediction performance. However, in tasks characterized by substantial distributional divergence between source and target domains, the RMSEP of Updated-PLSR remains relatively high even after incorporating additional samples. For instance, in the Brand #1 → #4 task, the RMSEP of Updated-PLSR remains elevated at 16.62% after adding 10% of target samples, while the RMSEP of Updated-TCA-PLSR drops to 2.06%, demonstrating that the integration of TCA with model updating enhances the model’s ability to adapt to distributional shifts and improves predictive accuracy. Similar advantages of Updated-TCA-PLSR over Updated-PLSR are observed in the Brand #2 → #4 and Brand #3 → #4 tasks. Moreover, in transfer tasks such as Brand #1 → #2, Brand #1 → #3, Brand #2 → #1, Brand #3 → #1, Brand #4 → #1, Brand #4 → #2, and Brand #4 → #3, Updated-TCA-PLSR consistently achieves lower RMSEP than Updated-PLSR when only 1% of target domain samples are used for model updating. As the proportion of target samples increases, the RMSEP of Updated-TCA-PLSR gradually approaches that of Updated-PLSR, suggesting that Updated-PLSR requires a larger amount of target domain data to reach comparable transfer performance. These findings highlight the advantage of combining model updating with TCA, particularly when dealing with substantial domain discrepancies.

[image: Radar charts compare performance metrics across different brand transitions using two methods: Updated-PLSR (blue) and Updated-TCA-PLSR (orange). Each chart represents a specific brand combination, showcasing variations in metrics from one to ten percent.]
Figure 5 | RMSEP of Updated-PLSR and Updated-TCA-PLSR when introducing 1%-10% samples of the target domain to the source domain (Note: the percentage represents the proportion of target domain samples added to the source domain relative to the total number of target domain samples).

Figure 6 shows the RMSEP of Updated-PLSR and Updated-Coral-PLSR when 1% to 10% of target domain samples were incorporated into the source domain in the Brand #2 → #3 and Brand #3 → #2 transfer tasks. The two methods exhibit distinct RMSEP trends as the proportion of added samples increases. For Updated-PLSR, RMSEP decreases steadily with the inclusion of more target domain samples. In contrast, Updated-Coral-PLSR shows an initial increase in RMSEP at lower sample proportions (1%–4%), followed by a notable decrease once the proportion reaches 5% or higher. In particular, for the Brand #2 → #3 task, Updated-Coral-PLSR outperforms Updated-PLSR when 10% of the target domain samples are added. This suggests that Updated-Coral-PLSR may require a larger proportion of target domain data in the source domain to effectively perform feature alignment and achieve improved prediction performance. However, across most sample proportions, the RMSEP of Updated-Coral-PLSR remains higher than that of Updated-PLSR. As analyzed in Section 3.2, the spectral feature distributions of Brand #2 and Brand #3 are relatively similar, indicating that when the distributional divergence between domains is small, Updated-PLSR can more effectively learn the target domain characteristics. In such cases, applying Coral may introduce unnecessary transformations, thereby degrading model performance.

[image: Radar chart comparing two models, Updated-PLSR in blue and Updated-Coral-PLSR in orange, for Brand #2 to #3 and Brand #3 to #2. Percentages from 1% to 10% encircle the charts showing each model's performance.]
Figure 6 | RMSEP of PLSR and Coral-PLSR when introducing 1%-10% samples of the target domain to the source domain (Note: the percentage represents the proportion of target domain samples added to the source domain relative to the total number of target domain samples).






4 Conclusion

This study proposes a method for detecting the blending proportions of tobacco silk in tobacco formulations based on NIRS and explores the feasibility of transfer learning strategies to improve the model’s generalization capability. The results indicated that establishing a detection model for the blending proportions of tobacco silk in tobacco formulations using NIRS is feasible. However, when the model is applied to detect different cigarette brands, it performs poorly, suggesting that data distribution differences have a significant impact on the model’s adaptability. Therefore, this study investigates the feasibility of using TCA and Coral strategies to enhance model transfer performance, with TCA-PLSR demonstrating good performance in most model transfer tasks and improving the model’s cross-domain applicability. Furthermore, by introducing a small number of target domain samples to update the model, the cross-domain detection accuracy of the Updated-TCA-PLSR model is further improved. Overall, the method proposed in this study provides a viable technical solution for efficient and accurate quality evaluation across different cigarette brands, with significant implications for the intelligent detection of the tobacco industry. Future research could cover more cigarette brands and further integrate deep learning methods to enhance the model’s adaptability, enabling broader industrial applications.





Data availability statement

The raw data supporting the conclusions of this article will be made available by the authors, without undue reservation.





Author contributions

QX: Conceptualization, Data curation, Formal analysis, Funding acquisition, Investigation, Methodology, Project administration, Software, Supervision, Validation, Visualization, Writing – original draft, Writing – review & editing. RG: Writing – review & editing, Project administration. LL: Data curation, Validation, Writing – review & editing. JW: Data curation, Validation, Writing – review & editing. XZ: Formal analysis, Writing – original draft. YS: Formal analysis, Writing – original draft. YL: Investigation, Methodology, Software, Writing – review & editing. LX: Formal analysis, Writing – original draft. QT: Formal analysis, Writing – original draft. JunY: Resources, Writing – review & editing. YH: Conceptualization, Funding acquisition, Supervision, Writing – review & editing. JuaY: Conceptualization, Funding acquisition, Project administration, Supervision, Visualization, Writing – review & editing.





Funding

The author(s) declare that financial support was received for the research and/or publication of this article. The authors declare that this study received funding from China Tobacco Sichuan Industrial Co., Ltd. (BA202501500002). The funder was not involved in the study design, collection, analysis, interpretation of data, the writing of this article, or the decision to submit it for publication.





Conflict of interest

Authors QX, RG, LL, JW, XZ, YS, YL, LX, QT, JunY, and JuanY were employed by the company China Tobacco Sichuan Industrial Co., Ltd.

The remaining author declares that the research was conducted in the absence of any commercial or financial relationships that could be construed as a potential conflict of interest.





Generative AI statement

The author(s) declare that no Generative AI was used in the creation of this manuscript.





References

	 Bi Y., Li S., Zhang L., Li Y., He W., Tie J., et al. (2019). Quality evaluation of flue-cured tobacco by near infrared spectroscopy and spectral similarity method. Spectrochimica Acta Part a-Molecular Biomolecular Spectrosc. 215, 398–404. doi: 10.1016/j.saa.2019.01.094, PMID: 30865909


	 Bin J., Ai F., Fan W., Zhou J., Yun Y., Liang Y. (2016). A modified random forest approach to improve multi-class classification performance of tobacco leaf grades coupled with NIR spectroscopy. Rsc Adv. 6, 30353–30361. doi: 10.1039/c5ra25052h


	 Cen H., He Y. (2007). Theory and application of near infrared reflectance spectroscopy in determination of food quality. Trends Food Sci. Technol. 18, 72–83. doi: 10.1016/j.tifs.2006.09.003


	 Chen S., Hu S., Cui N., Wang F., Liu Q., Yu H., et al. (2015). Effects ofThree kinds of wiresBlending ratio on cigarette physical and chemical indicators. Southwest China J. Agric. Sci. 28, 2742–2745.


	 Greenacre M., Groenen P. J. F., Hastie T., D’Enza A. L., Markos A., Tuzhilina E. (2022). Principal component analysis. Nat. Rev. Methods Primers 2, 100. doi: 10.1038/s43586-022-00184-w


	 Huang L., Zhou Y., Meng L., Wu D., He Y. (2017). Comparison of different CCD detectors and chemometrics for predicting total anthocyanin content and antioxidant activity of mulberry fruit using visible and near infrared hyperspectral imaging technique. Food Chem. 224, 1–10. doi: 10.1016/j.foodchem.2016.12.037, PMID: 28159242


	 Li J., Mao J., Yin G. (2013). Evaluation of tobacco mixing uniformity based on projection pursuit. Advanced Materials Res. 601, 128–133. doi: 10.4028/www.scientific.net/AMR.601.128


	 Li R., Zhang X., Li K., Qiao J., Wang Y., Zhang J., et al. (2020). Nondestructive and rapid grading of tobacco leaves by use of a hand-held near-infrared spectrometer, based on a particle swarm optimization-extreme learning machine algorithm. Spectrosc. Lett. 53, 685–691. doi: 10.1080/00387010.2020.1824193


	 Liang Y., Zhao L., Guo J., Wang H., Liu S., Wang L., et al. (2022). Just-in-time learning-integrated partial least-squares strategy for accurately predicting 71 chemical constituents in Chinese tobacco by near-infrared spectroscopy. ACS Omega 7, 38650–38659. doi: 10.1021/acsomega.2c04139, PMID: 36340111


	 Liu J., Hu J., Yang F., Gao H., Yang P. (2021). Detection of mixing proportion of stem by near infrared spectroscopy combined with linear non-negative regression coefficient regression method. Food Machinery 11, 188–192. doi: 10.13652/j.issn.1003-5788.2021.11.033


	 Liu Y., Zhang H., Peng H., Zhao L., Tao X., Li J. (2020). Reliability and chemical composition analysis of tobacco leaf grade model by near-infrared spectroscopy. Spectrosc. Spectral Anal. 40, 3260–3264. doi: 10.3964/j.issn.1000-0593(2020)10-3260-05


	 Naser M., Alavi A. (2020). Insights into performance fitness and error metrics for machine learning. ArXiv. Available online at: http://arxiv.org/abs/2006.00887.


	 Pan L., Li H., Hu Z., Zhang M., Zhao J. (2024a). Standard-free sample model transfer of visible/near-infrared spectral model of apple ripeness under seasonal variation. J. Food Composition Anal. 128, 106028. doi: 10.1016/j.jfca.2024.106028


	 Pan S., Tsang I., Kwok J., Yang Q. (2011). Domain adaptation via transfer component analysis. IEEE Trans. Neural Networks 22, 199–210. doi: 10.1109/tnn.2010.2091281, PMID: 21095864


	 Pan L., Wu W., Hu Z., Li H., Zhang M., Zhao J. (2024b). Updating apple Vis-NIR spectral ripeness classification model based on deep learning and multi-seasonal database. Biosyst. Eng. 245, 164–176. doi: 10.1016/j.biosystemseng.2024.07.010


	 Panigrahi S., Nanda A., Swarnkar T. (2021). “A survey on transfer learning,” in Intelligent and Cloud Computing. Smart Innovation, Systems and Technologies, vol. 194 . Eds.  D. Mishra, R. Buyya, P. Mohapatra, S. Patnaik (Springer, Singapore). doi: 10.1007/978-981-15-5971-6_83


	 Pu Y., O’Donnell C., Tobin J., O’Shea N. (2020). Review of near-infrared spectroscopy as a process analytical technology for real-time product monitoring in dairy processing. Int. Dairy J. 103, 104623–104623. doi: 10.1016/j.idairyj.2019.104623


	 Salzer R. (2008). Practical guide to interpretive near-infrared spectroscopy Vol. 47 (Boca Raton, FL, USA: CRC Press).


	 Shao Y., Ji S., Xuan G., Wang K., Xu L., Shao J. (2024). Soluble solids content monitoring and shelf life analysis of winter jujube at different maturity stages by Vis-NIR hyperspectral imaging. Postharvest Biol. Technol. 210, 112773. doi: 10.1016/j.postharvbio.2024.112773


	 Sun B., Feng J., Saenko K. (2016). Return of frustratingly easy domain adaptation. Proceedings of the AAAI Conference on Artificial Intelligence. 30 (1), 2058–2065. doi: 10.1609/aaai.v30i1.10306


	 Sun B., Feng J., Saenko K. (2017). “Correlation alignment for unsupervised domain adaptation,” in Domain Adaptation in Computer Vision Applications. Advances in Computer Vision and Pattern Recognition. Ed.  G. Csurka (Switzerland: Springer). doi: 10.1007/978-3-319-58347-1_8


	 Tan A., Wang Y., Zhao Y., Wang B., Li X., Wang A., et al. (2022). Near infrared spectroscopy quantification based on Bi-LSTM and transfer learning for new scenarios. Spectrochimica Acta Part A: Mol. Biomolecular Spectrosc. 283, 121759. doi: 10.1016/j.saa.2022.121759, PMID: 35985223


	 Tao M., He Y., Bai X., Chen X., Wei Y., Peng C., et al. (2022). Combination of spectral index and transfer learning strategy for glyphosate-resistant cultivar identification. Front. Plant Sci. 13. doi: 10.3389/fpls.2022.973745, PMID: 36003818


	 Wan L., Cen H., Zhu J., Zhang J., Zhu Y., Sun D., et al. (2020). Grain yield prediction of rice using multi-temporal UAV-based RGB and multispectral images and model transfer - a case study of small farmlands in the South of China. Agric. For. Meteorology 291, 108096. doi: 10.1016/j.agrformet.2020.108096


	 Wan L., Zhou W., He Y., Wanger T. C., Cen H. (2022). Combining transfer learning and hyperspectral reflectance analysis to assess leaf nitrogen concentration across different plant species datasets. Remote Sens. Environ. 269, 112826. doi: 10.1016/j.rse.2021.112826


	 Wang Y., Xu Y., Wang X., Wang H., Liu S., Chen S., et al. (2025). A transfer learning method for near infrared models of potato starch content and traceability from different origins. J. Food Composition Anal. 137, 106909. doi: 10.1016/j.jfca.2024.106909


	 Wu R., Tian Z., Zhang C., Li D., Tian N., Xing L. X., et al. (2022). Uniformity evaluation of stem distribution in cut tobacco and single cigarette by near infrared spectroscopy. Vibrational Spectrosc. 121, 103401. doi: 10.1016/j.vibspec.2022.103401


	 Xiao Q., Bai X., He Y. (2020). Rapid screen of the color and water content of fresh-cut potato tuber slices using hyperspectral imaging coupled with multivariate analysis. Foods 9, 94. doi: 10.3390/foods9010094, PMID: 31963170


	 Xiao Q., Tang W., Zhang C., Zhou L., Feng L., Shen J., et al. (2022). Spectral preprocessing combined with deep transfer learning to evaluate chlorophyll content in cotton leaves. Plant Phenomics 2022, 2022. doi: 10.34133/2022/9813841, PMID: 36158530


	 Yach D., Bettcher D. (2000). Globalisation of tobacco industry influence and new global responses. Tobacco Control 9, 206–216. doi: 10.1136/tc.9.2.206, PMID: 10841858


	 Zhu R., He S., Ling H., Liang Y., Wei B., Yuan X., et al. (2024). Optimizing tobacco quality and yield through the scientific application of organic-inorganic fertilizer in China: a meta-analysis. Front. Plant Sci. 15. doi: 10.3389/fpls.2024.1500544, PMID: 39759237


	 Zhu Z., Qi G., Lei Y., Jiang D., Mazur N., Liu Y., et al. (2022). A long short-term memory neural network based simultaneous quantitative analysis of multiple tobacco chemical components by near-infrared hyperspectroscopy images. Chemosensors 10, 164. doi: 10.3390/chemosensors10050164


	 Zhuang F., Qi Z., Duan K., Xi D., Zhu Y., Zhu H., et al. (2020). A comprehensive survey on transfer learning. Proc. IEEE 109, 43–76. doi: 10.1109/JPROC.2020.3004555







Publisher’s note: All claims expressed in this article are solely those of the authors and do not necessarily represent those of their affiliated organizations, or those of the publisher, the editors and the reviewers. Any product that may be evaluated in this article, or claim that may be made by its manufacturer, is not guaranteed or endorsed by the publisher.

Copyright © 2025 Xiao, Gu, Li, Wen, Zhang, Shen, Liu, Xiao, Tang, Yang, He and Yang.. This is an open-access article distributed under the terms of the Creative Commons Attribution License (CC BY). The use, distribution or reproduction in other forums is permitted, provided the original author(s) and the copyright owner(s) are credited and that the original publication in this journal is cited, in accordance with accepted academic practice. No use, distribution or reproduction is permitted which does not comply with these terms.


OEBPS/Images/fpls-16-1617958-g001.jpg
Brand #1

60

Number of samples
') w S wn
[—} (=] =} [}

I
(=]

50 60 70 80 90 100
The proportions of tobacco silk (%)

<0 Brand #3

N
>

-
>

30

[
=

Number of samples
=

0
60 70 80 90 100

The proportions of tobacco silk (%)

Brand #2

Number of samples
N W S W =)
=} > > =] <

—
>

0
60 70 80 90 100

The proportions of tobacco silk (%)
Brand #4

n =)
= >

B
>

Number of samples
[ ] (%]
(=] =]

—
=

0
60 70 80 90 100

The proportions of tobacco silk (%)





OEBPS/Images/fpls-16-1617958-g003.jpg
- < 0.1

g —PCl 95.88% £ —FPCl 97.73%

o —PC2 3.70% g —PC2 1.74%

£ £

g - - -PC3 035% g --=PC3 035%

b < 0.05

5] 5

= =

=3 =

= =N

£ ]

S S 0

£-005 i

<9 <9

£ 8

St St

B 0 = 0.0

10000 9000 8000 7000 6000 5000 4000 10000 9000 8000 7000 6000 5000 4000
Wavelength (cm™) Wavelength (cm'])

© ,, (d)

5 —PCl 97.81% £ 01 —pC1 9256%

= —PC2 1.95% = —PC2 7.07%

g --=-PC3 0.14% ke ---PC3 0.26%

< <«

= 0.05 £ 0.05

= <9

: :

5 0 g O

i) L

< <

8 g

™ k=

= & .0.05

10000 9000 8000 7000 6000 5000 4000 10000 9000 8000 7000 6000 5000 4000

Wavelength (cm'l) Wavelength (cm'l)





OEBPS/Images/cover.jpg
& frontiers | Frontiers in Plant Science

Quantitative determination of
blended proportions in tobacco
formulations using near-infrared
spectroscopy and transfer learning





OEBPS/Images/fpls-16-1617958-g006.jpg
Brand #2—#3

1%
1.8 -

10%, 2%

., 124

9% 5 3%

8% T 4%

7% 5%
6%

=d— Updated-PLSR

Brand #3—#2
1%

2%

% 5%
6%

=@ Updated-Coral-PLSR

3%

"1 4%





OEBPS/Images/crossmark.jpg
©

2

i

|





OEBPS/Images/fpls-16-1617958-g002.jpg
C PCI
@ © 5
0.7 0.04
g 0.6 0.02
=2 05
§ 0
= 04 =
=
< 2 .0.02
03 S PC2
£ 006
%]
0.2 S
10000 9000 8000 7000 6000 5000 4000 : 0.04
Wavelength (cm™) é
2 0.02
g o
(b) £
’?80 S 0
N
S =
= e
g 60 ‘S -0.02
S E 0.08 e
g M
: 40 0.06
°
= 0.04
2
£ 59 0.02
I
4 0
5
St
& 0 -0.02

| 2 3 4 5 .
Principal component “710000 9000 8000 7000 6000 5000 4000

Wavelength (cm™)





OEBPS/Images/fpls-16-1617958-g005.jpg
Brand #1—-#2
1%

3.0

3%

A%

% B
6%
Brand #2—#1
1%
8.0 -

10%. ¢, 2%
9%d(../ Jrali N\
8%\ O

7% : 5%

6%
Brand #3—#4

1%

3%

REDYTA

%%
6%
Brand #4—#3

1%
18 -

10%.

3%

4%

Brand #1—-#3
1%
60 -

10%, 2%
9% /3 ~
8%

% B
6%

Brand #2—#4

1%

j 2%

7% 7
6%

Brand #4—#1

1%

3%

4%

Brand #1—-#4
1%
40 -
10%. 2%

6%
Brand #3—#1
1%
8.0 -
0%, 2%
a0 )

9%, 7 3%
8% L\ . /) 4%
7% : 5%
6%

Brand #4—#2
1%

24
10%.- ;

9% 3%
8% 4%
1% 5%
6%

=4~ Updated-PLSR =@~ Updated-TCA-PLSR





OEBPS/Images/fpls-16-1617958-g004.jpg
105

O RMSEC=1.08%
Rc=0.9946

o
9]

O RMSEP=1.20%
Rp=0.9935

=]
9]

N
n

=)
n

5§

Predicted blending proportions (%)

55 65 75 85 95 105
True blending proportions (%)





