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Abstract

:

The degree of tea fermentation is crucial as it ultimately indicates the quality of the tea. Hence, this study developed a total polyphenol prediction system for Pu-erh tea liquid using eight porphyrin dyes and one pH dye in a printed colorimetric sensor array (CSA) coupled with a convolutional neural network (CNN) during microbial fermentation. Firstly, the Box–Behnken sampling method was applied to optimize the degree of microbial fermentation of Pu-erh tea liquid using the response surface methodology. Under optimized conditions, the polyphenol degradation rate reached up to 66.146%. CSA images were then collected from the volatile compounds of Pu-erh tea-reacted CSA sensors. Subsequently, six chemometric approaches were comparatively investigated, and CNN achieved the best results for predicting total polyphenol content. Therefore, the results suggest that the proposed approach can be used to predict the degree of fermentation by measuring total polyphenols in microbial-fermented Pu-erh tea liquid.
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1. Introduction


Tea is the most widely consumed nonalcoholic beverage globally, with an average daily intake of 500 mL per capita, due to its unique sensory features, health benefits, and sociocultural significance. Several studies have shown that tea has preventive and therapeutic effects on oxidative stress-related illnesses such as cancer, cardiovascular diseases, cognitive dysfunction, liver diseases, and type 2 diabetes, thanks to the antioxidant properties of phenolic compounds and caffeine (purine alkaloids), which are key components of tea [1]. Both in vitro and in vivo studies have demonstrated consistent antioxidant activities of tea components [2]. Pu-erh tea is a unique fermented tea made from Camellia sinensis var. assamica (Masters) Kitamura (Theaceae) in the western and southern Yunnan Mountains. It can be categorized into two types, fermented (ripened) and raw (nonfermented) Pu-erh tea, depending on the processing method [3]. Although Pu-erh tea is famous in Yunnan Province, its popularity is gradually increasing, especially in Southeast Asia and Western countries, due to its health benefits, taste, and flavor. Various microbial enzymes related to Pu-erh tea fermentation are produced by over 350 fungal strains, which significantly influence the composition of phenolic compounds [4]. Among these fungal strains, Aspergillus niger is a key species responsible for post-fermentation in Pu-erh tea [5]. During the fermentation process, microorganisms stimulate the aging of Pu-erh tea by enzymatically breaking down the main phenolic components, such as catechins (epigallocatechin gallate, gallocatechin gallate, epigallocatechin gallate, and epicatechin gallate), gallic acid, caffeine, etc. [6]. In the fermentation of Pu-erh tea, polyphenol degradation and transformation driven by microorganisms are crucial for determining the flavor, aroma, and antioxidant properties of the final product [7,8]. A high polyphenol degradation rate indicates active microbial metabolism and a well-progressed fermentation process [8]. Exploring the polyphenol degradation, therefore, not only reflects the progress of fermentation but also guides the optimization of fermentation conditions to enhance the quality of the tea. However, the degradation rate is inherently dependent on accurate measurements of total polyphenol content, as it is calculated based on the change in polyphenol levels during fermentation. Hence, the total polyphenols are a critical quality indicator of Pu-erh tea. Accurately determining the total polyphenols is essential for effectively monitoring the quality of Pu-erh tea throughout the fermentation process.



Conventional ways of assessing tea quality, such as sensory evaluation and instrumental techniques, have their limitations. Sensory evaluation, while useful, is inherently subjective, relying on expert opinions and preferences, which can introduce variability [9,10]. Instrumental methods like high-performance liquid chromatography (HPLC) and capillary electrophoresis have improved precision but are often hindered by drawbacks such as destructiveness, high cost, time-consuming sample preparation, extensive chemical use, and the need for specialized analysts [11,12,13].



In response to these challenges, colorimetric sensor arrays (CSAs) have emerged as a promising nondestructive alternative. CSAs mimic the human sensory system and can detect volatile compounds in food through color changes in color-sensitive dyes. These sensors are constructed on an inert base to immobilize color-sensitive dyes that respond to volatile compounds by changing color, making them effective for analyzing food quality [14]. To analyze CSA data, digital image processing technology is applied to extract RGB values (red, green, and blue) from the dye, which can then be used to qualitatively and quantitatively measure the presence of volatile compounds. However, CSA data are typically large and complex, containing both valuable and redundant information. This is where chemometric approaches come in, providing efficient methods for feature extraction and reducing data complexity. The combination of CSA and chemometrics has proven highly effective in analyzing volatile compounds in the food and agricultural industries [15,16,17,18].



Chemometric techniques have gained significant attention as powerful tools for analyzing spectral data. These methods enable the quantitative prediction of target compounds and improve prediction accuracy by eliminating noise, baseline drift, and redundant variables from the data. Partial Least Squares (PLS) is one of the most widely used chemometric algorithms for CSA data analysis. However, PLS can sometimes retain excessive common and redundant information, which may reduce prediction efficiency. To address this, advanced data selection techniques such as Random Frog (RF), Iterative Retained Information Variables (IRIVs), Genetic Algorithm (GA), and Competitive Adaptive Weighted Sampling (CARS) have been developed. These methods help in selecting the most relevant data for model development, thus enhancing the accuracy of the CSA approach [19]. For instance, Li et al. successfully utilized CSA combined with chemometric methods to dynamically monitor the quality change in green tea during ultrasonic-assisted fermentation [20]. However, Pu-erh tea fermentation differs significantly from green tea fermentation due to variations in microbial strains, fermentation processes, and polyphenol degradation rates. These distinctions necessitate a more specific optimization approach for Pu-erh tea fermentation. In addition, in our previous research, we developed NIR-coupled chemometric techniques to analyze total polyphenol content in Pu-erh tea [21]. While Li et al. and our previous studies demonstrate the effectiveness of combining traditional machine learning methods with NIR or CSA data for model building, such methods often involve complex processes for variable selection and model optimization. These processes can be time-consuming and require careful manual adjustments. In contrast, deep learning techniques, used in this study, particularly convolutional neural networks (CNNs), have been applied to improve the accuracy of quantifying compounds in one-dimensional data, showing great potential for enhancing the performance of CSA-based models [22]. By effectively extracting valuable data from CSA images, CNNs can significantly improve the predictive capabilities of the model.



Given these advancements, this study introduces a dynamic microbial fermentation monitoring approach specifically designed for Pu-erh tea. By integrating CSA with deep learning approaches, particularly CNNs, we present a novel, nondestructive method to predict total polyphenols during fermentation, as shown in Figure 1. The study first optimizes three experimental parameters for Pu-erh tea fermentation—liquid-to-solid ratio, inoculum quantity, and pH—using a response surface methodology. Subsequently, CSA images were obtained from the volatile compounds reacting with Pu-erh tea CSA sensors. Thereafter, various machine learning chemometric methods, including PLS, RF-PLS, IRIV-PLS, GA-PLS, and CARS-PLS, were applied to develop a polyphenol prediction model for Pu-erh tea liquid. In addition to utilizing CNN as a representative deep learning approach, we optimized its parameters to enhance model performance, enabling more accurate variable extraction from CSA images and facilitating a comprehensive comparison with traditional machine learning methods.




2. Materials and Methods


2.1. Reagents and Organism


Phosphate buffer (pH 7.5), PDB medium, ferrous tartrate, potassium sodium tartrate, and iron (II) sulfate were sourced from Sinopharm Chemical Reagent Co., Ltd. (Shanghai, China). C2 inverse-phase silica gel plates, pH indicators, and chemo-responsive dyes (porphyrins) were sourced from Merck KGaA (Darmstadt, Germany) and Sigma-Aldrich Chemical Co., Ltd. (St. Louis, MO, USA). Purified water was obtained from a Millipore water purification system. The Aspergillus niger strain used in the fermentation process was provided by the Shanghai Biological Collection Center.




2.2. Instruments


This study employed a range of equipment, including a pH meter (pHS-25, Shanghai INESA Scientific Instrument Co., Ltd., Shanghai, China), a UV-Vis spectrophotometer (ZF-C, Shanghai Huxi Co., Ltd., Shanghai, China), a Tri-CCD camera (CMLN-13S2M/C, SONY, Tokyo, Japan), a light source (YS-L5017 type, YVSION Co., Ltd., Hangzhou, China), a water bath (HH-6, Shanghai Lichen Bangxi Instrument Technology Co., Ltd., Shanghai, China), an autoclave (DSX-18L-I, Shanghai Shen’an Medical Device Factory, Shanghai, China), a temperature shaker (ZQTY-70E, Shanghai Zhichu Instrument Co., Ltd., Shanghai, China), and a clean bench (HF-1200LC, Likang Biomedical Technology Co., Ltd., Beijing, China).




2.3. Factors of Response Surface Test on Fermentation


The liquid-to-solid ratio, inoculum quantity, and initial pH were identified as the primary factors influencing the degradation of tea polyphenols, with degradation rate serving as the evaluation criterion. A second-order equation was established using the Box–Behnken sampling method to correlate the response values with the experimental factors [22]. In accordance with the Box–Behnken design principles, a combined experimental setup was established, incorporating these primary factors and the evaluation criterion. Data analysis was conducted using Design-Expert 8.0 software. The following equation was used to construct a model that links the degradation of tea polyphenols to these influencing factors:


  T e a   p o l y p h e n o l   d e g r a d a t i o n   r a t e =      M   1   −   M   2       M   1      × 100 %  



(1)







M1 represents the initial concentration of total polyphenols in mg/mL before fermentation, while M2 represents the concentration of tea polyphenols in mg/mL after fermentation.




2.4. Sample Preparation


The Pu-erh tea extract was fermented by inoculating it with a seed solution of Aspergillus niger. The mixture was then incubated at 28 °C with continuous agitation at 120 rpm for a duration of six days. Samples were taken at specific intervals throughout the fermentation process for subsequent CSA analysis. Specifically, samples were collected at 0, 24, 48, 72, 96, and 120 h to monitor the progression of the fermentation.




2.5. Chemical Analysis of Polyphenols


The tea polyphenol content was determined using spectrophotometry, as outlined in GB/T 21733-2008 [23]. Specifically, 0.5 g of fermented Pu-erh tea liquid was mixed with 4 mL of water and 5 mL of ferrous tartrate in a test tube. The mixture was thoroughly blended, and the pH was adjusted to 7.5 using phosphoric acid. A reference solution was prepared in the same manner, substituting water for the fermented Pu-erh tea liquid. The absorbance of the tea extract was then measured at a wavelength of 540 nm using a 10 mm cuvette, with the reagent blank used as the reference. The total tea polyphenol content was calculated using the equation as below:


  M =        A   1   −   A   2     × 1.957 × 2 × K   m    × 1000  



(2)







The total polyphenol content in the tea sample, denoted by M (mg/kg), is calculated using several parameters: A1, the absorbance of the mixture after the reaction; A2, the absorbance of the blank; K, the dilution factor; and m, the sample mass (g).




2.6. Design of CSA


A typical CSA is constructed using color-sensitive compounds (CSCs), which must possess at least one functional group capable of reacting with volatile compounds, exhibit a strong color change upon reaction, and have good hydrophobic properties to minimize interference from water vapor in the sample solution. Considering the above points, the CSA was constructed employing one pH indicator (hydrophobic) and eight porphyrins. Table 1 provide detailed information on the 9 CSCs used in this study. A total of 2 mg of each porphyrin dye and pH indicator was dissolved in 1 mL of dichloromethane and 1 mL of absolute ethanol, respectively, inside a fume hood. Then, 1 μL of each solution was printed on C2 inverse-phase silica gel plate with a size of 3 × 3 cm using a microcapillary tube. After drying for 15 min in a fume hood, the dye became stabilized on the silica gel plate. After that, the array was placed in a nitrogen-flushed glove bag for subsequent use.




2.7. Acquisition of CSA Data


The image of the CSA sensors was captured using a Tri-CCD camera under illumination from a transmission LED light system. A 10 mL sample of microbial-fermented Pu-erh tea liquid was placed in a Petri dish, which was then covered with a lid attached to the CSA using double-sided tape. The CSA was allowed to interact with the volatile compounds from the Pu-erh tea liquid for 10 min, resulting in a color change profile for each sample. The image was then immediately captured using the Tri-CCD camera. Additionally, a control image of the same CSA was taken before it interacted with the volatile compounds. Both the pre-reaction and post-reaction images were transferred to a computer for further analysis. MATLAB R2014b was used to process the images using techniques such as morphological processing (to improve image precision), threshold binarization (for contour magnification), and median filtering (to remove noise). A 15-pixel circle was selected for each point of the CSA as a ROI (region of interest). The grayscale image was composed of three-color components. The average value of the grayscale image was mined from the ROI of every CSA point before and after the interaction with a volatile component of microbial-fermented Pu-erh tea liquid. Then, the obtained averaged grayscale value was subtracted to create color component differences (ΔR, ΔG, and ΔB). After that, ΔR, ΔG, and ΔB were normalized prior to overlaying the grayscale image to obtain the differences in images. Each dye provided three variables and nine dyes of each CSA altogether provided 27 variables (3 color components × 9 points). The extracted variables were then combined with the reference values (total polyphenol content), quantified via the spectrophotometric method in Section 2.5, to develop the chemometric model. Figure 2 shows the general process of the model built.




2.8. Establishment of the Prediction Model


To enable the rapid detection of polyphenols during fermentation, the full dataset PLS model, along with variable selection techniques such as RF, IRIV, GA, and CARS, were employed to create regression models for polyphenol prediction. For comparison, a CNN model was also developed to predict total polyphenol content, providing insights into the effectiveness of deep learning versus traditional approaches.



PLS is a statistical technique that utilizes the full dataset to address multicollinearity issues by integrating aspects of canonical principal component analysis, multiple linear regression, and correlation analysis. However, since PLS includes both relevant and irrelevant data, its predictive accuracy may be compromised [24,25,26]. Nevertheless, PLS is commonly used as a baseline model for comparison with other methods.



RF is a widely used chemometric variable selection method that operates iteratively. For regression analysis, RF was combined with PLS. In essence, RF mimics the search behavior of a group of frogs in a wetland, where each variable extraction probability is measured through a reversible jump Markov Chain Monte Carlo approach, maintaining a steady-state distribution in the model space [27].



IRIV is a variable selection approach, which follows the possible interaction amid variables by random arrangement. It can evaluate variables related to the target compound. The selected variables can be grouped as strong, weak, uninformative, or interfering variables. In every iterative round, strong and weak variables are retained until the removal of uninformative and interfering variables has been achieved [28].



Genetic Algorithm (GA) is a nature-inspired stochastic optimization technique based on the principles of natural selection and evolution. It simulates the reproduction and evolution of variables within a dataset, enabling the identification of optimal solutions with high adaptability. Through iterative processes, GA refines the variable set by selecting those that optimize the objective function, ultimately converging on the global optimum solution [29]. In this context, the Partial Least Squares (PLS) method is used to establish the analytical correction model for the filtered variables identified by GA [28].



CARS progressively filters out uninformative variables through PLS regression, aiming to retain only valuable predictors. The approach involves Monte Carlo (MC) sampling of the calibration set to create a PLS model, followed by the removal of low-coefficient variables using an exponential decreasing function (EDF). The sampling process is optimized based on the minimum RMSECV (root means square error of cross-validation) value used as a selection criterion [30].



CNN is a prominent deep learning approach that performs convolution operations on input data. It consists of multiple layers, including convolution, pooling, and fully connected layers, where weights and biases are applied. The network’s weights are updated iteratively using backpropagation and a loss function, enabling the model to learn and refine its predictions through successive iterations. The loss function determines the difference in the value between each output layer. Subsequently, the error backpropagation technique updates the weights by propagating the loss through each layer until it is minimized or falls below a specified threshold [31]. CNN integrates preprocessing, variable selection, and regression into a single approach, allowing for end-to-end training without the need for manual adjustments [22].




2.9. Model Calibration and Validation


Before constructing the model, the dataset was randomly divided into calibration and prediction sets at a 3:2 ratio, with 50 samples assigned to the calibration set and 32 to the prediction set. Model performance was evaluated using a correlation coefficient (Rc) for the calibration set and a prediction coefficient (Rp) for the prediction set, providing insight into the model’s correlation strength for each data partition. Additionally, RMSECV and the root mean square error of prediction (RMSEP) were used to assess the model’s accuracy and reliability [32]. An ideal model should exhibit higher Rc and Rp values, lower RMSECV and RMSEP values, and minimal differences between Rc and Rp, as well as RMSECV and RMSEP [31,32,33]. The models were built using MATLAB R2014b and Python 3.9 in Jupyter Notebook, running on Windows 10.




2.10. Limit of Detection


The limit of detection (LOD) is an essential metric for evaluating the sensitivity and applicability of any analytical method. In this study, the LOD for total polyphenol content in microbial-fermented Pu-erh tea liquid was determined using the following equation, as outlined by our previous study [21]:


  L O D = 3 × R M S E P  








where RMSEP represents the root mean square error of prediction obtained from the optimal chemometric model used to quantify total polyphenols.





3. Results and Discussion


3.1. Construction of Regression Models and Statistical Analysis


Response surface analysis was conducted using Design-Expert 8.0 to investigate the polyphenol degradation rate, including the liquid–solid ratio, inoculum volume, and pH. The significance of the model was assessed through analysis of variance (ANOVA). The results indicated that the factors influencing polyphenol degradation were ranked in the following order: liquid–solid ratio > pH > inoculum volume, as discussed in detail in our previous study [21].




3.2. Analysis of Response Surface Outcomes


The response surface and contour plots were generated using Design-Expert 8.0 based on the analysis of model variance. These plots illustrate the effects of the liquid–solid ratio, pH, and inoculum quantity on the polyphenol degradation rate (Table 2). The degradation rate of polyphenols was significantly affected by the interaction between pH (X2) and inoculum quantity (X3), with a p value of less than 0.05. According to the results, the optimal conditions for maximizing the degradation rate under the combined influence of pH, inoculum quantity, and solid–liquid ratio were determined to be pH 4.818, inoculum quantity 8.814%, and a solid–liquid ratio of 1:20 (g/mL). At optimal conditions, the model predicted a maximum polyphenol degradation rate of 66.146%. For further studies aimed at controlling the Pu-erh tea fermentation process, the ideal parameters were identified as pH = 5, inoculum quantity = 9%, and liquid–solid ratio = 1/20 g/mL.




3.3. Dynamic Variations in Total Polyphenol Content Under Fermentation


Under the optimal fermentation conditions, the dynamic changes in total polyphenol content are shown in Figure 3. As seen from Figure 3, the total polyphenol contents decreased steadily with the progression of fermentation. Initially, the content was at its highest, approximately 5 mg/L. By day 2, it had slightly declined to around 4.34 mg/L. From day 3 onward, the polyphenol content exhibited a consistent downward trend, reaching its lowest level of about 2.61 mg/L on day 6. This decline is likely attributed to the enzymatic activity of polyphenol oxidase and peroxidase, which facilitate the oxidation and polymerization of tea polyphenols. These enzymatic reactions result in the formation of volatile compounds that contribute to the distinctive flavors and characteristics of the tea.




3.4. CSA Responses


To dynamically monitor the changes in volatile compounds released during fermentation, we utilized a CSA to capture the odorous characteristics of microbial-fermented Pu-erh tea and converted them into visual data. Figure 4 shows the original CSA image, after the interaction of volatile compounds of Pu-erh tea liquid, as the final image of the CSA and the image of their differences from day one to day six. Overall, a total of 82 CSA-RGB feature extraction datasets were collected from 82 samples for further analysis. As can be seen from Figure 4, consistent homologous color features were observed across duplicate experiments, confirming the reproducibility of the CSA system. Furthermore, the unique difference images corresponding to each fermentation day highlight the CSA’s sensitivity to the volatile compounds in Pu-erh tea liquid. Consequently, the use of appropriate chemometric methods holds promise for the in-depth identification of characteristic variables.




3.5. Evaluation of the Performance of Prediction Models


3.5.1. PLS Model Results


First, the PLS was employed on the entire variables of the CSA dataset obtained from fermented Pu-erh tea liquid to predict total polyphenol content. It can be seen from Table 3 that when the number of PCs was nine, the model performs optimally. Figure 5A illustrates the PLS model results for polyphenol prediction. The model yielded an Rc of 0.8497 and an RMSECV of 0.417 mg/mL for the calibration set, while the prediction set achieved an Rp of 0.8632 and an RMSEP of 0.480 mg/mL. Despite these results, the relatively high RMSEP and low Rp values indicate the presence of irrelevant information, which compromised the model’s performance.




3.5.2. RF-PLS Model Results


Following the PLS results, the RF algorithm was implemented to eliminate irrelevant variables, resulting in the development of the RF-PLS model. In this work, RF parameters of the variable selection probability threshold, PCs, variable numbers in the initial model, and the run numbers were set to 0.2, 10, 2, and 10,000, respectively. Variables selected from CSA data by the RF are shown in Figure 5B. In total, RF selected 16 variables from the CSA dataset collected on fermented Pu-erh tea liquid to establish the RF-PLS model for tea polyphenols. The combined scatter plot of the RF-PLS model for total polyphenols is presented in Figure 5C. The model achieved an Rc of 0.8580, Rp of 0.8233, and RMSEP of 0.547 mg/mL with eight PCs (Table 3). In comparison with the full variable PLS model, the Rc of the RF-PLS was improved, but its Rp was not significantly increased, prompting the exploration of alternative variable selection algorithms to further improve prediction accuracy.




3.5.3. IRIV-PLS Model Results


To improve the model performance, IRIV was further employed for variable selection, leading to the development of an IRIV-PLS model for predicting total polyphenol content. The IRIV algorithm was configured with key parameters, including an exponential decreasing function, binary matrix sampling, and a best-to-worst model ratio of k sub-models set to 50, 1000, and 0.1, respectively, leading to the selection of 14 variables from the CSA dataset. The PLS model, built with six PCs, achieved moderate success with an Rc of 0.8268 and Rp of 0.8201 (Figure 5D, Table 3). However, the IRIV technique did not significantly improve the robustness of the PLS model, suggesting that alternative variable selection algorithms could be explored to further enhance prediction accuracy.




3.5.4. GA-PLS Model Results


Subsequently, GA was employed to further refine the variable selection process and identify the most informative variables from the CSA dataset, enabling the construction of a more optimized model. Figure 5E illustrates the GA variable selection process. First, the target for optimization was set to predict tea polyphenol content, and the variables were based on the CSA data of Pu-erh tea fermentation liquid, which were converted into binary data. The GA then generated an initial random population, using RMSECV as the fitness function to guide the optimization process. Through this approach, 10 key variables were selected from the CSA dataset for building the GA-PLS model. The GA-PLS model demonstrated strong performance, yielding an Rc of 0.8596, RMSECV of 0.405 mg/mL, Rp of 0.8566, and RMSEP of 0.474 mg/mL, using seven PCs (Figure 5F, Table 3). Nevertheless, the high Rp and relatively low RMSEP values highlight GA’s effectiveness in selecting relevant variables, leading to improved predictive accuracy for tea polyphenol content.




3.5.5. CARS-PLS Model Results


The purpose of using CARS was to identify key variables that contain essential information about tea polyphenols, enabling the development of a more precise and reliable prediction model. The CSA dataset initially contained 27 variables, of which 15 significant variables were selected using CARS. The CARS parameters were configured with a 5-fold cross-validation and 50 Monte Carlo sampling runs. Figure 5G illustrates the CARS variable selection process. The red asterisk line in Figure 5G(I) marks the number of sample runs associated with the lowest RMSECV value, while Figure 5G(II) shows the regression coefficient path during variable selection, and Figure 5G(III) depicts the number of variables selected by CARS. As shown in Figure 5G(I), the number of selected variables drops sharply in the initial phase of extraction based on EDF. In the second phase, this decline slows considerably, as expected in Figure 5G(II), demonstrating the typical two-step screening behavior of the EDF process (Figure 5G(III)). As sampling runs progressed from 1 to 25, a large number of irrelevant variables associated with tea polyphenols were filtered out, resulting in a decline in RMSECV. Beyond 25 sampling runs, the RMSECV stabilizes until certain important variables are removed, which then leads to a rise in RMSECV (Figure 5G(I)). Accordingly, the model was built using PCs = 9, based on the lowest RMSECV value, as shown in Table 3. Figure 5H highlights the performance of the CARS-PLS model, where the training set produced an Rc of 0.8567 mg/mL and RMSECV of 0.409 mg/mL, while the prediction set achieved an Rp of 0.8503 mg/mL and RMSEP of 0.439 mg/mL. The superior Rp and lower RMSEP values, compared to other models (PLS, RF-PLS, IRIV-PLS, and GA-PLS), indicated that CARS-PLS effectively filtered out noninformative variables, thus improving prediction accuracy for tea polyphenols.




3.5.6. CNN Model Results


To effectively extract valuable variables, a deep learning CNN was applied. The CNN’s architecture is presented in Figure 6A, while Figure 6B outlines how tuning the epoch and batch size influenced model performance, reflected by changes in the Rp value (indicated by a shift from blue to red). In CNN, epoch and batch size are key hyperparameters for building the model [31]. To optimize these parameters, several analyses were conducted, and the Rp value was determined through adjusting epoch and batch size, as exhibited in Figure 6B. After optimization, the CNN model was configured with 80 epochs and a batch size of 6. The final results were impressive, with the model achieving an Rp of 0.8724, RMSEP of 0.396 mg/mL, RMSECV of 0.383 mg/mL, and Rc of 0.8735 mg/mL, as shown in Figure 6C and Table 3. The results indicated that the CNN model provided the most accurate and reliable predictions, outperforming the other models tested.




3.5.7. Overview of Modeling Results


The Box–Behnken design was initially utilized in combination with the response surface methodology to optimize fermentation parameters of Pu-erh tea liquid. Subsequently, to create the effective predictive model for polyphenols during microbial fermentation, six advanced chemometric approaches were systematically applied. These methods included PLS, RF-PLS, IRIV-PLS, GA-PLS, CARS-PLS, and CNN. The goal was to determine the most effective model for capturing the complex relationship between spectral data and polyphenol content, while also identifying the most relevant variables and enhancing prediction accuracy during the fermentation process.



Firstly, PLS was employed, utilizing all variables to assess their correlation with the reference values for total polyphenols. The Rp value (0.8632) was higher than the Rc value (0.8497) in the PLS model with an RMSEP of 0.480 mg/mL, likely due to the presence of irrelevant variables in the CSA dataset, which might affect the prediction capability of the model (Table 3). Following this, RF-PLS was introduced as a variable selection method based on the PLS results. RF selected 16 informative variables, representing 59% of the total dataset. RF is designed to explore a broad solution space by randomly selecting different combinations of variables (or “jumping” to different points in the search space). This randomness leads to a wide search for potentially useful variables, but it can also result in the selection of too many variables, including those that may not necessarily improve model accuracy [27]. Although this method showed a slightly higher RMSEP (0.547 mg/mL) compared to PLS, the difference between the Rc (0.8580) and Rp (0.8233) values was notably larger, likely caused by the exclusion of essential variables, leading to instability in the prediction results.



Next, the IRIV-PLS method was applied to enhance prediction accuracy by selecting the most informative variables. This approach used 14 variables and reduced the number of PCs to six. IRIV aims to select strong variables while filtering out weak or interfering variables [28]. Although the Rc and Rp values did not surpass the PLS and RF-PLS models, the difference between Rc (0.8268) and Rp (0.8201) was smaller, indicating better performance. However, while the RMSEP of 0.527 mg/mL was an improvement over RF-PLS, it was still higher than the PLS model.



To further enhance the prediction model, GA-PLS was applied, which uses a Genetic Algorithm to select variables through natural selection and fitness-based survival. This method resulted in better Rc and Rp values but did not significantly lower the prediction error. GA iteratively selects variables that maximize the model’s predictive accuracy. It progressively filters out irrelevant variables, leading to a more optimized set of predictors [34]. The GA-PLS model was built using ten variables and seven PCs, but while it showed improvement, the RMSEP remained higher than desirable for precise predictions. CARS-PLS was then applied as a more refined variable selection method. Improved Rc (0.8567), Rp (0.8503), and RMSEP (0.439 mg/mL) were obtained with nine PCs. CARS enhances variables selection by iteratively eliminating variables with smaller mean regression coefficients, using adaptive reweighted sampling and an exponential decline function. This process focuses on retaining the most informative variables, improving model accuracy [35]. While CARS-PLS performed better than GA-PLS, the relatively high prediction error hindered the model’s ability to make highly accurate predictions of polyphenols.



Unlike the above machine learning methods, deep learning CNN models do not require an extra variable selection process. Instead, the CNN establishes a direct relationship between the CSA data and the target variable through end-to-end learning. The CNN model, built using the full CSA dataset, achieved the highest Rc (0.8735) and Rp (0.8724) values compared to all other models, with 80 epochs and a batch size of 6. Despite using all variables, CNN achieved the lowest RMSEP (0.396 mg/mL), likely due to its ability to preprocess data and perform automatic feature extraction through deep learning. Ultimately, CNN outperformed RF-PLS, IRIV-PLS, GA-PLS, and CARS-PLS in terms of accuracy and predictive performance. The CNN’s strength lies in its ability to extract and transform informative variables into higher-level representations without needing additional variable selection steps. Moreover, by applying CNN directly to raw CSA data, the model was less affected by spectral preprocessing, resulting in superior accuracy.



All models’ prediction efficiencies were evaluated using RMSEP, RMSECV, Rp, and Rc values, with model accuracy improving in the following order: PLS < RF-PLS < IRIV-PLS < GA-PLS < CARS-PLS < CNN. Based on these results, CNN was chosen as the best model for predicting total polyphenol content, which is crucial for controlling the degree of Pu-erh tea fermentation during microbial processing.



Finally, the CNN model’s outcome was used to determine the LOD for total polyphenol content, which was calculated to be 1.188 mg/mL. In addition, Table S1 shows a comparison of our work with standard methods for polyphenol detection [36,37]. As can be seen in Table S1, the developed CSA method demonstrates comparable performance with the findings reported in the literature. Specifically, our approach not only ensures relatively accurate detection of total polyphenol content but also offers exceptional flexibility and cost-efficiency. Furthermore, this approach enables nondestructive testing, eliminating the need for pretreatment or reagents, making it an ideal choice for real-time quality assessment in tea fermentation.






4. Conclusions


A novel system was designed to determine the dynamic change in microbial-fermented Pu-erh tea through the determination of total polyphenol content based on the response surface results of experimental parameters, such as liquid–solid ratio, inoculum quantity, and pH, using a CSA and a chemometric approach. Initially, the CSA was designed from eight porphyrin dyes and one pH indicator and used for the detection of volatile tea compounds. Specifically, images of the CSA were collected before and after the reaction with volatile compounds present in microbial-fermented Pu-erh tea liquid. The RGB values (red, green, and blue) extracted from these images were then used to develop a chemometric model for total polyphenols. Subsequently, six chemometric approaches, PLS, RF-PLS, IRIV-PLS, GA-PLS, CARS-PLS, and CNN, were applied to comparatively assess total polyphenol content. Among them, the deep learning CNN approach achieved optimum results compared with other chemometric approaches. It resulted in an Rc of 0.8735, Rp of 0.8724, and RMSEP of 0.396 mg/mL. The above results suggested that a combination of CSA and CNN could be employed for monitoring of the dynamic change in microbial-fermented Pu-erh tea through the determination of total polyphenol content as a nondestructive method. Overall, our approach offers an efficient, nondestructive, and real-time method to track the changes in polyphenol content, which can lead to improved control over fermentation conditions and ultimately enhance the sensory qualities and health benefits of the final tea product.
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Figure 1. Schematic overview of prediction of optimum microbial fermentation of Pu −erh tea liquid via polyphenol detection using CSA and chemometrics. 






Figure 1. Schematic overview of prediction of optimum microbial fermentation of Pu −erh tea liquid via polyphenol detection using CSA and chemometrics.



[image: Chemosensors 12 00265 g001]







[image: Chemosensors 12 00265 g002] 





Figure 2. Flow chart illustrating the overall experimental procedure. 
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Figure 3. Variation in total polyphenol content throughout the fermentation process. 
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Figure 4. CSA images before and after the interaction of the volatile compound of Pu-erh tea liquid and their difference. 
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Figure 5. Scatter plot of predicted concentration (mg/mL) vs. measured concentration (mg/mL) in calibration and prediction set for PLS (A), RF-PLS (C), IRIV-PLS (D), GA-PLS (F), and CARS-PLS (H). Spectral variables selected using RF (B), GA (E), and CARS (G). 
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Figure 6. Basic setting of CNN architecture in this study (A). Optimized CNN model corresponds to the ideal batch_size and number of epochs for polyphenol prediction (B). Scatter plot of predicted vs. measured concentration (mg/mL) for CNN (C) in both calibration and prediction sets (C). 
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Table 1. Porphyrin materials and pH indicators used in this study.
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	Number
	Color-Sensitivity Materials
	Formula





	1
	5, 10, 15, 20-Tetraphenyl-21H, 23H-porphine iron (III) chloride
	C44H28ClFeN4



	2
	5, 10, 15, 20-Tetraphenyl-21H, 23H-porphine manganese (III) chloride
	C44H28ClMnN4



	3
	2, 3, 7, 8, 12, 13, 17, 18-Octaethyl-21H, 23H-porphine manganese (III) chloride
	C44H28ClMnN4



	4
	5, 10, 15, 20-Tetrakis (4-methoxyphenyl)-21H, 23H-porphine iron (III) chloride
	C44H36ClFeN4O4



	5
	5, 10, 15, 20-Tetrakis (pentafluorophenyl)-21H, 23H-porphyrin iron (III) chloride
	C44H24ClFeF20N4



	6
	5, 10, 15, 20-Tetraphenyl-21H, 23H-porphine
	C44H30N4



	7
	5, 10, 15, 20-Tetraphenyl-21H, 23H-porphine copper (II)
	C44H28CuN4



	8
	5, 10, 15, 20-Tetrakis (4-methoxyhenyl)-21H, 23H-porphine cobalt (II)
	C48H38N4O4



	9
	Bromophenol blue
	C19H10Br4O5S










 





Table 2. Variance analysis results for regression models [21]. Reprinted with permission from Elsevier, copyright 2024.
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	Source
	Sum of Squares
	Degree of Freedom
	Average Variance
	F Value
	p Value
	Significance Level





	Model
	806.22
	9
	89.58
	33.37
	p < 0.01
	**



	X1
	23.33
	1
	23.33
	8.69
	p < 0.05
	*



	X2
	1.84
	1
	1.84
	0.68
	--
	--



	X3
	354.90
	1
	354.90
	132.22
	p < 0.01
	**



	X1X2
	5.42
	1
	5.42
	2.02
	--
	--



	X1X3
	0.22
	1
	0.22
	0.083
	--
	--



	X2X3
	20.24
	1
	20.24
	7.54
	p < 0.05
	*



	X12
	157.66
	1
	157.66
	58.74
	p < 0.01
	**



	X22
	161.71
	1
	161.71
	60.25
	p < 0.01
	**



	X32
	42.52
	1
	42.52
	15.84
	p < 0.01
	**



	Residual
	18.79
	7
	2.68
	--
	--
	--



	Lack of fit
	2.49
	3
	0.83
	0.20
	--
	--



	Pure error
	16.30
	4
	4.07
	--
	--
	--







X1: pH, X2: inoculation volume, X3: solid–liquid ratio, *: significant, **: extremely significant.













 





Table 3. Comparison of model results for screening of polyphenols in Pu-erh tea during the fermentation process based on colorimetric sensor array.
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Model

	
Number of Variables

	
Optimum PC

	
Calibration Set

	
Prediction Set




	
Rc

	
RMSECV (mg/mL)

	
Rp

	
RMSEP (mg/mL)






	
PLS

	
27

	
9

	
0.8497

	
0.417

	
0.8632

	
0.480




	
RF-PLS

	
16

	
8

	
0.8580

	
0.412

	
0.8233

	
0.547




	
IRIV-PLS

	
14

	
6

	
0.8268

	
0.458

	
0.8201

	
0.527




	
GA-PLS

	
10

	
7

	
0.8596

	
0.405

	
0.8566

	
0.474




	
CARS-PLS

	
15

	
9

	
0.8567

	
0.409

	
0.8503

	
0.439




	
CNN

	
27

	
--

	
0.8735

	
0.383

	
0.8724

	
0.396
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