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Wheat is the most produced cereal in the world, and its varieties, locations and planting times directly interfere with its technological quality and derivatives. Therefore, the quality control of wheat flour is of fundamental importance to guarantee the necessary adjustments in the processes due to the natural variations of the Wheat.
In this context, this work aimed to evaluate the use of Near Infrared Reflectance spectroscopy (NIR) to estimate rapid results for the quality of wheat flours through Regressions Trees, a supervised Machine Learning approach. Sixty-five analyses were performed to obtain the parameters, and 20 repetitions were to confirm the results obtained. For each of the repetitions, different flours were used, which were analysed in the NIR Analyzer Spectrastar XT-R and, in the sequence, the main physical-chemical and rheological characteristics were analysed: Moisture (AACC 54-21 (2000)), ash (AACC 08-01 (1995)). Colour by Minolta CR400 colourimeter, total and dry gluten (Yucebas Machinery, Mod. Y070073, Turkey), farinographic characteristics (AACC 54-21 (1995)), using Farinografo®️-AT and alveography (AACC 54-3- (2000) by Alveograph Chopin. It was possible to build decision trees that related physical-chemical and rheological variables with the variables from the NIR, resulting in decision rules with reasonable accuracy. In this way, it is concluded that the NIR can be used as a rapid test for the quality control of wheat flour. However, it is necessary to confirm the results of the rheological analyses for more accurate results.
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Wheat (Triticum aestivum L.) is one of the three most important grain crops and is widely cultivated worldwide due to its value as a staple food and source of protein. Wheat is essential in human nutrition, the main ingredient of many tasty foods (BRÜTSCH et al., 2017). The Whole grain is rich in nutrients such as minerals, protein (8–16%), fat (1–3%) and fibre (12–15%) (SENYA et al., 2021).
Wheat flour is the primary raw material used in various food formulations, providing the base in which the other ingredients are mixed to form the dough (MORAES et al., 2010, HAJNAL et al., 2014, RANZAN et al., 2014, TACER-CABA et al., 2014, COELHO E SALAS-MELLADO, 2015 ).
To obtain flour, clean and conditioned Wheat is reduced through a multi-stage process of successive milling with corrugated and smooth rollers, sieving and purification. At each step, a certain amount of flour is produced, removed and subsequently combined in proportions to form the desired flour (POMERANZ, 1988, POSER and HIBBS, 2005). Roller mills are most used to produce wheat flour, which will later be used in the bakery industry. In addition to reducing energy consumption, grinding quality is very important in the food industry. For example, different wheat flour milling conditions resulted in milled powders with other physical properties (PROTONOTARIOU et al., 2014).
Wheat flour's quality includes its chemical composition and technological proprieties. Chemical composition is its Moisture, protein, ash and wet gluten contents. Technological proprieties are sedimentation value, falling number and rheological properties of the flour mass wheat. The quality of this product is of public interest, as it is related to the quality of flour products and human health. Therefore, efficient and convenient analytical techniques are needed for wheat flour quality controls (ZHANG et al., 2022).
The rheological quality of wheat flour is mainly determined by the quality and quantity of gluten (GEISSLITZ et al., 2018; Monteiro et al., 2021). The excellent nutritional profile and quality parameters favour its wide application in preparing cookies, bread, muffins, pasta and other snacks (DHAUA et al., 2021).
Classical methods have always been used to measure the safety and quality of cereal-based foods with relatively low efficiency compared to emerging nondestructive techniques. Classical methods suffer from the disadvantages of destructiveness and are more time-consuming to obtain results. Therefore, they cannot be used for online monitoring, detection and evaluation. Emerging approaches are reliable with accurate, rapid and non-invasive investigations for authenticating the safety and quality attributes of cereal grains and their products during storage and processing. These innovative technologies can overcome the complexity, problems, destructibility and slowness associated with classic analytical tools (HUSSAIN et al., 2019).
The evaluation of the rheological behaviour of the dough is essential in quality control and the development of new bakery products. It can influence the processability, extensibility, resistance to stretching, gas retention capacity of the dough, viscoelasticity and, consequently, the physical and sensory properties of baked bread. Quantifying the rheological properties of wheat flour doughs can be helpful in the process of improving and optimising manufacturing techniques (MIRONEASA et al., 2019).
The rheological property of wheat flour-based dough influences its processing characteristics, which is crucial for final products (GE et al., 2023). The rheological property of wheat flour is mainly given by the gluten network structure, which was formed by the massive bonds of gluten molecules through disulfide bonds, hydrogen bonds and hydrophobic forces (McCANN and DAY, 2013).
To ensure product compliance with the standards established by the quality control criteria of products received for industrialisation, the need to develop new, simple, fast and low-cost analytical methodologies to determine the quality of wheat flour.
Near-infrared (NIR) spectroscopy can identify the chemical composition of food products. It could be used to provide detailed identification of changes in physicochemical properties during food processing and integrate them into quality control strategies when related to the industrial processing and control of raw materials received by the industry. It has the advantages of being fast, nondestructive, low-cost, real-time, and reproducible and has the potential for future applications in the intelligent control of food production (DEIDDA et al., 2019).
In this scenario, near-infrared (NIR) spectroscopy has already been used to determine the chemical composition (water, protein, ash, damaged starch, oleic acidity, Hagberg drop number and TOTOX), analytical profiles (farinograph, alveograph and solvent retention) (LANCELOT et al., 2021, YE et al., 2018). Foods' physical properties and chemical composition are strongly correlated and can be reflected in characteristic NIR spectra. In addition, machine learning can be used to model such predictive relationships based on NIR spectra (JIANG et al., 2023).
Evaluating the final model is critical to obtain a stable and robust model. The correlation coefficient (R), coefficient of determination (R 2 ) and correlation coefficient for prediction (R p ) are often used to evaluate the performance of constructed models. The best models typically have the highest R and R 2 or sometimes R p while having a lower root mean square prediction error (RMSEP) and root mean square cross-validation error (RMSECV) (MINAS et al. al., 2021 ). Furthermore, the residual predicted deviation (RPD) is used to assess model stability, and a higher RPD indicates better predictive performance (KUTSANEDZIE et al., 2018).
In this context, the objective of this study was to use machine learning methods to estimate the reliability of NIR spectra compared to traditional methods for wheat flour quality control.

2. Material and methods

Wheat milling

In this work, wheat flour was obtained from industrial and experimental methods. Two-thirds of the samples were from experimental milling, and one-third were from industrial milling. Analyses of 68 samples were performed to build the models and 17 samples to confirm the results.

Milling in experimental mill
To produce flour in an experimental mill, the Moisture of the Wheat was first determined, and later, the percentage of water to be added was determined by calculation, considering the initial Moisture (IM), the desired Moisture (DM) and the weight of the flour sample, according to equation 1.

Water added (ml) =  eq 1

After adding water, the Wheat rested for 4 four hours, and grinding was performed in an Experimental Mill VG 2000i (Vitti Molinos, Brazil).

Milling in industrial mill
The industrial milling was carried out continuously, where a wetting screw humidifies the Wheat. The initial Moisture of the Wheat is determined; subsequently, the Wheat is humidified and will rest for 16 hours. After the humidified Wheat had rested, the milling was started. The process was basically in 3 stages: Grinding, reduction, and compression.
In the grain-crushing stage, the coarsest product is obtained (a higher percentage of bran). The reduction is where the dressed semolina is worked (endosperm with small amounts of bran). The roller will separate this bran and send it to the finer grindings and the semolina to the compression banks. The cylinder banks will break the semolina and transform it into wheat flour. Sieving is done by plansifters, where each pass has a diagram with screens of different openings to correctly distribute each product to the next pass, according to the desired granulometry.

Conventional analytical methods

Physicochemical analysis

The moisture content of the flour was measured according to method No. 44-15 A of the AACC (2000). The percentage of ash was determined according to method nº 08-01 of the AACC (1995).
The colour of the flours was evaluated using a Minolta CR-400 colourimeter. The results were expressed in L* values, whose L* values (brightness or brightness) range from black (0) to white (100), according to Nakagawa 2019.
Gluten washing equipment (Yucebas Machinery, Mod. Y070073, Turkey) was used to determine the quantity and quality of gluten in wheat flours, according to method nº 38-12 of the AACC (1995). The gluten index was determined, corresponding to the percentage of wet gluten remaining on the sieve, part of the equipment, after centrifugation (Yucebas Machinery, Mod. Y080067, Turkey). Then, the dry gluten content was determined, corresponding to the weight (%) of the washed dough after drying between two heated gluten dryer plates (Yucebas Machinery, Mod. Y090042, Turkey).

Rheological analyses of flour

Method No. 56-81 B of the AACC (2000) was followed to analyse the number of falls.
The farinographic characteristics of the wheat flours used in the experiment were evaluated according to method nº 54-21 of the AACC (1995), using the Farinógrafo®-AT (Brabender, Germany).
From the farinogram, the following parameters were analysed: water absorption (ABS) and development time (TD).
The alveograph analysis was carried out in the Chopin Alveograph equipment, following method no. 54-30 A, established by the AACC (2000).

Fast analysis by NIR

For the quick analysis, the NIR Analyzer Spectrastar XT-R (KPM Analytics, USA) (was used with the calibration provided by the manufacturer to Moisture, Protein, Ash, Alveo P, Alveo W, Color B, Water ABS, Dev Time. Figure 1 shows the calibration of protein sourced by the manufacturer (SpectraStar XT-R Calibration Library, 2021).
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Figure 1. NIR Analyzer XT-R calibration for protein


Statistical analyses

Regression tree learning is a supervised learning approach used in statistics, data mining and machine learning. The regression trees divide the data into subsets: branches, nodes, and leaves. The regression trees select splits that decrease the dispersion of target attribute values. Thus, the target attribute values can be predicted from their mean values in the leaves. In this context, we use the results obtained by NIR Analyzer Spectrastar XT-R (KPM Analytics, USA) to build our regression tree, aiming to predict and compare the results with those obtained in the lab. To verify the quality of the fit and prediction, the database was divided into 80% for training the Machine Learning algorithm and 20% for prediction.

0. Results and discussion

Considering Moisture (AACC 54-21 (2000)) as the response variable, all covariates obtained by the NIR method were used to build the regression tree and subsequent prediction. The tree had 4 nodes, making a total of 5 classifying branches shown in Table 1.

Table 1. Classifying branches
	Rules
	Cover

	1. when ALVEO W NIR <  255 & Abs NIR >= 65                         
	11%

	2. when ALVEO W NIR <  255 & Abs NIR <  65                       
	31%

	3. when ALVEO W NIR >= 255 & Gluten Um NIR >= 29 & ALVEO L NIR >= 85     
	26%

	4. when ALVEO W NIR >= 255 & Gluten Um NIR >= 29 & ALVEO L NIR <  85     
	18%

	5. when ALVEO W NIR >= 255 & Gluten Um NIR <  29                                  
	13%
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Figure 2. Regression tree for Moisture

The branches, represented by the classification rules, obtained coverage of 31%, 26%, 18%, 13% and 11%. Considering these rules, we have in Table 2 the prediction of Moisture (AACC 54-21 (2000)) values via regression tree, compared with the real data obtained in the laboratory.


Table 2: Comparison between Lab Results and ML Prediction by Regression Tree for Moisture (AACC 54-21 (2000))
	Lab Results
	ML Prediction (Regression Tree)
	Error

	13,7000
	14,0113
	-0,3112

	14,0500
	14,0113
	0,0388

	13,8600
	14,0113
	-0,1512

	14,4400
	14,0113
	0,4288

	13,4400
	14,0113
	-0,5712

	14,4200
	14,0113
	0,4088

	13,9400
	14,0113
	-0,0712

	14,1300
	14,0113
	0,1188

	13,8600
	14,0113
	-0,1512

	13,8600
	14,0113
	-0,1512

	14,0400
	14,0113
	0,0288

	14,1100
	14,0113
	0,0988

	14,0400
	14,0113
	0,0288

	14,3900
	14,0113
	0,3788

	14,5500
	13,8821
	0,6679

	13,8300
	14,0113
	-0,1812



Considering the other variables of the study, the prediction of values ​​via regression tree obtained results close to laboratory ones, both for the Physicochemical and Rheological variables. This was verified by the adjustment measures such as the Average Error and the MAE shown in Table 3.

Table 3: Mean values ​​obtained in the laboratory, mean predicted by ML, mean error, and mean absolute error (MAE) for the test database considering each experimental variable.

	Variable
	Lab (mean)
	ML Prediction (mean)
	Error
	MAE

	Moisture
	14,04
	14,00
	0,04
	0,24

	Development Time
	6,14
	5,16
	0,99
	2,84

	Gluten Index
	32,48
	31,39
	1,09
	1,39

	Water Absorption
	57,37
	56,83
	0,54
	1,11

	Alveograph L
	105,63
	99,78
	5,84
	17,67

	Alveograph P
	81,25
	80,97
	0,28
	8,47

	Alveograph W
	285,88
	275,35
	10,52
	32,65

	Colour
	92,03
	91,67
	0,35
	0,78




0. Conclusions
Regression Trees associated with Fast analysis by NIR obtained accurate estimates, both for the Physicochemical and Rheological variables, when compared with data obtained in the laboratory. It was possible to build regression trees with the identification of classifiers by nodes, branches and leaves. 
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