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 The fruit quality has a direct impact on how the fruit looks and how tasty the 

fruit is. The correct use of tools to determine fruit quality is essential to offer 

the best product for the final consumer. This study has used the preferred 

reporting items for systematic reviews and meta-analyses (PRISMA) 

methodology. The study objective was elaborate a systematic literature 

review (SLR) about research of the application of techniques based on 

artificial intelligence to analyze indicators obtained by near infrared 

spectroscopy (NIRS) and chemometrics to determine the quality of fruits, 

including blueberries. The most frequently addressed indicator is the soluble 

solids concentration (SSC) which was used in several studies with 

techniques such as support vector machines (SVM) and convolutional neural 

networks (CNN). According to the results obtained, it is possible to use 

these techniques to predict blueberry quality indicators. There was an 

acceptable performance and high accuracy of these models. However, future 

research could cover other techniques and help to provide better quality 

control of products in food industries.  
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1. INTRODUCTION 

Blueberries are food with high nutritional value, and they have benefits related to health to impact 

on quality of people´s lives. Blueberries also are tasty for most people. They have cultivation qualities that 

are useful for rapidly growing and that's why their popularity has been spreading around the world [1]. As 

blueberries became popular, people also demanded an acceptable quality for it. Blueberry production is also 

increasing year after year, so the standard for picking is the fruit in a specified maturity time [2]. 

Blueberries' ripeness affects how they taste and how long they can be stored without getting rot. 

Some quality testing combines ripening parameters and other characteristics based on pre-harvest factors. In 

a common process, the blueberry quality test can evaluate some key characteristics like soluble solids 

concentration (SSC) to determine a correct harvest maturity time, however this is done destructively by 

discarding several blueberry samples [3]. Sugar is the main component of fruit quality and flavor. It also 

affects the aromatic compounds and color pigments of blueberries [4]. 

This study investigated how near infrared spectroscopy (NIRS) with other technologies like machine 

learning and techniques like chemometrics could be used to improve quality evaluation of blueberry fruit in a 

national context. NIRS has been mostly intended for use in the agri-food industry and it is employed at 

different stages of a grower's supply chain [5]. NIRS has been used as a rapid, non-destructive screening tool 

to determine certain fruit attributes for postharvest quality evaluation [6]. 

https://creativecommons.org/licenses/by-sa/4.0/
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In combination with chemometrics techniques, it has shown great potential for the determination of 

physical and chemical parameters such as total soluble solids (TSS) and total titratable acidity (TA). This 

technique allows for determining physicochemical properties related to various biochemical changes such as 

fruit ripening. Furthermore, large amounts of data may be available that require multivariate statistical 

approaches to identify the most relevant information from large data sets and create prediction and 

classification models with practical applications [4]. 

In some research, we found uses of NIRS in combination with chemometrics for the evaluation of 

SSC in different fruits to optimize the time of quality evaluation and increase its efficiency. According to 

Cerezo et al. [7], NIRS and principal component analysis (PCA) are used to determine the quality of olive oil 

based on the SSC, which determines a higher value for the prediction and classification of maturity. 

According to Santos et al. [8], it explored the use of NIRS and partial least squares regression (PLSR) to 

evaluate the maturity of citrus fruits. It also used preprocessing techniques such as multiplicative scatter 

correction (MSC) and standard normal variate (SNV) that achieved better precision of the SSCs of the fruits. 

Montecchiarini et al. [9] proposed machine learning models such as convolutional neural network (CNN) and 

feedforward neural network (FNN) in combination with NIRS and PCA for the evaluation of SSC in O'Neal 

and Emerald variety blueberries with an accuracy of 98%. According to Rungpichayapichet et al. [10], it 

used partial least squares (PLS) regression as a prediction model for mango SSC with a precision of 87%, the 

result was very low due to the time in which the harvests were carried out, which determined a relationship 

that was not so appropriate. For predictions, Ferrara et al. [11] developed predictive models for the 

evaluation of the quality of the grapes located in the vineyards, which determines the exact time that should 

be harvested, however, some limitations were found for collecting data directly in the vineyards, such as the 

shade that disperse the data. Ditcharoen et al. [12] proposes models such as support vector machine (SVM) 

and k-nearest neighbors (KNN) for the prediction of SSCs of durian fruit, different techniques such as MSC 

and SNV were used to calibrate the spectral data, which helps to improve model training which had an 

approximate accuracy of 89%. However, it is recommended to have more test data to improve the 

performance of the models. 

In summary, our investigation suggests that a well-performing blueberry SSC detection model can 

help farmers and laboratories to quickly detect the ripeness of blueberries more accurately. This allows them 

to identify the optimal blueberry harvest time and reduce the current quality evaluation that requires a lot of 

time and manpower. That is why in the present review, we explored different artificial intelligence models in 

combination with NIRS and chemometric techniques for SSC detection. Likewise, various research will help 

to deepen the relationship between blueberry sugar content and its ripeness to facilitate this detection. 

 

 

2. METHOD 

2.1.  Systematic search strategy 

In this research the PICO method was used. Its name is the initials of the words P (population), I 

(intervention), C (comparison), and O (outcome). This method allows the formulation of strategic questions 

to carry out more precise and effective searches for articles [13]. In addition, the formulation of the PICO 

question and its components that helped to formulate the research question was carried out and can be seen in 

Table 1. Additionally, a disaggregated PICO table was made where the keywords in each component were 

identified and thus generate the search equation that will help to obtain more accurate results; this can be seen 

in Table 2.  

 

2.2.  Search equation 

Next, searches were performed in two databases focused on research, which are Scopus and 

PubMed, where the equation was formulated based on the keywords defined in Table 2. Additionally, other 

filters were added, such as that the publications should be between 2019 and 2023 and that the documents 

should be systematic reviews and articles. As a result, a total of 265 investigations were obtained for Scopus 

and a total of 8 investigations were obtained from PubMed. The following is described in Table 3. 

 

 

Table 1. PICO question and its components 
Question PICO Components 

‒ RQ: How would the use of a machine learning 

model based on NIRS and chemometrics 
improve the evaluation of the internal quality 

of blueberries compared to traditional 
destructive evaluation? 

‒ RQ1: What kind of blueberry quality indicators have been predicted using machine 

learning methods?  
‒ RQ2: What are the different machine learning techniques that have been applied to 

predict blueberry quality?  
‒ RQ3: What are the chemometric techniques used in blueberry quality prediction? 

‒ RQ4: How have you carried out the performance metrics of machine learning 
models to predict the internal quality of blueberries? 
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Table 2. Disaggregated PICO table 
  Keyword Equation syntax 

P: Problem/ Population Blueberries for quality 

evaluation 

Postharvest, fruits, berries Postharvest OR fruits OR berries 

I: Intervention Machine learning model 

based on NIRS and 

chemometrics 

Machine learning, NIR, near 

infrared spectroscopy, 

chemometry, artificial 
intelligence 

"machine learning" OR "nir" OR "near 

infrared spectroscopy" OR "chemometry" 

OR "artificial intelligence". 

C: Comparison Traditional destructive 

evaluation 

Maturity, soluble solids, 

titratable acidity, destructive 

method, traditional". 

maturity OR "soluble solids" OR 

"titratable acidity" OR "destructive 

method" OR "traditional". 

O: Results Improved internal 
quality assessment 

Quality evaluation, results, 
non-destructive, evaluation, 

evaluation 

"quality evaluation" OR "results" OR 
"non-destructive" OR "evaluation". 

 

 

Table 3. Database search 
Database Equation Results obtained 

SCOPUS 

TITLE-ABS-KEY (postharvest OR fruits OR berries AND "machine learning" OR "nir" OR 

"near infrared spectroscopy" OR "chemometry" OR "artificial intelligence" AND maturity OR 
"soluble solids" OR "titratable acidity" OR " destructive method" OR " traditional" AND 

"quality evaluation" OR "results" OR "non-destructive" OR "evaluation") AND PUBYEAR > 

2018 AND PUBYEAR < 2025 AND (LIMIT-TO (DOCTYPE, "ar") OR LIMIT-TO 

(DOCTYPE, "re")) AND (LIMIT-TO (OA, "all")) 

265 

PUBMED 

(postharvest OR fruits OR berries) AND ("machine learning" OR "nir" OR "near infrared 

spectroscopy" OR "chemometry" OR "artificial intelligence") AND (maturity OR "soluble 
solids" OR "titratable acidity" OR " destructive method" OR " traditional") AND ("quality 

evaluation" OR "results" OR "non-destructive" OR "evaluation") 

8 

 

 

2.3.  Inclusion and exclusion criteria 

Inclusion and exclusion criteria were then developed based on the articles found in the databases. 

Important topics that should be included in the papers were identified to help make a better selection for the 

research. The criteria are defined in Table 4. 

 

 

Table 4. Inclusion and exclusion criteria 
Inclusion criteria Exclusion criteria 

CI1: Studies should include predictive models of quality 
parameters. 

CI2: Studies should include the implementation of 

chemometrics and machine learning. 

CI3: Studies should include the use of Nir spectra in fruits. 

CI4: Studies should include machine learning or deep learning 
approaches to classify a fruit. 

CI5: Studies should include methods for information 

extraction to train machine learning models. 

CI6: Studies should include chemometric techniques. 

CE1: Documents that do not use NIRS for information capture. 
CE2: Documents that do not implement chemometrics. 

CE3: Papers that do not mention machine learning techniques. 

SC4: The documents that do not speak of the quality of the 

fruits. 

CE5: Studies that do not deal with machine learning or artificial 
intelligence or deep learning. 

CE6: Documents that are prior to 2019. 

CE7: Publications that are different from English or Spanish. 

 

 

2.4.  Selection process 

For the selection of articles, the PRISMA flowchart was used to help identify research articles that 

best fit the topic of systematic reviews by filtering by exclusion and inclusion criteria [14]. The first step was 

eliminating duplicate articles, then validating compliance with the inclusion and exclusion criteria, and 

finally obtaining the articles relevant to the research. Next in Figure 1, a review of 273 documents selected 

from the search in the databases was carried out, where 265 documents were selected from Scopus and 8 

documents from PubMed. Of the total number of articles, the review of the abstract as well as the title of each 

article was carried out and a total of 130 were eliminated for not including the topics of NIRS and 

chemometrics, in addition to not including mention of artificial intelligence topics such as predictive models, 

machine learning or deep learning. 143 documents remained with the defined topics. Then 8 articles have 

been eliminated because they are not fully available for a complete review. After reviewing the remaining 

135 articles, 90 articles have been excluded for focusing only on spectral imaging and portable data 

acquisition devices; 1 article for addressing the use of artificial intelligence as the main topic; 3 articles for 

focusing on FT-NIR and 1 article for addressing the use of nitrogen isotope radiation. 40 articles met the 

criteria for inclusion. The PRISMA flow chart prepared for the research is shown in Figure 1.  
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Figure 1. PRISMA flow diagram 

 

 

3. RESULTS AND DISCUSSION 

3.1.  Bibliometric analysis 

Bibliometric analysis is very valuable since it facilitates the interpretation of large amounts of data 

and provides a clearer insight into novel ideas for research [15]. After the application of the document 

selection process, 40 studies were obtained for the systematic review. For the elaboration of Figure 2, the 

systematic review main terms were "near infrared spectroscopy", "analysis", "fruits", and "machine learning" 

included in the titles, keywords or abstracts of these papers. Specialized data analysis software known as 

VOSviewer was used and according to Rodriguez et al. [16] it serves to build bibliometric networks based on 

data downloaded from bibliographic databases and thus determine the relevance and relationship between the 

key components of the review.  

 

 

 
 

Figure 2. Analysis of connections between research keywords 
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Figure 3 shows the representation of the proportion of the main terms that indicate the frequency of 

publication by year of the articles. In addition, the relationship by color can be seen, with "deep learning" and 

"chemistry" as recent terms in research published in the last half of 2022. The density of the key elements can 

be appreciated where two of the most predominant terms within the research topic can be visualized which 

are "near infrared spectroscopy" and "fruits" referring to the articles that include these topics published in the 

last years. 

 

 

 
 

Figure 3. Keyword density analysis of research keywords 

 

 

3.2.  Year of publication 

The selected studies were published between 2019 and 2023. Figure 4 shows the number of studies 

published within the selected timeline. Overall, the oldest study reviewed was published in 2019, while in 

2022 most of the articles were published. Of those reviewed, four articles were published in 2019, five 

articles in 2020, three articles in 2021, fifteen articles in 2022, and thirteen articles in 2023. Based on the 

results, it is observed that the latest studies touch on topics related to applications of artificial intelligence as 

one of the approaches to improve the prediction of results based on NIRS.  

 

 

 
 

Figure 4. Number of documents by year of publication 

 

 

3.3.  Blueberry quality indicators 

The research questions are discussed in this section. The first research question addressed is: (RQ1) 

What type of blueberry quality indicators have been predicted using machine learning methods? Based on the 
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articles reviewed, various internal quality indicators of fruits have been found to be important in determining 

ripeness. These can be distinct compounds present inside the fruit that can be detected by spectroscopic 

means or by destruction of the fruit [17]–[21]. Some internal indicators such as sugar content, acid-sugar 

ratio, firmness, texture, and vitamin C are obtained by traditional destructive and non-destructive methods to 

be used to determine the quality of the fruit [22]–[25]. Likewise, according to Pornchaloempong et al. [26], 

NIRS was used to predict the SSC of mangoes, which indicates the sweetness of the product and determines 

whether it meets marketing standards. Furthermore, according to Zhang et al. [23], soluble solids, firmness, 

and acidity are established as important internal quality characteristics. Also, SSC is an indicator that is more 

linked to consumer perception of fruit quality [27], [28]. Table 5 shows that the SSC indicator is the most 

used and evaluated in research because it is a value that helps to determine the content of internal sugars, as 

well as other soluble compounds such as certain minerals, which are key to determine the quality and 

ripeness of fruits [25], [27], [29]–[33]. Also, according to Cai et al. [34], the prediction of the moisture 

indicator helps to know the level of dehydration present in the fruits and this in turn was useful to determine 

how much the fruit was affected in its texture and flavor characteristics which are of fundamental importance 

for the final consumer. Similarly, the TA indicator is useful to determine the amount of citric acid contained 

in the fruit, which is an important factor that maintains the balance between sweetness and acidity [19], [20], 

[26], [30], [35], [36]. In addition, other articles talk about how detect the indicator phenolic acids to 

determine if the fruit is susceptible to spoilage [17], [24]. This helps to protect fruits because the higher the 

phenolic acid indicator, the longer the preservation and the longer the shelf life of the fruit. Vitamin C is also 

detected as an indicator that, Ye et al. [18] determines whether the fruit can maintain adequate freshness for a 

longer time depending on its quantity and helps to preserve it. Finally, the dry matter (DM) amount present in 

the fruit is also taken as an indicator [37]. This indicator determines whether the fruit can maintain an 

adequate freshness for a longer time. A range between 10% to 30% of the recommended presence in the fruit 

is also useful to determine its maturity [38], [39].  

 

 

Table 5. Indicators for quality assessment 
# Quality indicator Unit of measurement Quantity Articles 

1 Soluble solids concentration Brix 33 [11], [18]–[27], [28]–[31], [33], [35], [39]–[46], [47]–[52] 

2 Amount of humidity (CH) % 2 [34], [48] 

3 Titratable acidity % 10 [11], [19], [20], [24], [26], [29], [35], [36], [47] 

4 Phenolic acids (FT) % 2 [18], [20] 
5 Dry matter % 6 [23], [38], [48], [52], [53] 

6 Vitamin C (VC) % 2 [18], [19] 

 

 

3.4.  Most used machine learning techniques 

The second research question addressed was the following: (RQ2) What are the different machine 

learning techniques that have been applied to predict blueberry quality? Based on the analysis of the articles, 

some machine learning techniques were identified from those that have been associated with 3 of the internal 

quality indicators that are the most important for blueberry quality. Table 6 shows first the SSC prediction 

indicator, they implemented a SVM algorithm to predict the Brix of fruits such as pears, oranges, oranges, 

and pears [24], [29], [40], [43], [44]. Then were 4 articles that implement the CNN for SSC prediction [19], 

[28], [30], [39]. Least-squares support vector machine (LS-SVM) based models were also used for fruit 

maturity classification [27], [31], [33], [38]. Also detailed are models such as graph convolutional network 

(GCN), KNN, and support vector machines regression (SVMR) which are models that help to improve 

regression and classification problems by handling nonlinear inputs as linear outputs [19], [25], [29], [35], 

[42]. Then there is the TA concentration prediction indicator, which in the articles was identified as using the 

ANN algorithm, which is a neural network composed of input layers where the spectra data are entered. 

There is the hidden layer where the calculation and processing are performed and the output layer that shows 

the % of TA [26], [37]. In addition, Basile et al. [54] indicates that increasing the hidden layers will result in 

an erroneous prediction, also the training should be divided into data to train the model at 80% and data to 

test the model at 20%. Also, SVM was used for the classification of sweetness of oranges, which were 

classified into three classes: sweet, mixed (sweet and sour), and sour [35]. Additionally, models such as GCN 

and CNN are also detailed in [19] the combination of these models shows an accurate performance in 

predicting the internal quality parameters of mandarins since a rapid and non-destructive evaluation is 

performed to obtain the data. 

Finally, we have the DM prediction indicator, which was identified in the articles as using a model 

based on artificial neural networks (ANN), which is a subset of machine learning that helps to process data 

and solve problems [54]. Moreover, according to Puttipipatkajorn et al. [37] for ML algorithms to have better 
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results, spectral pretreatment with calibration models such as SNV, modified sine cosine algorithm (MSCA) 

should be performed. Also, Subedi and Walsh [52] mentioned that the ANN model has used a single hidden 

layer architecture, which helped the prediction of attributes such as MS and obtained results like those 

achieved by models such as PLSR. 

 

 

Table 6. Most used machine learning techniques by quality indicator 
# Quality indicator ML techniques Quantity Articles 

1 SSC prediction  SVM 5 [29], [35], [43], [44] 

CNN 4 [19], [28], [39] 

LS-SVM 4 [19], [27], [31] 

GCN 1 [33] 

KNN 2 [29], [35] 
SVMR 2 [25], [42] 

Linear regression model (LRM) 1 [40] 

Multilayer perceptron (MLP) 1 [40] 

Linear discriminant analysis (LDA) 2 [29], [35] 

2 Prediction of TA concentration SVM 2 [29], [35] 
GCN 1 [19] 

CNN 1 [19] 

KNN 2 [29], [35] 

LDA 2 [29], [35] 

ANN 3 [37], [54] 
3 Dry matter prediction ANN 4 [37], [53], [54] 

 

 

3.5.  Chemometric techniques for predicting blueberry quality 

The third research question that was addressed is the following: (RQ3) What are the chemometrics 

techniques used in the prediction of blueberry quality? Based on the analysis of the articles, some 

chemometrics based techniques have been identified to predict key indicators for determining fruit quality 

through analysis. As detailed in Table 7, the techniques with the highest mention in the research are shown 

grouped by the indicator to be predicted. Starting with the prediction of SSC, which is obtained by employing 

PLSR among other techniques such as the application of PCA to search for differences in spectral data and 

develop calibration models to be used with data obtained by NIRS [17], [22], [35], [41]. Guo et al. [50] 

mentioned that it is possible to apply regression with multiple latent variables (PLS2R) to work the NIRS 

data in a multilinear regression. In addition, it is denoted that the presence of environmental noise or external 

factors can generate nonlinear spectra that could alter the expected results so that these anomalies should be 

treated with classification techniques such as SVM [11], [47], [49]. In addition, according to Ye et al. [18] 

details that partial least squares discriminant analysis (PLS-DA) serves for qualitative analysis that can be 

used to elaborate the classification of fruit maturity characteristics and attributes. Furthermore, PLS is a 

multivariate method that can also be used for spectral data processing and can also analyze redundant 

variables to obtain more detailed information [21], [33], [40], [55]. Finally, for the prediction of TA and DM 

concentration, PLSR and PLS methods were used to model the spectral data obtained by NIRS to identify the 

ripening stages of the fruits and establish the relationship between the predictor variables [26], [38]. Also, 

according to Zeb et al. [35], PCA is used as a method to reduce the set of data that can be displayed by the 

spectra and reduce them to fewer variables to obtain a better analysis of them. 

 

 

Table 7. Most used chemometric techniques by quality indicator 
# Quality indicator Chemometric techniques Quantity Articles 

1 Soluble solids 

concentration prediction 

Partial least squares regression 8 [11], [17], [22], [28], [35], [41], 

[47], [48] 
Partial least squares discriminant analysis 1 [18] 

Principal component analysis  6 [11], [18], [27], [35], [49] 

Partial least squares 7 [29], [30], [33], [40], [46], [55] 

Sparse partial least squares regression (SPLSR) 

and sparse partial least squares multinomial 
regression (SPRMR) 

1 [41] 

Interval partial least squares (iPLS) 

Successive projections algorithm (SPA) 

1 

1 

[44] 

[50] 

2 Prediction of TA 

concentration 

Partial least squares regression 1 [26] 

Partial least squares 1 [29] 
3 Dry matter concentration 

prediction 

Partial least squares 1 [38] 

Partial least squares regression 3 [48], [52], [53] 
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3.6.  Performance of machine learning methods 

The fourth research question addressed: (RQ4) How have the performance metrics of machine 

learning models been conducted to predict the internal quality of blueberries? Based on the analysis of the 

articles, performance metrics that assess the accuracy or predictive ability of a machine learning model have 

been identified. As detailed in Table 8, the different metrics adopted are shown. According to Zeb et al. [35] 

the accuracy metric was used to evaluate the accuracy of the joint SVM+KNN model which was used to 

predict the percentage of SSC in oranges, obtaining an accuracy of 81.03% for the classification. Likewise, 

according to Pourdarbani et al. [36], the accuracy metric was used to evaluate the CNN model, which 

obtained an accuracy of 100% for the detection of pH of apples and the coefficient of determination was 0.86 

which determined the variability of the data for predicting pH. Furthermore, according to Wu et al. [19] a 

GCN-LSTM-AT model was used to predict SSCs in mandarins, which achieved the best performance 

compared to other models. 

 

 

Table 8. Model performance evaluation metrics by quality indicator 
# Quality indicator Selected model Performance metrics Result Article 

1 SSC SVM and KNN Accuracy (%) 81.03 [35] 

2 SSC GCN-LSTM-AT RMSECV 

R2 

MAE 

0.1430 

0.988 

0.119 

[19] 

3 pH ANN Accuracy (%) 
R2 

100 
0.86 

[36] 

4 TA ANN Accuracy (%) 

R2 

99.2 

0.86 

[36] 

5 SSC CNN Accuracy (%) 97.1 [39] 

6 SSC LS-SVM Root mean square error of prediction (RMSEP) 0.32 [33] 
7 SSC SVMR R2 

RMSE 

0.95 

1.83 

[42] 

8 SSC ANN RMSE 

R2 

0.52 

0.82 

[54] 

9 SSC CNN Accuracy (%) 

R2 

98.9 

0.71 

[39] 

10 SSC CNN R2 

RMSE 

0.8580 

0.4276 

[28] 

11 SSC SVM Accuracy (%) 85 [43] 
12 SSC LDA Accuracy (%) 91.43 [29] 

13 SSC CNN R2 

RMSE 

0.87 

1.76 

[30] 

14 SSC LDA+SVM Accuracy (%) 97.44 [44] 

15 SSC LS-SVM R2 0.973 [31] 
16 SSC SVM-R RMSEP 1.6867 [25] 

17 MS ANN RMSEP 0.89 [53] 

18 SSC BPNN R2 

RMSE 

0.8872 

0.4709 

[32] 

19 Degree of bruising LS-SVM+SPA Accuracy (%) 97.3 [27] 

 

 

The metrics considered to evaluate the model were root mean square error of cross-validation 

(RMSECV) which obtained (0.1430∘Brix), R2 (0.988), and mean absolute error (MAE) (0.119∘Brix). 

Likewise, according to Galal et al. [42], the metrics coefficient of determination (R2) and root mean squared 

error (RMSE) were used to evaluate the effectiveness of the SVMR models for the evaluation of bananas and 

ANN for the evaluation of grapes, which obtained a better performance for the prediction of soluble solids, 

for the SVMR model a V (0.95), RMSE (1.83) was obtained and the ANN model obtained a R2 (0.95), 

RMSE (1.83). In addition, Escárate et al. [39] the estimation of soluble solids in stone fruits is performed, for 

this purpose a model based on CNN was performed, which obtained a performance of accuracy (98.9%) and 
R2 (0.71) compared to the other models. Likewise, according to Xu et al. [28] performance of the CNN-based 

model for the prediction of SSC in oranges was evaluated and the results were R2 (0.8580) and RMSE 

(0.4276). In addition, according to Lazim et al. [43] the SVM-based model was evaluated for the prediction 

of SSC and classification of watermelon maturity level, obtaining a result of 85% accuracy. The LDA model 

was also evaluated for mango maturity level prediction, where the Accuracy performance metric was used 

and obtained a result of 91.43% [29]. Likewise, according to Kalopesa et al. [30] the CNN model is used for 

the estimation of sugar content in grapes, having an evaluation of the model an R2 (0.87), RMSE (1.76). 

Research by Lamptey et al. [44] the LDA-SVM model was evaluated for the classification of mangoes where 

an accuracy of 97.44% was obtained, however, if identification techniques such as mean centering (MC), 

SNV, first derivative (FD), and second derivative (SD) are used, a higher percentage of accuracy could be 
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achieved. Finally, Shao et al. [27] the combination of LS-SVM models was used for the classification of 

cherries based on the degree of bruising, which resulted in an accuracy of 97%. The following reviews have 

shown that several types of AI techniques have been applied for prediction and different metrics for 

evaluating the performance of the models, which demonstrated a correct result in the precision of the 

different evaluated chemical aspects of a fruit. 

 

 

4. CONCLUSION 

This study presented a systematic review of the literature about how the application of NIRS with 

artificial intelligence in conjunction with chemometrics allows the analysis and evaluation of the quality of 

blueberries and other fruits. The quality of these fruits can vary due to various human and environmental 

factors from the production stage to the distribution and consumption stage. The importance of understanding 

quality will improve consumer satisfaction and allow fruits to be preserved in their optimal state of 

consumption. Recent observations suggest that the way to analysis of the quality of the fruit is done through 

techniques such as NIRS, chemometrics, and artificial intelligence models that seek to improve the traditional 

ways of internal evaluation of the quality of blueberries and find relationships between the analyzed spectra 

and the ° Brix of blueberries. Likewise, our research provides conclusive evidence that the implementation of 

predictive models for the prediction of SSC in blueberries and other types of fruits achieved a good result in 

quality evaluation. This study is expected to contribute knowledge for future research work on how the 

application of artificial intelligence, NIRS, and chemometrics can provide better ways to determine the 

quality of fruits, including blueberries. 
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