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Abstract   

The global fruit industry is growing rapidly due to increased awareness of 

the health benefits associated with fruit consumption. Fruit maturity detec-

tion plays a crucial role in fruit logistics and maintenance, enabling farmers 

and fruit industries to grade fruits and develop sustainable policies for en-

hanced profitability and service quality. Non-destructive fruit maturity de-

tection methods have gained significant attention, especially with advance-

ments in machine vision and spectroscopic techniques. This systematic  

review provides a concise overview of the techniques and algorithms used 

in fruit quality grading by farmers and industries. The study reviewed 63 full-

text articles published between 2012 and 2023 along with their bibliometric 

analysis. Qualitative analysis revealed that researchers from various disci-

plines contributed to this field, with techniques falling into 3 categories: 

machine vision (mathematical modelling or deep learning), spectroscopy 

and other miscellaneous approaches. There was a high level of diversity 

among these categories, as indicated by an I-square value of 88.37% in the 

heterogeneity analysis. Meta-analysis, using odds ratios as the effect meas-

ure, established the relationship between techniques and their accuracy. 

Machine vision showed a positive correlation with accuracy across different 

categories. Additionally, Egger's and Begg's tests were used to assess publi-

cation bias and no strong evidence of its occurrence was found. This study 

offers valuable insights into the advantages and limitations of various fruit 

maturity detection techniques. For employing statistical and meta-

analytical methods, key factors such as accuracy and sample size have been 

considered. These findings will aid in the development of effective strate-

gies for fruit quality assessment.   

 

Keywords   

Image processing; machine vision; spectroscopy; maturity detection; fruit maturity; 
mathematical modelling      

 

Introduction   

In the era of globalisation, consumer’s preference for fresh and high-quality 
produce has experienced a significant surge. Their demand for flavourful 

produce with abundant nutritional value has increased exponentially (1-3). 

To meet these expectations, the ability to harvest fruit at the precise         

moment of peak maturity plays a crucial role. However, determining this 
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optimal harvesting time poses a major challenge in the 

agricultural sector. The concept of fruit maturity encom-

passes a range of factors, including sugar content, acidity 

levels, firmness, color development and other internal 

attributes (4-7). Conventionally, fruit quality assessment 

relied on visual inspection and quantitative approaches 

such as hardness analysis, total soluble solid content  

analysis, ethylene content measurement and gas chroma-

tography (8, 9). These methods consumed a significant 

amount of time and manual labour, often yielding incon-

sistent results (10-13). Furthermore, many of these tech-

niques are invasive in nature, which can lead to the loss of 

valuable produce, impacting profitability (14-17).  

 Fortunately, with advancements in technology, 

multiple non-destructive techniques have emerged as 

promising alternative to conventional approaches. These 

techniques utilize cutting-edge technologies and             

advanced algorithms to estimate critical quality parame-

ters. Popular approaches for estimating fruit maturity   

include machine vision, spectroscopy-based methods, or a 

combination of both. Other techniques, such as acoustics 

and computed tomography, also exist for estimating fruit 

maturity (18). In machine-based sensing, grading and sort-

ing fruits into different maturity categories are typically 

based on the fruit’s size, volume and shape (19). For       

instance,  it was estimated the maturity of oil palm fruits 

using a machine vision approach and achieving an accu-

racy of 98.3% (20); Reports are on the usage of an RGB    

color-based technique to estimate fruit maturity with an 

accuracy of 95% (21). Reports are also on the estimation of  

fruit maturity using digital images through Convolutional 

Neural Network (CNN or ConvNet) and achieving an accu-

racy of 92% (22). One of the major advantages of using 

machine vision techniques is the low instrumentation cost 

and quick results (23). However, challenges such as back-

ground light interference and the dependence on digital 

image processing information poses a significant obsta-

cles for on-field implementation of the technique (18). 

 Another popular approach for fruit maturity classifi-

cation includes spectroscopy-based techniques such as 

Visible Near-Infrared Spectroscopy, Hyperspectral Imaging 

and more. These techniques are utilized to evaluate multi-

ple maturity indices such as soluble solid content, firm-

ness, potential of hydrogen (pH) and other chemical attrib-

utes that change as the fruit undergoes ripening (24). For 

example, reports are on the Savitzky-Golay smoothing and 

first derivative (1D) (SGD1) spectral preprocessing tech-

nique to determine quality of Japanese table grapes with 

an accuracy of 93.1% (25). Observations are on the usage 

of dry matter content as a maturity index for estimating 

the ripeness of durian through Near- Infrared Region (NIR) 

spectroscopy with an accuracy of 94.4% (26). Reports are 

also on the utilisation of dry matter content, soluble solids 

concentration and the index of absorbance difference to 

estimate quality and maturity of peach fruit using          

Near-Infrared Spectroscopy (27). The spectroscopic tech-

nique inspects internal attributes while estimating the 

maturity of fruits, making it more comprehensive than 

machine vision-based techniques that uses digital images.          

However, the high computational cost and the ability to 

detect only a small portion of the entire fruit poses some 

significant challenges in the implementation of these tech-

niques (28, 29). Some other popular techniques include 

laser Doppler vibrometry or acoustics-based approach. For 

example, utilised Laser Doppler Vibrometry (LDV) derived 

fruit signatures for the maturity classification of fruits (30), 

while another study employed laser-light backscattering 

imaging with an average accuracy of 85% to determine the 

maturity stage of oil palm fruits (23). 

 This systematic review and meta-analysis aims to 

analyze various non-destructive techniques used in the 

maturity classification of fruits. It will enhance the current 

knowledge base and provide valuable insights to resear-

chers and practitioners regarding the capabilities and con-

straints of these techniques. Additionally, further research 

and development of these techniques could also aid in 

estimating the mass (31-34) and volume of fruits (35-38), 

crucial factors for commercial quality evaluation. 

 This study presents a systematic review and meta-

analysis focusing on the application of non-destructive 

techniques for maturity classification. The key objectives 

of the study are as follows: 

(i) To examine various non-destructive techniques for 

maturity classification and understand their 

strengths and limitations. 

(ii) To identify research gaps and areas for improvement, 

thus strengthening the research on the topic. 

(iii) To determine the effect size by analyzing odds ratio 
and confidence intervals. 

(iv) To assess the predictive performance of studies for 

the maturity classification of fruits.  

  

Research Methodology  

Eligibility criteria       

To ensure the selection of high-quality research papers for 

systematic review and meta-analysis that align perfectly 

with the research objective and questions, the following 

criteria have been considered: 

Relevancy       

The title, keywords and abstract of the article must match 

the research questions and objective. 

Duplicates      

To maintain information uniqueness, identical papers 
have been removed through manual checks and software 

support.  

Publication type and date     

Papers such as letters, books, commentaries etc. were 

excluded. The timeframe considered for the paper is from 

2012 to 2023. 

Language     

Only papers published in English have been preferred for 

the review analysis. 
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Information sources      

Papers were gathered from several popular databases, 

including AGRICOLA, Scopus, Taylor & Francis, Web of    

Science, Google Scholar, Semantic Scholar and PubMed. 

Search strategy      

For the systematic review and meta-analysis of fruit       

maturity detection studies, research papers were selected 

using the PRISMA methodology as illustrated in Fig. 1.   

Inclusion and exclusion criteria were applied to identify 

the most suitable paper. Various queries, aligned with fruit 

maturity detection, were developed for different data-

bases using specific keywords: 

 Digital image analysis, Image processing, Computer 

vision, Machine learning, Non-destructive, Fruit volume 

estimation, Fruit measurement, Fruit sizing, Fruit grading, 

Fruit quality assessment, 3D reconstruction, Image seg-

mentation, Feature extraction, Image-based modelling, 

Non-invasive measurement, Remote sensing, Hyperspec-

tral imaging, NIR imaging, Fruit and Crop. 

Inclusion and exclusion criteria        

Initially, papers focusing on fruit maturity detection      

published in English between 2012 to 2023 were retrieved 

from different databases. A total of 856 papers were       

extracted, out of which 185 were excluded as they did not 

Fig. 1. PRISMA flowchart to find best-fit papers for the systematic review and meta-analysis.  
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align with the research objectives. To eliminate duplicates, 

11 more papers were removed. Finally, out of the remain-

ing 174 papers, 111 were excluded due to their similar 

methodologies and information. In the end, a set of 63 

high-quality papers were selected for the review analysis. 

Quality assessment        

To ensure the maintenance of quality, the following points 

were considered and applied manually: 

• Area of interest and methodology: papers had to be 

directly related to fruit maturity detection.  

• Dataset: Each paper must present distinct and tested 

information. 

• Risk of Bias and performance: The literature review 

was examined by multiple researchers to reduce the 

risk of bias, focusing on parameters such as accu-

racy and sample size.  

Bibliometric analysis       

Geo chart for publications by country       

Asian countries led in research publications on this topic 

compared to any other continent between 2012 and 2023 

(Fig. 2 (i)). 

Pie chart for publications by database       

The majority of papers based on this subject were           

obtained through Google Scholar 61.9%, followed by Sco-

pus and Web of Science both at 11.1%, respectively        

(Fig. 2 (ii)). 

i 

ii 
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Fig. 2. (i) Total number of publications by different countries; (ii) Database contributions expressed as percentage; (iii) Papers with most citations;         (iv) Contri-
bution to various articles as a co-author; (v) The total number of papers published in each year; (vi) Overall number of citations over the years; (vii) Different pa-
pers co-occurring with different keywords.  

v 

vi 

vii 
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Bar chart for year vs publications       

In Fig. 2 (v), the cumulative publication count for fruit    

maturity estimation using Machine Vision, Spectroscopy, 

and other miscellaneous approaches is shown. The figure 

illustrates that researchers began exploring this field in 

2016, with a peak in publications observed in 2018 and 

2020. 

Bubble plot for seeking trend of citation       

From Fig. 2 (vi), it is evident that most citations in the    

research domain were made in 2018, indicating significant 

interest in the topic. 

Radar chart for most cited papers         

Fig. 2 (iii) highlights the most cited papers in a radar chart. 

It is evident that (1) had the most citations, standing at 

472, followed by (39) and (18) with 192 and 183 citations 

respectively. These are then followed by the papers (3, 6, 

28, 40, 41 ,42, 8 ). 

Network analysis by coauthors        

As shown in Fig. 2 (iv), the co-authorship was analysed to 

represent coauthors in the network chart. The software 

employed for the analysis was VOS viewer version 1.6.18. 

Co-authored articles signify relatedness and 24 authors 

met the threshold of 3 documents. 

Network analysis by keywords       

In Fig. 2 (vii), various keywords are shown on a map. The 

analysis was conducted using VOS viewer version 1.6.18, 

with a minimum threshold set at 25 keywords. The net-

work has been divided into two clusters. Articles focusing 

on 'Image processing' dominated the landscape, while 

'Review papers' had the smallest presence, indicating   

fewer studies conducted on this topic. 

 

Materials and Methods 

The presented systematic review and meta-analysis is 

based on 63 studies collected from multiple databases. 

Visualizing charts were created using different python  

libraries like matplotlib and seaborn. VOSviewer version 

1.6.18 was employed for network charts. Statistical analy-

sis using proportions was also performed to assess hetero-

geneity and publication bias within the collected litera-

ture. The study encompassed a total of 63 research arti-

cles, including 10 review papers. Out of these, 53 articles 

were meticulously scrutinized to extract techniques for 

assessing maturity. Following a rigorous evaluation, con-

sidering factors such as sample size, accuracy and tech-

nique type, a subset of 21 papers was chosen for the statis-

tical evaluation of the overall population. 

Useful terminology      

Sample Size        

It is the number of fruits used in a particular technique to 
detect maturity. It represents the size of the dataset or the 
number of observations on which the technique is applied. 

 

Accuracy        

Accuracy measures how well each technique is able to  
correctly identify the maturity of the fruits. It is typically 
expressed as a percentage and represents the proportion 
of correct identifications out of all the identifications made 
by the technique. 

Odds ratio (OR)        

The odds ratio is a measure of the association between 
exposure and an outcome. It compares the odds of an out-
come occurring given a particular exposure to the odds of 
an outcome occurring in the absence of that exposure. 

Confidence Interval (CI)      

A confidence interval is a range of values that is likely to 
contain the true value of a parameter with a certain level 
of confidence. 

Fixed Weights          

Fixed weights are a set of predetermined weights assigned 
to each category of techniques. These weights can repre-
sent the importance or preference given to each technique 
in the analysis. Fixed weights remain constant throughout 
the analysis. 

Random Weights       

Random weights are weights that can vary or be assigned 
through a random process. They can be used to assess the 
sensitivity of the analysis to different weightings of the 
techniques. 

Q-Statistic       

The Q statistic measures the total amount of variation or 
heterogeneity among a set of studies or data points. It is 
calculated by summing the squared differences between 
each study's effect size and the overall effect size, 
weighted by the inverse of the variance of each study. 

Degree of Freedom (DF)        

Degrees of freedom represent the number of values in the 
final calculation of the Q-statistic that can vary without 
affecting its value.  

I² (I-squared) Statistic         

I² quantifies the proportion of total variation in effect sizes 
across studies that is due to true heterogeneity rather than 
chance. 

Intercept        

The intercept indicates the degree of funnel plot asym-
metry. If there is no publication bias, the intercept should 
be close to zero. A significant positive intercept suggests 
that there may be publication bias, with smaller, less pre-
cise studies showing more extreme effect sizes. 

Kendall’s Tau         

It is a measure of the correlation between the effect size of 
each study and its variance. 

Significance Level (α)        

The significance level, denoted as α, is a predefined 

threshold used in hypothesis testing to determine the level 

of significance or the acceptable probability of making a 

Type I error. 
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Calculation of odds ratio and confidence intervals     

Based on the data gathered and reported in Table 1, the 

likelihood of papers using a specific approach with over 

90% accuracy were calculated using odds ratio. For ob-

taining the ratios, a, b, c  and d representing count of      

papers with over 90% accuracy following an approach, 

with less than 90% accuracy following that approach, with 

over 90% accuracy not following that approach and with 

less than 90% accuracy not following that approach       

respectively were determined. The odds ratio of a paper 

with over 90% accuracy following a specific approach was 

calculated by  

 

For the confidence interval of 95% the following expres-

sions were used, 

 

Upper 95% CI =   

 

 

Lower 95% CI =   

 

Heterogeneity analysis        

Cochran’s Q test was employed to assess heterogeneity. 
Two hypotheses were formulated: (i) All the 3 approaches 

are equally effective for fruit maturity estimation; (ii) All  

the 3 approaches are not equally effective in fruit maturity 

estimation. Hypothesis testing was carried out using    

MedCalc statistical software version 22.007 and I2 was cal-

culated to quantify the degree of inconsistency. The signif-

icance level was set at 0.05. The analysis utilized mean 

sample size and mean accuracy from studies following 

specific approach as the raw input, with other statistical 

measures calculated by the software for result interpreta-

tion. 

Egger’s and Begg’s test       

Publication bias was evaluated through Egger’s and Begg’s 

test. Under this, the following hypotheses were formulat-

ed: (i) There exists no strong evidence of publication bias 

in the selection of studies; (ii) There exists publication bias 

in the selection of studies. For testing these hypotheses, 

MedCalc Statistical Software version 22.007 was utilized 

and a funnel plot (Fig. 3) was charted for visual inspection 

of the asymmetry. The significance level was taken as 0.05 

for the analysis. The input for further analysis included 

sample size and mean accuracy of each individual study, 

with other statistical measures computed by the software 

for interpretation. 

Literature review         

Among the selected 63 studies, a significant portion of the 

literature focused on machine vision and advanced      

spectroscopy technologies as non-destructive fruit matu-

rity detection techniques. Additionally, promising results 

were achieved with techniques based on laser technology, 

leading to their classification under the third category of 

other miscellaneous approaches. It is noteworthy that 

these 3 approaches are used in almost all of the investi-

gated studies. In brief, the approaches can be summarized 

as follows: 

Machine vision approaches         

Machine vision techniques, incorporating mathematical 

modelling and deep learning, can emulate the human  

ability to classify fruits into ripe, unripe, or partially ripe 

categories. Inspired by human vision, these techniques 

surpass human limitation, enabling faster, more precise 

and accurate  evaluation of fruit samples. 

 Vision sensing is widely employed through colour-

based image processing algorithms. For instance, reports 

are on the utilization of colour distribution analysis and 

back projection to evaluate the maturity and quality of 

harvested dates (21). A commercial inspection system 

equipped with colour cameras captured images of dates. 

Image analysis techniques were then applied to segregate 

the data area from the background based on the images. 

The proposed algorithm generated a 2D histogram using 

the red and green values of the pixels, analysing the colour 

of the dates. Input colour values were mapped to prede-

fined colour indices using a back-projection matrix gener-

ated from normalized histograms. This analysis resulted in 

a colour grading matrix, determining the maturity and 

quality of the dates. The Otsu method was used to sepa-

rate the oil palm fruit region from the background in the 

image, resulting in an iterative threshold to enhance the 

Fig. 3. Forest plot (Left) and funnel plot (Right) for visualizing data.  
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technique’s performance (43). However, reports are on the 

collection of images to train a deep learning model using 

Artificial Neural Network (44). 

 Numerous advanced artificial intelligence algo-

rithms have been harnessed to enhace the efficiency of the 

system. Furthermore, recent advancements in machine 

vision, coupled with mathematical formulations, have  

become a central focus for researchers addressing multi-

faceted challenges in agriculture. Recent reviews by the 

authors (60-62) understood the significance of mathemati-

cal models and other techniques in crop yield forecasts. 

Additionally, this modelling approach has been recently 

applied for yield estimation specific to baby corn (63).  

Spectroscopy based approaches         

The ripeness level and the correlated volume of a fruit are 
intricately linked to its internal characteristics including 

colour, acidity, moisture content (MC), dry matter content 

(DMC), total soluble solids (TSS) and firmness (F). Spec-

troscopy-based approach are adept at estimating the   

correct ripeness level and its corresponding volume. These 

techniques can extract  internal fruit quality  parameters 

using UV–Vis–NIR and Mid-infrared radiation (MIR) spec-

trum, based on the measurement of the total diffused re-

flected signal at different wavelength bands. 

 A spectrophotometer with a wavelength range of 
285 to 1200 nm was used (45). During training sets, the 

fruit samples (Barhi date) were placed on the instrument 

lens in setup mode to measure the spectrum parameters. 

Subsequently, the physical characteristics of fruits (Total 

Soluble Solid, Moisture Content, and colour) were mea-

sured in alignment with the spectrum data. Then Data 

Viewer Software was used to sort and examine the data 

(45). At the range of 285-1200 nm, the first and second  

derivatives were correlated using Model Builder. The deriv-

atives were used to predict the model of the spectrum with 

reference values.  

 Further, these first and second derivatives were 

correlated at (285-1200 nm) using Model Builder which 

was used to forecast the model of the spectrum with those 

reference values. Observations are also on the strong    

correlations in Barhi quality parameters, with a high coeffi-

cient of determination (R2) values of 0.97 for TSS, 0.94 for 

MC and 0.64 for colour (45). 

Other miscellaneous approaches         

This category encompasses techniques beyond machine 

vision and spectroscopy, incorporating hybrid techniques 

like hyperspectral imaging or actively developing method-

ologies based on lasers. While not as widely recognized as 

other approaches, these techniques hold promising poten-

tial. 

Hyperspectral imaging       

The technique of hyperspectral imaging is gaining traction 

by integrating conventional image processing with spec-

troscopy, enabling the extraction of both spectral and spa-

tial information from different fruit samples. For example, 

reports are also on a study involving 450 uniformly sized 

pear fruits without physical defects at 90, 100 and 110 days 

after Full Bloom (DAFB) (4). They categorized the ripeness 

of the fruits into 3 distinct levels based on a subjective as-

sessment of the skin texture. To analyze the images within 

the wavelength range of 425 to 1000 nm, a hyperspectral 

imaging system with a spectral resolution of approxi-

mately 2.8 nm and a range from 325 to 1100 nm was      

employed. Subsequently, each fruit sample was examined 

for firmness and SSC (soluble solid content). Initial firm-

ness measurement were conducted using a fruit sclero-

meter equipped with a 3.5 mm Magness-Taylor (MT) 

probe, ensuring accuracy up to 0.1 N. However, hyperspec-

tral imaging poses several challenges, including spatial 

resolution issues, variations in spatial radiation and sam-

ple    surface nature, pixel size limitations, and irregulari-

ties on the measured surface. Additionally, compared to 

other non-contact sensing techniques, hyperspectral im-

aging demands higher hardware capabilities and compu-

tational resources. 

Scanning laser doppler vibrometry (SLDV)         

SLDV, a powerful characterization technique based on vis-

ual interferometry principles effectively tackles vibration-

related challenges. It precisely measures surface velocities 

of point grids at frequencies up to 30 MHz, enabling vibra-

tion measurement and potential assessment of mechani-

cal properties in highly dampened materials (46).  

 For example, there are reports  on the utilization of 

SLDV in 2 experiments with Chilean and Spanish fruits (30). 

In the first experiment with Chilean fruit, they  employed a 

LabVIEW algorithm to obtain vibration time signals at a 

sampling frequency of 20 kHz. Resonant  frequencies (RF) 

were calculated using an exponential  window in MATLAB, 

Fast Fourier Transform (FFT), and a high-pass filter. The 

first peak in the frequency spectra represented the reso-

nant frequency (RF) of the initial spheroidal mode           

observed in all fruits. Fruit stiffness (S) was determined 

using a formula applicable to spherical objects. In the   

second experiment with Spanish fruit, a sampling frequen-

cy of 40 kHz was used. Three signals per laser were multi-

plied together, and the RF of the first peak was recorded. 

Damping properties were assessed by processing the time 

signal, including bandpass filtering, absolute value calcu-

lation, and application of an exponential function as a vi-

bration signal envelope. An attenuation coefficient         

describing vibration dampening extent was derived.      

Various techniques, such as applying an exponential     

window, FFT and spectral smoothing, were employed to 

obtain resonant frequency values for further analysis.   

Parameters such as the first spheroidal mode resonance 

frequency at its highest amplitude, damping factor and 

standard squared error of damping were recorded for each 

case. Damping values with high squared errors were disre-

garded during data analysis. Subsequently, appropriate 

statistical tests were conducted using Genstat software to 

assess the goodness of fit between measured and predict-

ed values for both experiments. 

Laser-light backscattering imaging         

Laser-light backscattering is a technique employed to   

assess the textural and mechanical properties of fruits. 
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This method has been successfully used to classify the 

ripeness of various fruits, including apricot, banana and 

macaw oil palm (47), as demonstrated (23). In their study, 

90 fresh fruit bunches (FFB) of the DXP GH 500 Golden 

Hope variety were examined, with 30 FFB representing 

each maturity level (unripe, ripe and overripe). After      

capturing images of the FFB samples, the oil content at 

each maturity level was determined using the Soxhlet 

technique. An optical imaging system was employed for 

data collection, consisting of a laser diode, 2 fluorescent 

lamps, a charge-coupled device (CCD) camera and a com-

puter with imaging software. This system captured both 

RGB and backscattering images. MATLAB was utilized for 

segmenting the RGB images and extracting required fea-

tures from the backscattering region based on different 

intensities of pixels. The analysis parameters included axis 

length (major and minor), perimeter and mean intensity. 

To analyze the quality variations of FFB in oil palm based 

on their maturity levels, principal component analysis 

(PCA) and partial least squares (PLS) techniques were    

applied. Linear and quadratic discriminant analyses were 

used to evaluate the classification performance by incor-

porating both RGB and backscattering data. The FFB ma-

turity level exhibited average accuracies exceeding 85% in 

oil palm assessment.   

 

Results from analysis   

Bibliometric analysis         

In the realm of discussed research, Asian countries 

emerged as the leading contributors, generating a sub-

stantial number of publications. Google Scholar served as 

the primary source for collecting research articles, closely 

followed by Scopus and Web of Science. Notably, research 

interest in fruit maturity detection peaked in 2018 and 

2020, marked by a significant number of citations in 2018. 

Particularly, paper (1) garnered exceptional attention, 

amassing 472 citations over the considered decade, under-

scoring its profound impact in the field. Additionally, an 

analysis of keywords within the network revealed a      

dominance of articles focused on 'image processing.' 

Moreover, coauthor network analysis identified 24 authors 

who  surpassed the threshold of 3 documents, empha-

sizing the collaborative nature of this vibrant research area 

since 2016. These intricate findings collectively signify the 

active and expansive nature of this research theme. 

Statistical analysis          

The odds ratio was employed to gauge the likelihood of 

papers, employing specific approaches, achieving an accu-

racy exceeding 90% compared to other methodologies. In 

the context of machine vision through mathematical   

modelling, an odds ratio of 2.75 was calculated, signifying 

that papers utilizing this method were 2.75 times more 

likely to achieve over 90% accuracy compared to alterna-

tive techniques. The corresponding 90% confidence      

interval of (0.53, 14.33) provides insights into the probable 

range of odds ratios in 90% of instances. Conversely, for 

spectroscopy, the odds ratio stood at 0.31, indicating that 

papers employing this technique were 0.31 times less   

likely to achieve over 90% accuracy compared to other 

methodologies. The 90% confidence interval, (0.05, 2.05), 

sheds light on the potential range of odds ratios, capturing 

both lower and upper bounds in 90% of cases. In the 

'Others' category, an odds ratio of 0.77 was determined, 

suggesting that papers in this category were 0.77 times 

less likely to achieve over 90% accuracy compared to other 

methodologies. The 90% confidence interval for this cate-

gory ranged from (0.09, 6.89). These findings are detailed 

in Table 1. 

 To assess heterogeneity among categories, mean 
sample size and mean accuracy data were collected. 

Cochran's Q test, performed using MedCalc, yielded a Q 

statistic of 17.1953, with a corresponding p-value of 

0.0002, which was below the predetermined significance 

level of 0.05. Consequently, the statistically significant Q 

statistic led to the rejection of the null hypothesis, indicat-

ing that the 3 approaches were not equally effective for 

fruit maturity estimation, in favor of the alternative hy-

pothesis. Additionally, the I2 statistic was utilized to quan-

tify the degree of heterogeneity. An I2 value of 88.37% was 

obtained, signifying that a substantial portion (88.37%) of 

the variability in effect sizes across the categories could be 

attributed to genuine heterogeneity, rather than sampling 

error or chance. The 95% confidence interval for I2 ranged 

from 67.73% to 95.81%, further corroborating the signifi-

cant heterogeneity observed across the categories. De-

tailed results from Cochran's Q test and I2 statistic are pro-

vided in Table 3 and the relevant data used for the analysis 

is presented in Table 2. 

Approach No. of 
papers 

Papers 
with accu-
racy>90% 

Odds 
ratio 

Confidence 
Interval 

90% 

Machine Vision 
through mathe-
matical modeling 

14 11 2.75  (0.53, 14.33) 

Spectroscopy 4 2 0.31 (0.05, 2.05) 

Others 3 2 0.77 (0.09, 6.89) 

Table 1. Odds ratio and confidence intervals for fruit maturity estimation 
approaches with greater than 90% accuracy.  

Category  Sample size  Accuracy (%)  95% CI  Fixed Weight (%) Random Weight (%) 

Machine vision using mathematical modeling 261 93.870 90.236 to 96.456 41.32 34.87 

Spectroscopy 277 88.448 84.084 to 91.963 43.85 35.05 

Others 93 77.419 67.578 to 85.446 14.83 30.08 

Total (fixed effects) 631 89.392 86.730 to 91.680 100.00 100.00 

Total (random effects) 631 87.542 78.640 to 94.303 100.00 100.00 

Table 2. Heterogeneity Analysis Results for Categories in Terms of Mean Sample Size, and Mean Accuracy.  
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 To assess publication bias, Egger’s and Begg’s tests 

were applied to all 21 studies, and the data utilized for 

these tests are outlined in Table 4. A significance level of 

0.05 was employed for both tests. In Egger’s test, the inter-

cept was employed to gauge the asymmetry in the funnel 

plot, indicating potential publication bias. For an intercept 

of 1.3143, a calculated p-value of 0.5642 was obtained, 

exceeding the assumed significance level of 0.05. Conse-

quently, the hypothesis that there exists no strong          

evidence of publication bias was upheld, as the intercept 

was not statistically significant.In Begg’s test, Kendall’s tau 

was utilized to measure the association between effect 

size and variance, determining the presence of bias.             

A weak negative association was observed (Kendall’s      

tau = -0.04831), prompting further investigation into its 

statistical significance. Upon calculation, the p-value was 

found to be 0.7593, surpassing the 0.05 significance 

threshold. Consequently, the obtained Kendall’s tau was 

not statistically significant, reinforcing the conclusion that 

no strong evidence of publication bias existed among the 

studies-Results of both tests are presented in Table 5. 

 Comprehensive visual representations of the data 

can be found in Fig. 3, which includes both a forest plot 

and a funnel plot, aiding in the visualization of the findings 

presented in Table 4. 

Discussion with research gaps and future scope   

Upon reviewing the historical progression of techniques 

for fruit maturity classification, it was observed that spec-

troscopy and other spectrum techniques were introduced 

before the 2000’s, while machine vision techniques gained 

popularity in the late 2000s, with the exception of image 

analysis, which preceded even spectrum techniques. Be-

tween 2000 and 2010, advancements in spectroscopy tech-

niques and the utilization of machine vision, especially 

through deep learning and artificial intelligence, began. In 

the last decade, with the advancement in artificial intelli-

gence, machine vision approaches have become more 

accessible and highly accurate for maturity detection.  

Q 17.1953 

DF 2 

Significance level P = 0.0002 

I2 (inconsistency) 88.37% 

95% CI for I2 67.73 to 95.81 

Table 3. Results for Cochran's Q Test, and I-square Statistic.  

Study Sample size Accuracy (%) 95% CI Fixed Weight (%) Random Weight (%) 

Jaramillo-Acevedo et al. (48) 65 87.692 77.181 to 94.534 1.31 4.38 

Luna et al. (49) 450 91.333 88.343 to 93.765 8.93 5.15 

Mazen et al. (40) 300 97.667 95.252 to 99.057 5.96 5.07 

Septiarini et al. (20) 240 98.333 95.788 to 99.544 4.77 5.01 

Worasawate et al. (50) 120 89.167 82.187 to 94.104 2.40 4.76 

Septiarini et al. (43) 160 92.500 87.266 to 96.065 3.19 4.88 

Zhuang et al. (51) 120 99.167 95.444 to 99.979 2.40 4.76 

Kheiralipour et al. (52) 160 93.750 88.807 to 96.962 3.19 4.88 

Castro et al. (42) 925 85.838 83.423 to 88.022 18.33 5.23 

Taofik et al. (53) 60 95.000 86.076 to 98.957 1.21 4.31 

Khodabakhshian et al. (4) 450 87.778 84.390 to 90.658 8.93 5.15 

Somton et al. (26) 72 94.444 86.382 to 98.466 1.45 4.45 

Shabdin et al. (44) 60 45.000 32.122 to 58.388 1.21 4.31 

Mohapatra et al. (54) 120 97.500 92.868 to 99.481 2.40 4.76 

Gharaghani et al. (55) 80 91.250 82.799 to 96.409 1.60 4.52 

Kanchanomai et al. (25) 29 93.103 77.234 to 99.154 0.59 3.61 

Tiwari et al. (56) 559 78.891 75.270 to 82.203 11.09 5.18 

Astrianda et al. (57) 70 95.714 87.982 to 99.107 1.41 4.43 

Kipli et al. (58) 338 96.154 93.513 to 97.936 6.71 5.10 

Elhariri et al. (59) 175 92.571 87.632 to 95.985 3.48 4.91 

Azarmdel et al. (41) 477 99.161 97.867 to 99.771 9.46 5.16 

Total (fixed effects) 5030 91.580 90.780 to 92.331 100.00 100.00 

Total (random effects) 5030 92.002 88.437 to 94.958 100.00 100.00 

Table 4. Meta-analysis data based on proportions.  

Egger's test 

Intercept 1.3143 

95% CI -3.3730 to 6.0017 

Significance level P = 0.5642 

Begg's test 

Kendall's Tau -0.04831 

Significance level P = 0.7593 

Table 5. Publication Bias Analysis Results using Egger's and Begg's Tests for 
21 Studies.  
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Notably, this systematic review found a decline in popular-

ity for acoustic methods after the late 2000’s. After careful 

evaluation of studies, several significant research gaps 

were identified:  

1) Most papers estimating fruit maturity relied on either 

machine vision-based approaches or spectroscopy-

based approaches alone, which proved unreliable for 

industry standards in fruits classification according to 

their maturity. 

2) Many studies used visual sensors like cameras or spec-
trometers for data acquisition which are sensitive to 

illumination conditions and background environment. 

This can lead to inconsistent results and pose signifi-

cant challenge to practitioners.  

3) Most machine vision techniques utilises Artificial Neu-

ral Networks (ANN) or Support Vector Machine (SVM) 

for classifying fruits. Choosing a classification algorithm 

is an important step. Thus, more alternatives with Con-

volutional Neural Networks (CNN) and K-Nearest 

Neighbours (KNN) can be utilised for further strength-

ening of research goals. 

4) Majority of studies collected samples from singular 

source and were of a specific type. This reduced the 

quality of results and impacted the reliability of the 

approach.   

To address these research gaps and enhance the reliability 

and applicability of the techniques, following points 

should be considered: 

1) Integration of Multiple Approaches:  Instead of relying 

on a single approach, combination of different tech-

niques like in hyperspectral imaging can enhance the 

comprehensiveness and robustness of the technique. 

2) Overcoming Sensory Limitations: Researchers can ex-

plore more methods to normalize factors affecting vis-

ual sensors. Techniques like Image pre-processing or 

calibration of the instrument can mitigate the impact of 

external factors. 

3) Exploration of different algorithms: Beyond ANN or 

SVM models, exploring a wider range of models based 

on CNN or KNN can be explored to strengthen the re-

search goals, as comparing and evaluating different 

algorithms can improvise the accuracy and robustness 

of a technique. 

4) Diverse sample collection: Utilizing varied samples 
from diverse sources can enhance the robustness of 

techniques. This approach improves the dataset quali-

ty and refines the test results.   

 

Conclusion   

The odds ratio for the machine vision approach, specifical-

ly through mathematical modelling, provided the highest 

likelihood of obtaining a research article with over 90% 

accuracy, followed by other miscellaneous approaches 

and spectroscopy. Furthermore, significant heterogeneity 

was observed among the 3 approaches, with an I2 of 

88.37%, indicating genuine differences in performance 

rather than being attributed to sampling error or chance. 

Additionally, both Egger’s and Begg’s tests showed no 

strong evidence of publication bias in the collected litera-

ture. Table 1 summarizes that machine vision papers had a 

higher mean accuracy and confidence interval compared 

to the other 2 categories. Therefore, based on the meta-

analysis, it is evident that the machine vision approach, 

employing mathematical modelling and deep learning 

algorithms, emerged as the most suitable and promising 

method for fruit maturity detection. Its greater predictive 

strength sets it apart from other methodologies.   
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