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The paper focuses on the seasonal oil accumulation in traditional and super-high density (SHD) olive plantations and its modelling employing image-based linear models. For these purposes, at 7-10-day intervals, fruit samples (cultivar Arbequina, Fasola, Frantoio, Koroneiki, Leccino, Maiatica) were pictured and images segmented to extract the Red (R), Green (G), and Blue (B) mean pixel values which were re-arranged in 35 RGB-derived colorimetric indexes (CIs). After imaging, the samples were crushed and oil concentration was determined (NIR). The analysis of the correlation between oil and CIs revealed a differential hysteretic behavior depending on the covariates (CI and cultivar). The hysteresis area (Hyst) was then quantified and used to rank the CIs under the hypothesis that CIs with the maximum or minimum Hyst had the highest correlation coefficient and were the most suitable predictors within a general linear model. The results show that the predictors selected according to Hyst-based criteria had high accuracy as determined using a Global Performance Indicator (GPI) accounting for various performance metrics (R2, RSME, MAE). The use of a general linear model here presented is a new computational option integrating current methods mostly based on artificial neural networks. RGB-based image phenotyping can effectively predict key quality traits in olive fruit supporting the transition of the olive sector towards a digital agriculture domain.
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1 Introduction

Olive crop is considered the cornerstone of Mediterranean agriculture for history, culture, nutrition, and economy. At present, about 90% of the world’s olive groves, covering over 10 million hectares, are located in the Mediterranean region and it is nowadays globally expanding also towards the Southern Hemisphere (Torres et al., 2017), likely because table olives and oil are increasingly recognized as functional food within the context of a healthy lifestyle (Accardi et al., 2016; Agrawal et al., 2017). Aside from that geographical expansion, olive crops are undergoing a business model transformation including plantation design and management (Lo Bianco et al., 2021). Following this, the most common traditional olive groves (70-200 trees ha−1) are not frequent in new plantations (Carmona-Torres et al., 2023). On the other hand, the most recent popular choice is the establishment of Super High-Density (SHD) plantations (780-2254 trees ha−1) mechanically pruned and harvested aiming at high yields with low cost per production unit (Díez et al., 2016). This planting system requires irrigation, trees with low vigor, high productivity, and suitability for mechanical harvesting (low fruit detachment force and low fruit injury rate) (Rallo et al., 2013). However, in the last decades, within hundreds of traditional cultivars only less than a dozen have been selected as appropriate for SHD plantations (Centeno et al., 2019; Olint, 2024).

The majority of traditional and the total of SHD olive groves are grown for olive oil production (IOC, 2024) and yields (amount of fruit and oil) are dependent on tree fruit load and fruit oil content (Lopez-Bernal et al., 2021). In addition, the genetic potential of olive cultivar, climatic conditions (air temperature, precipitation, solar radiation), and cultural practices (plantation design, irrigation, fertilization, pruning, pest management) are among the factors that define oil accumulation rate and the final output (Rosati et al., 2023). Using the human-based visual assessment of fruit color change is convenient for determining fruit maturity stage but it is prone to human subjectivity and error. Hence, to overcome such limitations RGB imaging can successfully be employed for the determination of maturity index (Ezenarro et al., 2023). However, RGB-based maturity index is not always coupled to oil content and it is a cultivar-dependent trait, requiring further research for predicting olive oil content from image processing (Navas-Lopez et al., 2019; Montanaro et al., 2023). This feature can be estimated with high accuracy using NIR spectroscopy devices (Lee et al., 2018) that are nowadays available in some olive mills too. However, destructive fruit sampling is required, not to mention the cost of purchasing and maintenance of the equipment. Hence, a fast, simple, non-destructive and field scale method for fruit oil content determination would be highly appreciated by the olive industry (Montanaro et al., 2023). In line with this, a single non-destructive maturity index based on the absorbance spectrum has been applied on single, intact olives of the Leccino cultivar (Cinosi et al., 2023). In recent years, great progress has been achieved in farm practice optimization using drones, multispectral and thermal cameras, and sensors (e.g., proximal, remote, optical, in-planta) mainly for decision-making in irrigation, fertilization, and pest management (Tsouros et al., 2019). However, their application in olive oil estimation is still limited. In addition, this digital approach provides large-scale data, collected fast and non-destructively but requires investment in equipment and technical skills. In contrast with this, simple Red, Green, and Blue (RGB) imaging has shown promising results within affordable plant phenotyping, combining low cost and ease of use and widely accessible, since this technology is even onboard in smartphones (Reynolds et al., 2019). Within a plant science context, RGB imaging provides valuable information on various traits including plant water status (Zakaluk and Ranjan, 2008), foliar disease classification and severity (Alves et al., 2022), and ripening monitoring via chlorophyll concentration estimation in annual (Luis Fernando et al., 2020) and perennial (Hoda et al., 2022) crops. Recently, RGB images have been employed to estimate some fruit quality traits such as oil and phenols in olive (Montanaro et al., 2023) and sugars content in grapevine (Wei et al., 2022). These findings showed the seasonal pattern of RGB is not linear causing a hysteretic correlation between RGB bands and the quality trait and in turn a looping behavior of the input-output plot in sensu Morris (2012).

The hysteresis phenomena is relatively common in electronics (e.g., Morris, 2012), geophysics (e.g., Paterson et al., 2018), and human health (e.g., Ross et al., 2016). Within plant science, some physiological responses to stimuli show a hysteresis such as the efficiency of photosynthetic apparatus triggered by light availability (Serôdio et al., 2022), the diurnal transpiration (Amato et al., 2021). The hysteresis phenomenon has been also reported in field studies in cherry and olive explaining the diurnal growth of fruit in response to VPD (Khosravi et al., 2021; Zucchini et al., 2021).

In addition, the pattern of leaf area index and RGB (satellite, drones) derived indexes might be hysteretic (Peichl et al., 2015; Gong et al., 2021).

However, the hysteresis issue within imaging of fruit quality was not adequately considered. The hysteretic pattern of olive fruit quality traits (oil, phenols) in response to R, G, and B pixel values has been previously recognized over two growing seasons (Montanaro et al., 2023) but did not receive so much attention. Similarly, in a study on Vitis spp. although the pattern of color bands subtended a hysteretic response of the analyzed trait, the hysteresis did not enter the discussion (Wei et al., 2022).

The non-linearity of a predictor (e.g., the seasonal RGB) is challenging within a modelling exercise. Hence, based on the ability of artificial neural networks (ANNs) to cope with nonlinear problems (Wei et al., 2022), RGB imaging and ANNs have been combined to determine key olive fruit quality traits (Ram et al., 2010; Montanaro et al., 2023).

The application of ANNs is increasing in various sectors including agriculture (Attri et al., 2024). However, ANNs not always provide a solution based on a mechanistic approach, and often require a pre-processing step to minimize embedded constraints such as overfitting (Bejani and Ghatee, 2021). In addition, a general linear model (GLM) may perform as well or even better than the ANN and will save time (Özesmi et al., 2006). Following this, additional models such as GLM are desirable to expand the set of available computational processes for predicting fruit quality traits from images.

Based on this background, this paper presents a protocol accounting for the hysteresis for the selection of RGB-based predictors to be used in GLM.




2 Materials and methods



2.1 Sampling and determination of oil concentration

Experiments were carried out during the 2023 season in olive groves located in Southern Italy (Metapontino area). Starting from the end of July, olive samples were collected every 7-10 days till the end of November. At each sampling point, ~300 g bulk samples (×3) were collected from super-high density (SHD, 1.5 × 4 m) groves of the 4-year-old cultivar Arbequina and Koroneiki, Fasola (8.5 × 9 m, ~70-year old), Frantoio (6 × 6 m, 20-year old), Leccino (6 × 6 m, 30-year old) and Maiatica (10 × 10 m, ~60-year old) plants. Olive groves were irrigated and managed according to local practices. Olive fruits were collected from the various sides of the canopy of 5-6 trees. After the imaging acquisition (described in detail in subsequent section), each fruit sample was ground (skin+flesh+stone) into a paste with a hammer mill, and about 75 g of a well-mixed subsample of paste was used for a single determination of extractable fat matter (oil, % fresh weight), and water content (% fresh weight) using OliviaTM instrument (FOSS, Hillerød, Denmark) (Montanaro et al., 2023).




2.2 Imaging and colorimetric indexes

Image acquisition and data extraction followed Montanaro et al. (2023). Briefly, each sample (×3 subsample) was placed on a blue background and pictured using a Nikon D5100 digital camera (16.9 Mpixels, AF-P DX Nikkor 18-55 mm, f/3.5-5.6 G VR, Nikon, Tokyo, Japan) and a X-Rite ColorChecker enclosed in a photo studio box. The box (Ombar Photography Light Box) was equipped with LED 5500K, 100 LEDs on top, and sheltered through a light diffuser to avoid direct illumination of samples. Each picture includes a variable number of olive fruit depending on cultivar and sampling time. Namely, the mean fruit number ( ± SE) for the initial and last sampling point was: 169.4 ± 5.61 and 97.2 ± 2.8 in Arbequina, 47.4 ± 3.3 and 36.8 ± 0.6 in Fasola, 97. ± 4.7 and 57.2 ± 1.7 in Frantoio, 195.2 ± 7.1 and 111.2 ± 4.7 in Koroneiki, 118.2 ± 6.5 and 71.2 ± 2 in Leccino, 81.8 ± 4.8 and 51.5 ± 1.4 in Maiatica. The olives were not rotated hence the one side of each fruit was pictured. A total of 245 images were collected as JPEG. Images were then segmented to remove the background using ImageJ 1.53t version (Schindelin et al., 2019), and the “measure RGB” plugin to measure the mean pixel values of Red (R), Green (G), and Blue (B) primary color. The primary colours were then recombined producing 35 colorimetric indexes (CI) (Supplementary Table S1).




2.3 Modelling oil concentration

The R, G, and B mean pixel values were used as predictors of the olive oil concentration (%FW) (Y) according to the following linear model:

 

After checking for collinearity employing the analysis of variance inflation factor (VIF) (Chatterjee and Simonoff, 2013), the model [1] was reduced removing the predictor(s) having the VIF>5 (Marcoulides and Raykov, 2019). Additional models, employing a colorimetric index (CI) as predictor, had the following general formula:

 

Each CI candidate predictor (Supplementary Table S1) was selected based on the Fitness Index (FI) determined as:

 

where Hyst represents the hysteresis index (see Equation 4) and ρ the Spearman’s rank correlation test calculated over the Y and CI pairs. The values of Hyst were calculated according to (Kosmulski et al., 2009 and Serôdio et al., 2022) based on the normalized difference between the upward (increasing CI values) and downward (decreasing CI) phases of the hysteresis:

 

The hyst_area represents the area under the reverse harm of the curve fitting the Y (oil concentration) vs CI scatter of the points occurring after the maximum CI (CI_max) was detected (i.e., decreasing CI). The Tot_area is the area under the curve fitting all the Y, CI pairs and was calculated assuming a rotation of the “hysteretic” harm attributing to the original decreasing CI point a new synthetic CI value (CI_syn) based on their original value (CI_orig) and CI_max:

 

Hence, the original decreasing CI values detected after the max CI was reached, were rotated having a synthetic increasing CI value. As an example, using data of the cultivar Arbequina and BplusG colorimetric index the Figure 1 visualizes how the various components of Hyst (Equation 4) have been determined. According to Serôdio et al. (2022), the values of Hyst ranged from 1 to -1, with negative values corresponding to negative hysteresis (clockwise hysteresis) and positive values corresponding to positive hysteresis (counterclockwise or hysteresis; downward phase higher than upward phase).




Figure 1 | Example of the process for the determination of the arguments of the Hyst index function (Equation 4) employing the seasonal dataset of the cultivar Arbequina and the BpluG colorimetric index. In (A) it is reported the original scatterplot of the correlation between oil concentration (%FW) and the BplusG colorimetric index, the dashed line indicates the time direction (start → end) of the season, the maximum value of the BplusG is indicated by the arrow and was considered the beginning of the reversing direction (hysteresis harm); (B) the points occurring after the BpluG max, were identified (purple dots) and plotted assuming no hysteresis; (C) the whole points were fitted (continuous line) determining the area under the curve (AUC) which was labeled as Tot_area; (D) the portion of the AUC belonging the hysteretic (purple) points was determined and labeled as Hyst_area.



The selection of the CI to be evaluated as predictor was than based on their Fitness Index (Equation 3). Namely the CI having a FI falling in the top 1st quintile were selected as predictor (see Equation 2).

Each model (m) in Equations 1 and 2 was tested within each cultivar and its performance appraised by the coefficient of determination (R2), the root mean squared error (RMSE), and the mean absolute error (MAE) which were then combined in the Global Performance Indicator (GPI) (Montanaro et al., 2023 and references therein). Briefly, the GPI was determined considering the [0, 1] normalized values of R2, RMSE, and MAE (i):

 

where α equals -1 for   = R2 and 1 for RMSE and MAE, Oi and   were the value and the median, respectively. The median was calculated over the five iterations (j) (see below). After the GPI were determined, considering that “the more the accuracy of the model the higher the value of the GPI” (Despotovic et al., 2015), the models were ranked according to GPI.

All the dataset in each cultivar (45, 40, 40, 45, 45, 30 in Arbequina, Fasola, Frantoio, Koroneiki, Leccino and Maiatica, respectively) was randomly split into training (70%) and testing (30%). The training was used for model parametrization (minimizing the squared residuals) between RGB-based CI (covariate) and olive oil concentration (response variable). The same training and testing datasets were used as benchmark dataset across the various models preventing any stochastic effect due to random splitting. In addition, to account for the randomness of the training (and testing) dataset, this random subsampling was repeated five times according to Montanaro et al. (2023).




2.4 Statistical analysis

A one-way ANOVA was used to examine the differences between treatments after checking the hypothesis of normality (Shapiro-Wilk’s test) and equal variance (Levene’s test) tested at p = 0.05. Following the failure of the test of the ANOVA assumptions, the nonparametric Kruskal–Wallis’ test was employed. The residuals of each single model were calculated as the difference between observed and fitted values. Residuals from the five iterations were pooled before the analysis which was conducted to evaluate their randomness and constancy of variance. All data analysis and plotting were conducted in R (R Core Team, 2021).





3 Results



3.1 Seasonal variation in oil concentration and R, G, B

Oil concentration linearly increased in all cultivars from ~ 5% FW recorded at the end of July up to an asymptotic value of ~ 15.5% (Arbequina, Koroneiki, Fasola, Leccino) recorded on November 11th and earlier (October 10th) in Fasola cultivar (Figure 2). It is worth noting that the final oil concentration approached ~ 20% and ~ 24% in Maiatica and Frantoio, respectively (Figure 2). Fruit development (fresh weigth per single olive fruit) and water content (%) are reported in Supplementary Figure S1. The R, G, and B mean pixel values showed a nonlinear pattern throughout the experiment in all cultivars with an initial increasing trend followed by a decreasing one. However, in Maiatica the G color band was stable at about 150 mean pixel value for almost the whole season and declined only at the last measuring point (Figure 2). The R, and G color bands abruptly declined by the end of October in Fasola and Arbequina, while such a change was recorded about one month earlier in Frantoio and Leccino (Figure 2), early in the season (end of September) (Figure 2). In addition, the pattern of the R mean pixel value in Koroneiki and Maiatica missed the late season declining part (Figure 2). As concerning the trend of G color band in Koroneiki and Maiatica, it showed the less evident seasonal variation compared to that in the other cultivars (Figure 2). Particularly, in Maiatica the G had a narrow sesonal range (from ~ 116 to ~ 125). Generally, the B color band in all cultivars showed a less pronounced declining pattern compared to that of R and G. In addition, in Maiatica the B color band start soon to decline if a transient increase at about mid Septemeber is exluded. Figure 2 also shows the similarity of B trend in Arbequina and Koroneiki.




Figure 2 | Values of the mean oil (%FW) (•) and Red (R), Green (G), and Blue (B) mean pixel values recorded throughout the season in olive cultivars from traditional (Fasola, Frantoio, Leccino, Maiatica) and super-high density (Arbequina, Koroneiki) plantation systems. Vertical bars are standard error and are visible when larger than symbol or line.



Figure 3 reports the seasonal R, G, and B mean pixel values normalized per unit of oil concentration. It can be noted a similar declining pattern across the examined cultivars and color bands, moreover an initial ~ 45% increase in R, G, and B values is shown at least for those cultivars sampled also at the end of July (i.e., Arbequina Koroneiki, Leccino) (Figure 3). The SHD cultivars (Arbequina and Koroneiki) showed the higher pixel per unit oil compared to the other cultivars consistently in most of the sampling occasions, in addition the normalized R and G in these SHD cultivars remain comparable in about 60% of sampling times (Figure 3). In addition, a temporal shift of the R, G, and B normalized values can be envisaged across cultivars, particularly in Leccino that normalized value start to decline 2-3 weeks late (Figure 3).




Figure 3 | Mean (left) Red, (middle) Green, and (right) Blue pixel value normalized per unit of fruit oil concentration (%FW) recorded in various olive cultivars grown in super-high density (Arbequina, Koroneiki) and traditional plantation systems (Fasola, Frantolio, Leccino, Maiatica). Comparing cultivars within the same sampling time, the different letter indicates significant differences (Kruskal–Wallis’ test, p< 0.05).



Correlation between the seasonal R, G, and B color bands and oil concentration showed a nonlinear hysteretic pattern (Figures 4–6). In contrast with this, the trend of the R color band in Koroneiki and Maiatica (Figure 4) does not show hysteresis. The timing of the onset of the hysteresis differed across cultivars and color bands. However, it was consistently advanced in Leccino (end of August, beginning of September) compared to that recorded in all other cultivars (end of October).




Figure 4 | Correlation between mean pixel values of the Red color band and oil concentration (%FW) in various olive cultivars. In each cultivar, data from all sampling times were grouped before fitting (cubic smoothing spline), and arrows over the fitting line indicate time direction.






Figure 5 | Correlation between mean pixel values of the Green color band and oil concentration (%FW) in various olive cultivars. In each cultivar, data from all sampling times were grouped before fitting (cubic smoothing spline), and arrows over the fitting line indicate time direction.






Figure 6 | Correlation between mean pixel values of the Blue color band and oil concentration (%FW) in various olive cultivars. In each cultivar, data from all sampling times were grouped before fitting (cubic smoothing spline), and arrows over the fitting line indicate time direction.



Values of Spearman’s correlation coefficient (ρ) determined over the abovementioned correlation between oil concentration and R, G, and B color bands and all the other RGB-based CIs (Figures 4, 6) are reported in Figure 7. In parallel with the ρ, the relative hysteresis area in each cultivar was determined and reported in Figure 7, too.




Figure 7 | Values of the Spearman’s coefficient (rho) of the correlation between mean pixel values of the Red, Green Blue color band or other RGB-derived indexes and oil concentration (%FW) and of the relative hysteresis area (Hyst) in various olive cultivars.



Focusing on the highest ρ values in Arbequina, 10 CIs showed a ρ ranging from -0.85 to -0.94, and in the other three ones it ranged from 0.81 to 0.91. For the other cultivars, the number of CIs falling in a similar range was 17 in Fasola and Frantoio, while it was nine in Koroneiki and Maiatica and five in Leccino. In addition, Figure 7 shows a good correspondence between ρ and Hyst across the CIs and color bands. In line with this, pooling the whole seasonal datasets across all cultivars, the correlation between Hyst and ρ showing that ρ values closest to 1 or -1 corresponded to values with no (Hyst = -1) or early hysteresis (Hyst close to 1) (Figure 8). The Figure 9 reports the Fitness Index (FI) which combines the relative hysteresis area (Hyst index) and ρ determined over the correlation between each of the 35 CIs and oil concentration. The first quintile of CIs or color bands, i.e. the 20% of CIs with the highest FI, (see red dotted line in Figure 9) had the following FI range: 1.69:1.93 (Arbequina), 1.86:1.89 (Fasola), 1.91: 1.96 (Frantoio), 1.44:1.93 (Koroneiki), 1.58:1.89 (Leccino), and 1.68:1.88 (Maiatica). Interestingly, Arbequina and Koroneiki cultivars share several common CIs falling in that range (“NGRDI”, “VARI”, “mio_stRGB” “mio_ndRGB”, “NG”, “GR”, “GLI”). Similarly, Fasola and Frantoio had common CIs (“NG”, “GB”,”GLI”,”NDGBI”) and Leccino and Maiatica (“NGRDI”, “VARI”, “GR”).




Figure 8 | Scatterplot between the relative hysteresis area determined through the Equation 4 and the Spearman’s rank correlation test (ρ, rho) calculated over the correlation between each of the 35 CIs and oil concentrations in all cultivars. The continuous fitting line represents a general additive model, the whole data (n= 210) were pooled before fitting, dashed lines represent the 95% confidence bands.






Figure 9 | Variation of the Fitness Index (FI, Equation 2) of the various colorimetric indexes and color bands to serve as predictors of the olive oil in Arbequina, Fasola, Frantoio, Koroneiki, Leccino, and Maiatica cultivars. The dashed horizontal lines limit the FI of the 1st quintile of the CIs.






3.2 Image-based olive oil predicting models

The selection of predictors employed in olive oil modeling was based on FI (combination of ρ and relative hysteresis area). These predictors generated models with a median accuracy (R2) of 0.80-0.84 in Arbequina, Frantoio, Leccino, of about 0.77 in Fasola and Koroneiki, of 0.91 in Maiatica. (Figure 10). Similarly, combining Red, Green, and Blue in a single linear model (Y~ Red + Green + Blue) was effective in predicting the olive oil concentration with a median R2 values about 0.90-0.96 in Arbequina, Fasola, and Maiatica, of about 0.83-0.87 in Frantoio, Koroneiki, and Leccino (Figure 10).




Figure 10 | Distribution of R2 values of the predicted ~ true oil (%FW) correlation achieved after the five iterations of the model Y’~ CI (Equation 2) using the “selected” and all the other colorimetric indexes (“other CI”), and the Y~ R+G+B model and the reduced version (Y~ G+B for Fasola, Frantoio, Leccino and Y~ R+B for Koroneiki). Note that each model type is plotted next to each other within the same cultivar separated by the dashed line and that the “selected” CI models were those identified based on the first quintile distribution of the fitness index (Equation 3, Figure 9).



Detailed scatter plots between predicted:true oil show that the model Y~ Red + Green + Blue was able to explain about 83-96% of the total variance (Figure 11). However, the analysis of VIF revealed the collinearity (VIF>5) between some predictors in Fasola, Frantoio, Koroneiki, and Leccino (Table 1). Hence, for these cultivars a reduced model was then employed discharging the predictor with the highest VIF at the cost of reducing the R2, except for the Fasola (Figure 12). All the scatterplots of the predicted ~ true olive oil correlation employing as predictor the CI or color band selected using the FI are reported in Supplementary Figures S2:S7 along with their residuals (Supplementary Figures S8:S13). The overall accuracy of each predicting model was then appraised by the GPI collating the results of R2, MAE, and RMSE (Figure 13). The GPIs were sorted in ascending order within the same cultivar, facilitating the interpretation of results considering that the higher GPI the better is the overall accuracy of the model.




Figure 11 | Scatterplot of the predicted ~ true oil (%FW) correlation of the model Y~ Red+Green+Blue (Equation 1). Values of the R2 are the mean determined over the five iterations. The dashed line represents the 1:1 straight line.






Figure 12 | Scatterplot of the predicted ~ true oil (%FW) correlation achieved using the reduced model Y~ Green+Blue (Fasola, Frantoio, Leccino) and Y~ Red+Blue (Koroneiki) after the VIF analysis (Tables 1 and 2). The dashed line represents the 1:1 straight line.






Figure 13 | Ranking according to Global Performance Indicator (GPI) of the RGB-based additive linear models (Y~ R+G+B) or of the reduced version (Y~ G+B, Y~ R+B), or employing a single color band (Red), and of the Y~ CI (top quintile selected colorimetric indexes Figure 9) in olive cultivar from traditional (Fasola, Frantoio, Leccino, Maiatica) and super-high density (Arbequina, Koroneiki) plantations. In each panel, the red dot indicates the colorimetric index with the highest Fitness Index (Figure 9).







4 Discussion

This study reports on seasonal oil accumulation in olive cultivars grown under traditional and SHD plantations and its image-based linear modeling contributing to progress towards digital olive crop science. In olive crop, there is a seasonal change in oil concentration and other quality traits (e.g., phenolic compounds, Roshani et al., 2016), hence information on the occurrence of these traits is pivotal to schedule the harvest time according to the entrepreneur’s target. For this purpose, there is an increasing development of crop management tools including those based on imaging assisting in fast and reliable monitoring of olive fruit traits (Gracia and León, 2011; Bellincontro et al., 2013). Here, a common RGB sensor was employed to predict the seasonal oil (%FW) in fruit. These results were translated in oil per unit of R, G, and B mean pixel values (Figure 3) highlighting the effect of cultivar on that normalized value. Results are challenging to compare because of limited literature existing on this specific point. However, such cultivar-dependency of olive oil yield on RGB color fits with López-Huertas et al. (2021) who showed that the amount of olive oil extracted from 12 cultivars differed even though they had the same color class determined through the popular destructive Jaén method. Following this finding, results pointed out that the weight of R, G, and B as model predictors would differ according to the cultivar and that a genetic component should be considered in model architecture. However, this remains to be specifically tested.

The SHD cultivars examined are commonly cropped at a global scale (Díez et al., 2016) increasing the significance of this study. Similarly, the traditional cultivars included globally cultivated ones (i.e., Leccino and Frantoio) (Barranco et al., 2000). The seasonal variation in oil is consistent with the literature in both SHD and traditional cultivars (Lopez-Bernal et al., 2021) highlighting a sigmoidal pattern in all cultivars. However, the asymptote of that curve was reached earlier in Leccino confirming it is an early ripening variety (Barranco et al., 2000).

The development of image-based models designed to predict fruit quality traits (e.g., oil concentration) is the subject of recent increasing interest within a digital agricultural domain which often employs artificial neural networks (ANNs) (Montanaro et al., 2023; Ebrahimi et al., 2024; Yang et al., 2024). However, ANNs remain still a sort of “black box” with a poor mechanistic approach in selecting the predictors, even though it is powerful in minimizing the error of the prediction including in nonlinear problems (Nagesh et al., 2024). In addition, ANNs might require a high level of computational efforts and a pre-process of the predictors but sometimes performing similarly to a GLM to the extent that a comparison between ANN and GLM is recommended (Özesmi et al., 2006; McQuisten and Peek, 2009). Following this, the present GLM-based olive oil predicting model might integrate existing ones which are mainly based on ANNs (Ram et al., 2010; Montanaro et al., 2023).

In this study, the hysteretic (nonlinear) relationship existing between olive oil and R, G, and B color bands and other RGB-derived colorimetric indexes was pointed out. Generally, hysteresis is triggered by the history of the value of a response variable in relation to previous values of the input variable and it is a recognised problem in electronics (e.g., Morris, 2012), geophysics (e.g., Paterson et al., 2018), and human health (e.g., Ross et al., 2016). In addition, in plant science research several studies are recognizing hysteretic behavior of variables responding to stimuli. For example, examining the efficiency of photosynthetic apparatus in response to light availability (Serôdio et al., 2022), the diurnal signal sourced by organic sensors tracking sap mineral concentration in response to daily course of transpiration (Amato et al., 2021), and the response of soil CO2 emission to temperature (Dusza et al., 2020). In addition, the hysteresis is reported for the behavior of leaf area index and RGB (satellite, drones) derived indexes in rice and boreal mires (Peichl et al., 2015; Gong et al., 2021). However, in fruit quality science and imaging, hysteresis has not been adequately considered (Wei et al., 2022; Montanaro et al., 2023).

Hence, here a protocol was developed for the selection of image-based predictors to be used in linear models and accounting for the hysteresis. In a formal hysteresis, the loop of the variable tends to be closed meaning that the last point overlaps the initial one (Morris, 2012). In Khosravi et al. (2022), to characterize the shape of the diurnal hysteresis loop of the olive fruit diameter and VPD three definitions were suggested “partial, incomplete, and complete”. In the present study, the hysteretic loop of the oil concentration was incomplete. To explain this observation, it should be considered that the olive oil final accumulation value (ending point of the hysteresis) is always greater than the initial one due to biological processes (Lopez-Bernal et al., 2021). A similar not-closed hysteresis was also recognized analyzing the time dependence of the light response of photosynthesis in algae (Serôdio et al., 2022) and of methane flux in the alpine meadow (Chen et al., 2020).

In the present study, hysteresis appeared to quantitatively depend on the cultivar:CI (or color band) combination. For example, the correlation between R mean pixel values and oil in Koroneiki and Maiatica showed no hysteresis compared to other cultivars (Figure 4), anticipating it could be a good predictor. In contrast, the R color band was found to be the best predictor only in Maiatica (R2 = 0.93, Supplementary Figure S6), while in Koroneiki other CIs (i.e., NG, GLI) had an overall better prediction capability (Figure 13, Supplementary Figure S4). Considering the differential changes of the seasonal R, G, and B mean pixel values, the application of additive linear models in the form of Y ~ R+G+B would be substantial in phenotyping oil concentration even in the case of hysteresis. This was the case in all analyzed cultivars (Table 1) showing that the model variance was able to explain up to 96% of the total variance, similarly to the prediction accuracy achieved using ANN (Montanaro et al., 2023). However, in a model having more than one predictor, the stability of coefficients might be corrupted if predictors are more related to each other than to the response variable; hence the use of a reduced version of the model is advisable (Chatterjee and Simonoff, 2013). In line with this, analysis of the variance inflation revealed the collinearity existing between predictors (i.e., VIF>5) in Fasola, Frantoio, Koroneiki and Leccino cultivars (Table 1). Hence, a reduced version of the model (Y ~ R+B, or Y ~ G+B) was proposed for these cultivars in Table 2 to counteract the collinearity issue even if reducing the accuracy at least in some cultivars. That is, comparing these cultivars suffering collinearity in Tables 1 and 2, it can be highlighted that the simplified model increased the AIC by approx. 10-20% and reduced the R2 by approx. 6-12%. Hence, minimising the number of predictors would at the same time minimise the risk of collinearity. Moreover, it is implicit in the VIF formula that models employing only one predictor (e.g., Y ~ CI, Equation 2) have no risk of collinearity. In line with this, the recombination of the R, G, and B generating the various CIs to be used as predictors would at the same time keep the advantage of multiple image information (i.e., color bands) avoiding the potential instability of model coefficients due to collinearity. In line with this, several CIs that were almost entirely derived from a previous study (Montanaro et al., 2023) were examined. The justification of the formulation of these CIs is grounded on existing correlative information between changes in R, G, and B and the occurrence of changes in pigments concentration, fatty substances accumulation, sugar concentrations, etc. (see Montanaro et al., 2023).


Table 1 | Mean ( ± SE) of parameters determined for the predictors of the model Y~ Red + Green + Blue after five iterations performed over five random subsets of the training dataset in each olive cultivars.




Table 2 | Mean ( ± SE) of parameters determined for the predictors of the reduced model Y~ Green + Blue (Fasola, Frantoio, Leccino) and Y~ Red + Blue (Koroneiki) after five iterations performed over five random subsets of the training dataset in various olive cultivars.



The number of possible RGB-derived indexes is relatively large making their selection a critical step also when used as input features of ANN requiring additional computational efforts. For example, in Montanaro et al. (2023), the CIs were selected after a PCA- or SPCA-based pre-processing with the purpose to minimise the risk of overfitting embedded in ANNs (Warne et al., 2004).

In the present study, new selection criteria were introduced relying on the quantification of the hysteresis generated by the correlation between oil concentration and CIs. Hence, a value to the hysteretic oil concentration in response to each CI was attributed using the Hyst index (Equation 4). In parallel with this, the coefficient of correlation was determined over the same distribution. The Figure 7 reports the paired Hyst and ρ values determined over all the cultivars and CIs revealing that the highest coefficient of correlation (i.e., ρ close to -1 or 1) corresponded to the highest hysteresis (1 or -1). Such correspondence was consistent across the whole dataset as showed by the Figure 8. In this study, it was reported the hysteretic response of oil concentration across six cultivars and up to 35 CIs integrating current knowledge in image-based fruit phenotyping in olive. The variability of Hyst values recorded across cultivars and CIs is likely to be attributable to different ripening time of these cultivars and their interaction with the environment, but this remain to be specifically examined.

To simultaneously account for the impact of CI on both hysteresis and ρ, the FI has been proposed to support the selection of CI (Figure 9). Based on the FI, specific models and CI were identified allowing a prediction accuracy (R2) comparable to that achieved in a previous paper adopting ANN (Montanaro et al., 2023).

In the present work, the GPI was employed to simultaneously account within the same cultivar for multiple accuracy indicators (R2, MAE, RMSE) as reported by Despotovic et al. (2015). Analysis revealed that within each cultivar there is a good agreement between the GPI-based rank of models/predictors and that of the FI. That is, the predictors with the highest FI (see red dots in Figure 13) rank 1st-2nd according to GPI. Cosidering that “The more the accuracy of the model the higher the value of the GPI” (Despotovic et al., 2015) results support the suitability of FI in selecting the best predictors. However, in Arbequina and Koroneiki cultivar a criticism might rise because the highest FI did not match the top GPI-based rank of predictors. To explain this apparent discrepancy, it could be considered that 7/8 (Koroneiki) and 6/7 FIs (Arbequina) falling in the top quintile had a relatively short range of FI (i.e., 1.86:1.93) (Figure 9).

This paper reports for Mediterranean traditional and SHD olive systems the seasonal pattern of oil accumulation contributing to expand existing information on this topic. This study also examined the application of a GLM to predict the oil concentration using R, G, and B and RGB-based colorimetric indexes. For this purpose, this paper provides a new pipeline to achieve the selection of the most suitable predictor. The pipeline includes the quantification of the hysteretic correlation between the response variable and the CIs adopting for the first time in olive crop science a procedure similar to that used in other research fields (e.g., electronics, human health). The predictions have an overall accuracy comparable to that of ANN models requiring additional computational efforts.





Data availability statement

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





Author contributions

GM: Conceptualization, Data curation, Formal analysis, Funding acquisition, Investigation, Methodology, Project administration, Validation, Visualization, Writing – original draft, Writing – review & editing. AC: Data curation, Investigation, Writing – review & editing. AP: Writing – review & editing, Resources. FC: Resources, Writing – review & editing, Supervision. IM: Writing – review & editing. GK: Writing – review & editing, Formal analysis. VN: Investigation, Supervision, Validation, Writing – review & editing, Conceptualization, Resources.





Funding

The author(s) declare financial support was received for the research, authorship, and/or publication of this article. This study was carried out within the Agritech National Research Center and received funding from the European Union Next-GenerationEU (PIANO NAZIONALE DI RIPRESA E RESILIENZA (PNRR) – MISSIONE 4 COMPONENTE 2, INVESTIMENTO 1.4 – D.D. 1032 17/06/2022, CN00000022). This manuscript reflects only the authors’ views and opinions, neither the European Union nor the European Commission can be considered responsible for them.




Acknowledgments

This study was part of the initiatives of Phen-Italy, the Italian node of the European Infrastructure for multi-scale Plant Phenomics and Simulation for Food Security in a Changing Climate EMPHASIS.





Conflict of interest

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

The author(s) declared that they were an editorial board member of Frontiers, at the time of submission. This had no impact on the peer review process and the final decision.





Supplementary material

The Supplementary Material for this article can be found online at: https://www.frontiersin.org/articles/10.3389/fpls.2024.1456800/full#supplementary-material




References

 Accardi, G., Aiello, A., Gargano, V., Gambino, C. M., Caracappa, S., Marineo, S., et al. (2016). Nutraceutical effects of table green olives: A pilot study with Nocellara del Belice olives. Immun. Ageing 13, 11. doi: 10.1186/s12979-016-0067-y

 Agrawal, K., Melliou, E., Li, X., Pedersen, T. L., Wang, S. C., Magiatis, P., et al. (2017). Oleocanthal-rich extra virgin olive oil demonstrates acute anti-platelet effects in healthy men in a randomized trial. J. Funct. Food 36, 84–93. doi: 10.1016/j.jff.2017.06.046

 Alves, K. S., Guimarães, M., Ascari, J. P., Queiroz, M. F., Alfenas, R. F., Mizubuti, E. S. G., et al. (2022). RGB-based phenotyping of foliar disease severity under controlled conditions. Trop. Plant Pathol. 47, 105–117. doi: 10.1007/s40858-021-00448-y

 Amato, D., Montanaro, G., Vurro, F., Coppedè, N., Briglia, N., Petrozza, A., et al. (2021). Towards in vivo monitoring of ions accumulation in trees: response of an in planta organic-electrochemical-transistor-based sensor to water flux density, light and vapour pressure deficit variation. Appl. Sci. (ISSN 2076-3417) 11 (11), 4729. doi: 10.3390/app11114729

 Attri, I., Awasthi, L. K., and Sharma, T. P. (2024). Machine learning in agriculture: A review of crop management applications. Multimedia Tools Appl. 83, 12875–12915. doi: 10.1007/s11042-023-16105-2

 Barranco, D., Cimato, A., Fiorino, P., Rallo, L., Touzani, A., Castañeda, C., et al. (2000). World Olive Catalogue of Olive Varieties. International Olive Council, Madrid, Spain.

 Bejani, M. M., and Ghatee, M. (2021). A systematic review on overfitting control in shallow and deep neural networks. Artif. Intell. Rev. 54, 6391–6438. doi: 10.1007/s10462-021-09975-1

 Bellincontro, A., Caruso, G., Mencarelli, F., and Gucci, R. (2013). Oil accumulation in intact olive fruits measured by near infrared spectroscopy-acousto-optically tunable filter. J. Sci. Food Agric. 93, 1259–1265. doi: 10.1002/jsfa.5899

 Carmona-Torres, C., Parra-López, C., Sayadi, S., and Reina-Usuga, L. (2023). Abandonment factors and alternatives in sloping olive growing: The case of Andalusia, Spain. Land Use Policy 132, 106836. doi: 10.1016/j.landusepol.2023.106836

 Centeno, A., Hueso, A., and Gómez-del-Campo, M. (2019). Long-term evaluation of growth and production of olive cultivars in super high-density orchard under cold-weather conditions. Scientia Hortic. 257, 108657. doi: 10.1016/j.scienta.2019.108657

 Chatterjee, S., and Simonoff, J. S. (2013). Handbook of regression analysis (Wiley) Wiley & Sons, Inc., Hoboken, New Jersey, U.S..

 Chen, W., Wang, B., Zhang, F., Li, Z., Wang, J., Yu, G., et al. (2020). Hysteretic relationship between plant productivity and methane uptake in an alpine meadow. Agric. For. Meteorology 288, 107982.

 Cinosi, N., Portarena, S., Almadi, L., Berrettini, A., Torres, M., Pierantozzi, P., et al. (2023). Use of portable devices and an innovative and non-destructive index for in-field monitoring of olive fruit ripeness. Agriculture 13, 194. doi: 10.3390/agriculture13010194

 Despotovic, M., Nedic, V., Despotovic, D., and Cvetanovic, S. (2015). Review and statistical analysis of different global solar radiation sunshine models. Renewable Sustain. Energy Rev. 52, 1869–1880. doi: 10.1016/j.rser.2015.08.035

 Díez, C. M., Moral, J., Cabello, D., Morello, P., Rallo, L., and Barranco, D. (2016). Cultivar and tree density as key factors in the long-term performance of super high-density olive orchards. Front. Plant Sci. 7. doi: 10.3389/fpls.2016.01226

 Dusza, Y., Sanchez-Cañete, E. P., Galliard, J.-F. L., Ferrière, R., Chollet, S., Massol, F., et al. (2020). Biotic soil-plant interaction processes explain most of hysteretic soil CO2 efflux response to temperature in cross-factorial mesocosm experiment. Sci. Rep. 10 (1), 905. doi: 10.1038/s41598-019-55390-6

 Ebrahimi, M., Karimi, R., Garmakhany, A. D., Aghajani, N., and Shayganfar, A. (2024). Utilizing artificial neural networks for predictive modeling physicochemical attributes in maltodextrin-coated grapes with potassium carbonate and pyracantha extract in storage. Int. J. Hortic. Sci. Technol. 11, 491–502. doi: 10.22059/ijhst.2024.365138.694

 Ezenarro, J., García-Pizarro, Á., Busto, O., de Juan, A., and Boqué, R. (2023). Analysing olive ripening with digital image RGB histograms. Analytica Chimica Acta 1280, 341884. doi: 10.1016/j.aca.2023.341884

 Gong, Y., Yang, K., Lin, Z., Fang, S., Wu, X., Zhu, R., et al. (2021). Remote estimation of leaf area index (LAI) with unmanned aerial vehicle (UAV) imaging for different rice cultivars throughout the entire growing season. Plant Methods 17, 88. doi: 10.1186/s13007-021-00789-4

 Gracia, A., and León, L. (2011). Non-destructive assessment of olive fruit ripening by portable near infrared spectroscopy. Grasas y Aceites 62, 268–274. doi: 10.3989/gya.089610

 Hoda, G., Elsayed, S., Elsherbiny, O., Allam, A., and Farouk, M. (2022). Using RGB imaging, optimized three-band spectral indices, and a decision tree model to assess Orange fruit quality. Agriculture 12, 1558. doi: 10.3390/agriculture12101558

 International Olive Council (IOC) (2024). World olive oil and table olive figures. Available online at: https://www.internationaloliveoil.org/what-we-do/economic-affairs-promotion-unit/#figures (Accessed 17/06/2024).

 Khosravi, A., Zucchini, M., Giorgi, V., Mancini, A., and Neri, D. (2021). Continuous monitoring of olive fruit growth by automatic extensimeter in response to vapor pressure deficit from pit hardening to harvest. Horticulturae 7, 349. doi: 10.3390/horticulturae7100349

 Khosravi, A., Zucchini, M., Mancini, A., and Neri, D. (2022). Continuous third phase fruit monitoring in olive with regulated deficit irrigation to set a quantitative index of water stress. Horticulturae 8, 1221. doi: 10.3390/horticulturae8121221

 Kosmulski, M., Próchniak, P., and Saneluta, C. (2009). Quantitative assessment of hysteresis in voltammetric curves of electrochemical capacitors. Adsorption 15, 172–180. doi: 10.1007/s10450-009-9169-6

 Lee, C., Polari, J. J., Kramer, K. E., and Wang, S. C. (2018). Near-infrared (NIR) spectrometry as a fast and reliable tool for fat and moisture analyses in olives. ACS Omega 3, 16081–16088. doi: 10.1021/acsomega.8b02491

 Lo Bianco, R., Proietti, P., Regni, L., and Caruso, T. (2021). Planting systems for modern olive growing: strengths and weaknesses. Agriculture 11, 494. doi: 10.3390/agriculture11060494

 Lopez-Bernal, A., Fernandes-Silva, A. A., Vega, V. A., Hidalgo, J. C., Leσn, L., Testi, L., et al. (2021). A fruit growth approach to estimate oil content in olives. Eur. J. Agron. 123, Article 126206. doi: 10.1016/j.eja.2020.126206

 López-Huertas, E., Lozano-Sánchez, J., and Segura-Carretero, A.. (2021). Olive oil varieties and ripening stages containing the antioxidants hydroxytyrosol and derivatives in compliance with EFSA health claim. Food Chem. 342, 128291. doi: 10.1016/j.foodchem.2020.128291

 Luis Fernando, S.-S., Alte da Veiga, N. M. S., Ruiz-Potosme, N. M., Carrión-Prieto, P., Marcos-Robles, J. L., Navas-Gracia, L. M., et al. (2020). Assessment of RGB vegetation indices to estimate chlorophyll content in sugar beet leaves in the final cultivation stage. AgriEngineering 2, 128–149. doi: 10.3390/agriengineering2010009

 Marcoulides, K. M., and Raykov, T. (2019). Evaluation of variance inflation factors in regression models using latent variable modeling methods. Educ. psychol. Measurement 79, 874–882. doi: 10.1177/0013164418817803

 McQuisten, K. A., and Peek, A. S. (2009). Comparing artificial neural networks, general linear models and support vector machines in building predictive models for small interfering RNAs. PloS One 4 (10), e7522. doi: 10.1371/journal.pone.0007522

 Montanaro, G., Petrozza, A., Rustioni, L., Cellini, F., and Nuzzo, V. (2023). Phenotyping key fruit quality traits in olive using RGB images and back propagation neural networks. Plant Phenomics 5, Article 0061. doi: 10.34133/plantphenomics.0061

 Morris, K. A. (2012). What is hysteresis? Appl. Mechanics Rev. 64, 050801. doi: 10.1115/1.4007112

 Nagesh, O. S., Budaraju, R. R., Kulkarni, S. S., Vinay, M., Ajibade, S.-S. M., Chopra, M., et al. (2024). Boosting enabled efficient machine learning technique for accurate prediction of crop yield towards precision agriculture. Discover Sustainability 5, art. no. 78. doi: 10.1007/s43621-024-00254-x

 Navas-Lopez, J. F., León, L., Trentacoste, E. R., and de la Rosa, R. (2019). Multi-environment evaluation of oil accumulation pattern parameters in olive. Plant Physiol. Biochem. 139, 485–494. doi: 10.1016/j.plaphy.2019.04.016

 Olint (2024). Do we really need the new olive varieties? Available online at: https://www.agromillora.com/olint/en/do-we-really-need-the-new-olive-varieties/ (Accessed 17/06/2024).

 Özesmi, S. L., Tan, C. O., and Özesmi, U. (2006). Methodological issues in building, training, and testing artificial neural networks in ecological applications. Ecol. Model. 195, 83–93. doi: 10.1016/j.ecolmodel.2005.11.012

 Paterson, G. A., Zhao, X., Jackson, M., and Heslop, D. (2018). Measuring, processing, and analyzing hysteresis data. Geochemistry Geophysics Geosystems 19 (7), 1925–1945. doi: 10.1029/2018GC007620

 Peichl, M., Sonnentag, O., and Nilsson, M. B. (2015). Bringing color into the picture: using digital repeat photography to investigate phenology controls of the carbon dioxide exchange in a boreal mire. Ecosystems 18, 115–131. doi: 10.1007/s10021-014-9815-z

 Rallo, L., Barranco, D., Castro-García, S., Connor, D. J., del Campo, M. G., and Rallo, P. (2013). High-density olive plantations. Hortic. Rev. 41, 303–383. doi: 10.1002/9781118707418.ch07

 Ram, T., Wiesman, Z., Parmet, I., and Edan, Y. (2010). Olive oil content prediction models based on image processing. Biosyst. Eng. 105 (2), 221–232. doi: 10.1016/j.biosystemseng.2009.10.011

 R Core Team (2021). R: A language and environment for statistical computing Vol. 2021 (Vienna, Austria: R Foundation for Statistical Computing). Available at: https://www.R-project.org/.

 Reynolds, D., Baret, F., Welcker, C., Bostrom, A., Ball, J., Cellini, F., et al. (2019). What is cost-efficient phenotyping? Optimizing costs for different scenarios. Plant Sci. 282, 14–22. doi: 10.1016/j.plantsci.2018.06.015

 Rosati, A., Lodolini, E. M., and Famiani, F. (2023). From flower to fruit: fruit growth and development in olive (Olea europaea L.)—a review. Front. Plant Sci. 14. doi: 10.3389/fpls.2023.1276178

 Roshani, M., Sahari, M. A., Amirkaveei, S., and Ardabili, A. G. (2016). Effect of Edaphoclimatic region and fruit ripening stage on fatty acid profile of tree olive oil cultivars. Curr. Nutr. Food Sci. 12, 212–219. doi: 10.2174/1573401312666160610092633

 Ross, S. E., Sperry, Z. J., Mahar, C. M., and Bruns, T. M. (2016). Hysteretic behavior of bladder afferent neurons in response to changes in bladder pressure. BMC Neurosci. 17 (1), Article 1. doi: 10.1186/s12868-016-0292-5

 Schindelin, J., Arganda-Carreras, I., Frise, E., Kaynig, V., Longair, M., Pietzsch, T., et al. (2019). Fiji: an open-source platform for biological-image analysis. Nat. Methods 9, 676–682. doi: 10.1038/nmeth.2019

 Serôdio, J., Moreira, D., Bastos, A., Cardoso, V., Frommlet, J., and Frankenbach, S. (2022). Hysteresis light curves: A protocol for characterizing the time dependence of the light response of photosynthesis. Photosynthesis Res. 154 (1), 57–74. doi: 10.1007/s11120-022-00954-3

 Torres, M., Pierantozzi, P., Searles, P., Rousseaux, M. C., García-Inza, G., Miserere, A., et al. (2017). Olive cultivation in the southern hemisphere: flowering, water requirements and oil quality responses to new crop environments. Front. Plant Sci. 8. doi: 10.3389/fpls.2017.01830

 Tsouros, D. C., Bibi, S., and Sarigiannidis, P. G. (2019). A review on uav-based applications for precision agriculture. Information. 10 (11), 349. doi: 10.3390/info10110349

 Warne, K., Prasad, G., Rezvani, S., and Maguire, L. (2004). Statistical and computational intelligence techniques for inferential model development: A comparative evaluation and a novel proposition for fusion. Eng. Appl. Artif. Intell. 17, 871–885. doi: 10.1016/j.engappai.2004.08.020

 Wei, X., Wu, L., Ge, D., Yao, M., and Bai, Y. (2022). Prediction of the maturity of greenhouse grapes based on imaging technology. Plant Phenomics 2022, 1–14. doi: 10.34133/2022/9753427

 Yang, F., Zhou, Y., Du, J., Wang, K., Lv, L., and Long, W. (2024). Prediction of fruit characteristics of grafted plants of Camellia oleifera by deep neural networks. Plant Methods 20, 23. doi: 10.1186/s13007-024-01145-y

 Zakaluk, R., and Ranjan, R. S. (2008). Predicting the leaf water potential of potato plants using RGB reflectance. Can. Biosyst. Eng. 50, 7.1–7.12. https://library.csbe-scgab.ca/docs/journal/50/c0712.pdf.

 Zucchini, M., Khosravi, A., Giorgi, V., Mancini, A., and Neri, D. (2021). Is there daily growth hysteresis versus vapor pressure deficit in cherry fruit? Horticulturae 7, 131. doi: 10.3390/horticulturae7060131




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


Copyright © 2024 Montanaro, Carlomagno, Petrozza, Cellini, Manolikaki, Koubouris and Nuzzo. This is an open-access article distributed under the terms of the Creative Commons Attribution License (CC BY). The use, distribution or reproduction in other forums is permitted, provided the original author(s) and the copyright owner(s) are credited and that the original publication in this journal is cited, in accordance with accepted academic practice. No use, distribution or reproduction is permitted which does not comply with these terms.


OEBPS/Images/M2.jpg
@





OEBPS/Images/im2.jpg





OEBPS/Images/fpls-15-1456800-g010.jpg
(@]
-
o
0
E=3)
CR)
[ ]

® Y~ R+G+B
® reduced RGB






OEBPS/Images/M6.jpg
©





OEBPS/Text/toc.xhtml


  

    Table of Contents



    

		Cover



      		

        Predicting oil accumulation by fruit image processing and linear models in traditional and super high-density olive cultivars

      

        		

          1 Introduction

        



        		

          2 Materials and methods

        

          		

            2.1 Sampling and determination of oil concentration

          



          		

            2.2 Imaging and colorimetric indexes

          



          		

            2.3 Modelling oil concentration

          



          		

            2.4 Statistical analysis

          



        



        



        		

          3 Results

        

          		

            3.1 Seasonal variation in oil concentration and R, G, B

          



          		

            3.2 Image-based olive oil predicting models

          



        



        



        		

          4 Discussion

        



        		

          Data availability statement

        



        		

          Author contributions

        



        		

          Funding

        



        		

          Acknowledgments

        



        		

          Conflict of interest

        



        		

          Supplementary material

        



        		

          References

        



      



      



    



  



OEBPS/Images/crossmark.jpg
©

2

i

|





OEBPS/Images/fpls-15-1456800-g006.jpg
14

OIL (%FW)

4 6 8 10

16

OIL (%FW)
12

4 6 8

Arbequina

40 60 80
Blue

Koroneiki

50 60 70 80
Blue

EE N N N N N N )

PN N N N N N

28/07
08/08
24/08
12/09
29/09
13/10
26/10
10/11
28/11

28/07
08/08
24/08
12/09
29/09
13/10
26/10
10/11
28/11

12 16

OIL (%FW)

8

6

16

OIL (%FW)
12

4 6 8

35

Fasola

45
Blue

Leccino

Blue

55

EE R KN X NN J

EE R N N N XN J

08/08
24/08
12/09
29/09
13/10
26/10
10/11
28/11

28/07
08/08
24/08
12/09
29/09
13/10
26/10
10/11
28/11

OIL (%FW)
15 20 25

10

5

OIL (%FW)
15 20

10

5

50

Frantoio

60 70
Blue

Maiatica

80

20900000

08/08
24/08
12/09
29/09
13/10
26/10
10/11
28/11

08/08
24/08
12/09
29/09
13/10
26/10
10/11





OEBPS/Images/fpls-15-1456800-g002.jpg
Ye) wn wn
N (=] N o N
~ ~
[} [}
o) o}
o J |22 =) (]
N © « ] I
o > o >
- Qg = ﬂg =
g 5 Fe 5 Fe
o =] o
£ g £ § <
= o O = o O =
Oo o E Oo o £ OO
= o@ = o @ =
O] g
o o
T} » 5 0 -
o =)
o o
A ® @ & O 00 N N ® Q' O 4O 49 N N ® O © O O N N
S & & NN NN SRS S &N W KN N & & S N N KN N
F¥ ¥ S & & T & & T S
Koroneiki Maiatica
w0 wn wn
3 o 3 o N
~ ~
= -
[} [}
o) [}
o 3 o 3 o
N [o] N © N
8= S
o -0 -~ -0 ~
= X = X =
i'® o ' a LW
O ° ®E O o ®E O °
2 o® e o @ 2
= U] ~o
o o
T} w it 0 o
o o
(s2] o
A ® ® & O 00 N N QA ® O © O 0 N
S S NN N S & & S NN N
F& o & S S F S S S S &

Arbequina

Fasola

Frantoio

170

130

30 50 70 90

170

130

30 50 70 90

R, G, B mean pixel values

R, G, B mean pixel values





OEBPS/Images/fpls-15-1456800-g011.jpg
Predicted oil (%FW)

Arbequina

8 12 16

4

12 16

4 6 8

Fasola Frantoio

15 20

10

5

5 10 15 20 25

Maiatica

6 10 14 18
True oil (%FW)





OEBPS/Images/fpls.2024.1456800_cover.jpg
& frontiers | Frontiers in Plant Science

Predicting oil accumulation by fruit image
processing and linear models in traditional
and super high-density olive cultivars





OEBPS/Images/logo.jpg
, frontiers ‘ Frontiers in Plant Science





OEBPS/Images/M1.jpg
Y~ Red + Green + Blue

(n





OEBPS/Images/fpls-15-1456800-g007.jpg
Arbequina
" rho Hyst

-10 00 1.0

1.0

Frantoio
® tho ® H

-1.0 0.0

1.0

Koroneiki
® rho ® Hyst

mio_stRGB

-1.0 00 1.0

rho,Hyst

Leccino
B rho

140

Maiatica
mtho ®H






OEBPS/Images/fpls-15-1456800-g003.jpg
Pixel per unit oil

RED GREEN BLUE

Pixel per unit oil
Pixel per unit oil

Arbequina
Fasola
Frantoio
Koroneiki
Leccino
Maiatica

Arbequina
Fasola
Frantoio
Koroneiki
Leccino
Maiatica

Arbequina
Fasola
Frantoio
Koroneiki
Leccino
Maiatica

S & f

N A D @
S Wy L S W©
S »H D N

A\
Dl






OEBPS/Images/M5.jpg
CI_syn = CI_max+(CI_max-CI_orig) )





OEBPS/Images/fpls-15-1456800-g004.jpg
OIL (%FW)

OIL (%FW)

Arbequina

< @

L [ ]
[
*

o L

5= ©

© °
&

©

<

80 100 120 140
Red
Koroneiki

©

L L J
@
[

N [

> P
L ]
®

0 °

[(e]

<

80 100 120
Red

28/07
08/08
24/08
12/09
29/09
13/10
26/10
10/11
28/11

28/07
08/08
24/08
12/09
29/09
13/10
26/10
10/11
28/11

12 16

OIL (%FW)

8

6

80

Fasola

100 120
Red

Leccino

140

100

EE R XN N X N J

08/08
24/08
12/09
29/09
13/10
26/10
10/11
28/11

28/07
08/08
24/08
12/09
29/09
13/10
26/10
10/11
28/11

OIL (%FW)
15 20

10

5

OIL (%FW)
15 20

10

5

80 90

100

Frantoio

Red

100

Maiatica

110
Red

120

EE X N N N N N J

120

20900000

130

08/08
24/08
12/09
29/09
13/10
26/10
10/11
28/11

08/08
24/08
12/09
29/09
13/10
26/10
10/11





OEBPS/Images/M4.jpg
Bt = Gt i~ (Tt o~ et . el Tt e )





OEBPS/Images/fpls-15-1456800-g012.jpg
Predicted oil (%FW)

10

14

response ~ Green + Blue

Koroneiki

4 6 8 12

'-/, g-

Frantoio

response ~ Green + Blue

16
True oil (%FW)





OEBPS/Images/fpls-15-1456800-g009.jpg
O e ]

JYON N G

goyis ol e oA

goypuolw (] A
24 QYON
s o9

L

UYA | iy

oS

oot L Hos _

goypu ol

uiwy
goyis o

I
I
" |
i Uiy |
— { uiwy ]
© X~ I 8y © " o8
1
= 3 ENIE I DI
% 5 _ - | 19
3 =5 .m | gaaN
R 8 “ o © \ osn|dg
N anig !
“ sn|dg M I 990N
] 19
“ g ] N
I
\ 10
\ snjdy
" gYaN | -AVHO
i 9319
I
H BE] " guiwo
“ 990N I N+
_ | g
ik |
| gquiwo ' snidy
0¢ i !
(O 00 0¢ 0’} 00
NH
e M0S
O
900N
aNH
.__m,_u "m_o%clo_&
2 . OaN
Womuc olw His o
QNON_
goyis olw
s =
£ o 1wy
o )|
= g VA (o]
& = ulwe .m
3 c 10 Q
z g g
Had 9H4aN Q
< = -
9910

X8pu| ssaull4





OEBPS/Images/fpls-15-1456800-g008.jpg
oy

i

Ggo-

(o]
=

p-value = 1.11e

0'}-

Relative hysteresis area





OEBPS/Images/fpls-15-1456800-g013.jpg
Y] UYA QYON
12 4O UVA
= ~ ©
© N = YIS} 8 N
2 o g oupuTow T H
© o =
L. +O ~ A Ko 0S s UN
990N =) Q¥oN Uiy
® S N +O+Y ~ A
) 1) EN|
- ™ < O~ © . e [ 20 3 ~ o @ < © ~ ©
N +O ~ A +O ~ A
) 19 15} N
+O+Y ~ A 994N 19
©
k= 4O 2 oMis ow © oM olw
5 _ 0O £
o oypuTow = N ) 990N
a8 S o
M QYON e og ] ¥
o¥is olw 19 HVA
UVA ® nH ® 13|
4N oS AY¥ON
- ™M < 0 ~ - ™ < W0 ~ - O < ~

IS 03 Buipiodoe Bujuel [9po





OEBPS/Images/table2.jpg
coeff_(Intercept)
Coeff_Red
coeff_Green
coeff_Blue
pval_(Intercept)
pval_Red
pval_Green
pval_Blue
AIC
VIF_Red
VIF_Green
VIF_Blue

L o
MAE_response

RMSE.glm_response

NA, Not Applicable.

Fasola
045+ 0.3
NA
0.08+0
051 £0
072 £0.1

NA

116.12 + 2.66
NA

1.02+0
1.02+0

0.93 + 0.02
154.72 + 0.91

169.13 + 1.24

Frantoio
10.53 £ 0.5
NA
0170
0.38 £ 0.01
0.04 +0.01

NA

0.78 +0.03
292.58 + 1.99

31649 + 1.85

roneiki

-25.28 £ 0.1

0.360 + 0.0

NA

0.1+ 0.01

153.16 + 0.36

2.03 +0.03

NA

2.03 £ 0.03

0.74 £ 0.01

128.53 + 0.93

141.28 + 1.19

Leccino
25.61 + 0.48
NA

0.1+0
-0.08 + 0.01
00

NA

0£0

031 +0.05
146.43 £ 0.33
NA

1.63 +0.03
1.63 +0.03
0.81 +0.01
128.59 + 0.45

141.84 +0.59






OEBPS/Images/fpls-15-1456800-g005.jpg
OIL (%FW)

4 6 8 10

OIL (%FW)

4 6 8

14

16

12

100

120

Arbequina

120 140
Green

Koroneiki

140
Green

160

]

160

CE R N N N N N J

PR R N NN N N

28/07
08/08
24/08
12/09
29/09
13/10
26/10
10/11
28/11

28/07
08/08
24/08
12/09
29/09
13/10
26/10
10/11
28/11

12 16

OIL (%FW)

8

6

60

16

OIL (%FW)
12

4 6 8

Fasola

100
Green

140

Leccino

60 80
Green

120

LR E N E N NN J

08/08
24/08
12/09
29/09
13/10
26/10
10/11
28/11

28/07
08/08
24/08
12/09
29/09
13/10
26/10
10/11
28/11

Frantoio

20

15
ce000000

OIL (%FW)

10

5

80 100 120 140 160
Green

Maiatica

OIL (%FW)
15 20
®90 0000

10

5

130 140 150
Green

08/08
24/08
12/09
29/09
13/10
26/10
10/11
28/11

08/08
24/08
12/09
29/09
13/10
26/10
10/11





OEBPS/Images/M3.jpg
FI = abs(Hyst) + abs(p) G)





OEBPS/Images/im1.jpg





OEBPS/Images/table1.jpg
Arbequin

coeft_(Intercept) 2.71+0.16
coeff_Red 028+0
coeff_Green -025+0
coeff_Blue 0.15 £ 0.01
pval_(Intercept) 027 +0.03
pval_Red 0+0
pval_Green 00
pval_Blue 0+0

AIC 113.35 + 1.92
VIF_Red 34+ 008
VIF_Green 2.13 + 0.05
VIF_Blue 1.93 + 0.05
R 0.92  0.02
MAE _response 109.33 + 0.58

RMSE.glm_response 119.05 £ 0.59

Characters in bold indicate VIF>5.

-0.76 + 0.77

0.06 + 0.04

-0.1 £ 0.01

046 +0.03

0.62 +0.14

0.46 + 0.16

116.61 +2.28

22.7 £ 0.68

14.45 + 0.23

7.07 £ 0.55

0.91 +0.02

154.83 + 0.88

169.28 + 1.21

854 +£0.24

0.37 +0.02

-0.32 £ 0.01

0.16 +0.01

0.04 £0.01

0+0

00

0.03 +£0.01

153.37 £ 0.59

7.29 £0.23

5.93 £0.18

229 +0.06

0.83 £ 0.01

292.35 + 2.05

316.1 + 1.84

891 +0.66

0.46 £ 0

-0.44 £ 0.01

0.2 +0.01

0.29 +0.03

0+0

0£0

0.03 +0.01

137.45 £ 0.55

2.76 £ 0.05

8.23 £ 0.33

6.07 £ 0.2

0.85 £ 0.01

12847 +0.94

14097 £ 1.21

28 + 0.42

0.33 £0.01

-028 £0

-0.26 £ 0.01

122,97 £ 091

22.89 + 0.62

19.09 + 0.47

2.19 +0.07

0.88 £ 0.01

128.45 + 047

141.48 + 0.53

Maiatica
-11.76 + 1.01
0520
-0.18 + 0.01
0120
0.11 +0.03
00

0+0
0010
79.57 + 0.98
2.19 £ 0.04
1.26 £ 0.02
21003
0.96 + 0.01
207.64 + 126

226.48 +1.82





OEBPS/Images/fpls-15-1456800-g001.jpg
Arbequina Arbequina Arbequina Arbequina

(B)

16
16
16

(D)

12
12
12

OIL (%FW)
OIL (%FW)

4 6 8
4 6 8
OIL (%FW)

4 6 8

200 260 320 200 260 320 200 260 320
BplusG BplusG BplusG






