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Abstract


Peach yield production prediction models are little known worldwide. This gap can be filled by combining machine learning techniques and well-documented databases. The aims of this study are: (i) to assess the effect of different prediction variable inputs applied to peach yield prediction models adopted to peach trees grown in orchards under different subtropical climate; (ii) to test the prediction accuracy performance of models calibrated through different machine learning methods; and (iii) to quantify the relevance of peach trees’ yield predictor variables. A database (soil and leaf nutrient content, climatic and plant variables) with information from 208 peach trees (Prunus persica) in production, belonging to the cultivars ‘Maciel’ and ‘Chimarrita’ grown in Southern Brazil, was used. The models were developed by using three machine learning methods: Radom Forest, Multiple Linear Regression, and Support Vector Machine. We demonstrate that the calibration of the models was affected by machine learning method as well as by different predictor variable inputs. The model Random Forest showed the greatest potential to predict peach yield. The variable presenting the greatest relevance to explain peach yield variations was ‘hours of chilling’, which was followed by K and N content in leaves and mean temperature, which recorded relevance of >55%.
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1. Introduction


Nowadays, Brazil is the third biggest peach producer in Latin America; it produced approximately 183 thousand tons in its 16 thousand hectares planted during the 2019 harvest [1]. More than 70% of this total was produced in Southern Brazil [2]. However, the Brazilian mean yield was half of that observed for countries such as the USA, Chile, Italy, Greece, and France, as well as for other European producers [1]. These results can be partly explained by the fragility of regional recommendations for nutrients in plants, which define fertilizers’ critical levels and maximum efficiency doses.



Overall, fertilization recommendation systems applied to fruit trees on the globe define the need and doses of nutrients based on soil and leaf nutrient content; in some fruit trees, yield expectations are also taken into consideration [3,4,5,6]. However, oftentimes, fruit yield expectation is empirically defined, and can lead to excessive application of nutrients in orchards, a fact that potentiates soil and water contamination [7]. This problem can be solved with the development of yield prediction models, although little is known about peach yield prediction models applicable to Latin America, and to other continents. These gaps in research can be filled by the adoption of machine learning techniques combined with well-documented databases [8,9]. Accordingly, biological relations observed between plants and nutrients, such as yield response, are associated through modeling [10,11,12,13,14,15,16]. The database/machine learning combination, in association with the adoption of regressions, allows users to explore the whole yield universe in propositions for fruit yield prediction models [8,12], as well as fruit quality [17].



Several variables, such as temperature, exposure to chilling hours, and rainfall, can also affect nutritional and yield studies applied to peaches [18,19]. The vegetative and reproductive development (flowering and effective fruiting) of temperate plants is mainly boosted by the accumulation of chilling hours during winter. Thus, when there are favorable climatic conditions, one expects to have a higher demand for nutrients, including N, in order to support plant growth, development, and high yield [20,21]. Furthermore, the availability of nutrients and their impact on yield are also affected by rain events and soil moisture. The appropriate soil moisture, in association with high temperatures, favors organic matter mineralization and, consequently, mineral N availability, improving nutrient absorption by the roots [22,23]. Excessive rainfall, on the other hand, favors N loss through leaching [24], having a negative effect on yield [21]. Furthermore, frequent rain events can potentiate leaf and fruit fungal diseases, as well as reduce yield [25]. Plant age (trunk diameter) can affect the yield of peach trees [26,27,28].



Accordingly, the models can provide different prediction accuracy performances depending on the number and types of predictor variables added for model calibration purposes, as well as on the adopted machine learning method [8,10,12,15,16]. Thus, it is reasonable to associate plant (trunk diameter), climatic conditions, and soil and leaf nutrient contents in yield prediction models. Therefore, the research hypothesis is that the combination of plant, climatic conditions, and soil and leaf nutrient contents leads to increased estimation accuracy in peach yield prediction models in comparison to the separate use of these variables, in the development of models. Based on this, this study aims to innovatively test this hypothesis by pursuing the following objectives: (i) to assess the forecasting accuracy of models calibrated using different machine learning methods; and (ii) to evaluate the effect of different predictor variable sets on peach yield forecasting models applied to peach trees grown in different orchards under a subtropical climate.




2. Materials and Methods


2.1. Data Set


Data were collected during the observation of 208 peach trees (Prunus persica), at the production stage, which were planted in commercial and experimental farms in Rio Grande do Sul (RS) State, Southern Brazil. Information about cultivars Maciel (n = 106) and Chimarrita (n = 102) were collected in three peach producer regions in RS State, in the following municipalities: Bento Gonçalves (n = 72—Northeastern region—Region 1), Porto Alegre (n = 64—Metropolitan region—Region 2) and Pelotas (n = 72—Southeastern region—Region 3) (Figure 1A). The following rootstocks were adopted: ‘Aldrighi’, ‘Capdeboscq’, ‘Flordaguard’, ‘Nemaguard’, and ‘Okinawa’. Open vessel was the tree conduction method of choice. Orchards were managed based on national integrated management standards [29]. Samplings and assessments for database composition were carried out in the 2009 and 2010 harvests. The climate in the three regions is classified as humid subtropical (Cfa) [30]. The soil in the Pelotas and Porto Alegre municipalities was classified as Typic Hapludalf [31] (~200 g kg−1 clay—[32]), and as Udorthent [31] (~400 g kg−1 clay—[32]) in Bento Gonçalves. This information regarding the classification of soils in the evaluated regions was derived from the soil survey of the state of Rio Grande do Sul—at a scale of 1:750,000 [32]. At the time of the field evaluations, the identification of the soils in each region was duly validated with soundings using Dutch augers. Soil between peach tree lines was covered by spontaneous vegetation during the whole assessment time.




2.2. Soil Sampling and Analysis


Samples were collected from the 0–20 cm soil layer, under canopy projection, in the three assessed cultivation locations, at the first observation year (2009). P, K, Cu, Zn, and Mn in soil samples were extracted using the Mehlich-1 method [33]. Ca and Mg were extracted using KCl 1 mol L−1. Fe was extracted by using DTPA. Available P determination was carried out in UV-visible spectrophotometer (Bell Photonics, 1105, São Paulo, Brazil), at 882 nm [33]. Available K determination was performed in Flame Spectrophotometer (Bell Photonics, 1105, São Paulo, Brazil). Ca, Mg, Cu, Zn, Fe, and Mn determination was conducted in atomic absorption spectrophotometer (PerkinElmer—Analyst 2000, Waltham, MA, USA). Soil exchangeable acidity was measured through the Shoemaker—McLean—Pratt method (SMP index) [31]. Soil organic matter content (SOM) was determined through humid oxidation in sulfochromic solution—K2Cr2O7 + H2SO4 [33,34]. Soil pH was measured in water, at a 1:1 ratio. Clay content was determined using the hydrometer method [33]. The average nutrient levels in the soil of each orchard and cultivar are presented in Table 1.




2.3. Leaf Sampling and Mineral Analysis


In total, 100 complete leaves (leaf + petiole) were collected from each rootstock, cultivar, and cultivation place, in both harvests (2009 and 2010). Leaves were collected from plants’ medium third, in October and November (13 weeks after full flowering, on average). Leaves were dried in forced air circulation oven, at ±65 °C, ground in a Willey type mill and sieved in a 1 mm mesh. Fruit yield was expressed in kg per plant and in tons per hectare, in both harvests.



The macro-nutrient content in leaves (N, P, K, Ca and Mg) was determined after sulfuric digestion, whereas the micronutrient content (Zn, Fe, Cu and Mn) was determined after nitro-perchloric digestion [33,35]. Total N was determined in micro-kjeldahl distiller (Tecnal, TE-0363, São Paulo, Brazil), according to [33,35]. Phosphorus (P) was determined in a UV-visible spectrophotometer (Bell Photonics, 1105, São Paulo, Brazil), at 882 nm [36]. K, Ca, Mg, Zn, Fe, Cu, and Mn readings were carried out in an atomic absorption spectrophotometer (PerkinElmer—Analyst 2000, Waltham, MA, USA). The average nutrient levels in the leaves of each orchard and cultivar are presented in Table 1.




2.4. Climatic Variables


Meteorological data recorded for the assessment time and set for the present experiment were collected in regional meteorological stations in Bento Gonçalves, Pelotas, and Porto Alegre counties (Table 2). The following variables were gathered for each assessed station: mean temperature, mean rainfall, and number of accumulated chilling hours below 7.2 °C [37], in winter (from June to September), depending on the number of accumulated hours, according to North Carolina’s modified model [37].




2.5. Determination of Peach Yield and Trunk Diameter


During fruit harvest, all fruits on each plant were counted and weighed to determine production per plant (kg) (Table 3). Trunk diameter was measured just above the graft union, at 10–20 cm above the soil surface. Measurements were taken using a digital caliper, always at the same position on the trunk during the dormancy period (Table 3).




2.6. Statistical Analyses


2.6.1. Statistical Analyses of the Data


Yield response variables were subjected to analysis of variance (ANOVA) by taking into consideration the following factors: cultivar and cultivation place, as well as interaction between these factors (fix effect), besides the blocks’ effects (random effect). Residue normality was tested through Shapiro–Wilk test in order to assess whether any transformation would be necessary. Every time the null hypothesis (equal means) was rejected at alpha equal to 0.05, the means were compared through the Scott–Knott test (p < 0.05) ANOVA was carried out in the ‘ExpDes.pt’ package of R software, version 4.1.1 [38].



Subsequently, all data (yield, soil nutrient content, leaf nutrient content and climatic variables) were subjected to principal component analysis (PCA) in order to explore data variance, since it makes it possible to identify the most complex interactions among variables, as well as to assess similarities/differences among cultivars, cultivation place, and rootstocks. The contribution of each variable for principal component data variation explanations was also quantified. PCA was carried out in the ‘FactoMineR’ and ‘factoextra’ packages of R software, version 4.1.1 [38].




2.6.2. Development of Prediction Models


Six peach yield prediction models were developed. The models were generated by including the different predictor variables in order to answer to our hypothesis: Model 1—soil nutrient content; Model 2—leaf nutrient content; Model 3—climatic variables; Model 4—soil nutrient content + leaf nutrient content; Model 5—soil nutrient content + leaf nutrient content + climatic variables; and Model 6—soil nutrient content + leaf nutrient content + climatic variables + trunk diameter (Figure 1B). Climatic variables inserted into the model were ‘mean temperature’, ‘mean rainfall’, and ‘number of chilling hours < 7.2 °C.



The models were developed by using three machine learning methods: (i) RF—Random Forest (non-parametric method based on regression tree construction) [39]. First, a tree was built by defining the rules that would separate data into reasonably homogenous groups for the variable of interest (yield), in comparison to the predictor variables. The number of trees (ntrees) and the number of predictor variables (mtry) were the adjustment hyperparameters to be optimized through the RF. The parameters, including mtry and ntrees (500), were adjusted through cross-validation by using the ‘bestTune’ resource [40]; (ii) Multiple Linear Regression (MLR) with stepwise—parametric method that describes the linear relationship between 2, or more, predictor variables, and one response variable, by using a stepwise function to select the variables (the model is adjusted according to the Akaike information criterion method—AIC). This method selects the best predictor for the depended variable; the other predictor variables are included in the model as its exploratory ability increases; and it results in a lower AIC value. Model parameterization involves estimating the regression coefficients (β), where β0 denotes the intercept and β1, β2, …, βp represent the effects of the predictor variables on the response, indicating both the direction and the strength of the linear relationship [41]; (iii) Support Vector Machine (SVM, “e1071” package of R software) [42]—non-parametric technique based on the statistical learning theory, which uses a kernel function to project data on a new hyperplane where non-linear dimensional standards can be easily represented and correlated during modeling. Model parameterization included the kernel function (linear, polynomial, or radial basis function), the regularization parameter (C), and the ε-insensitive loss function for support vector regression [43].



For the development of the six prediction models, the dataset (n = 208) was randomly divided into a calibration set (n = 145) and a validation set (n = 63) (Figure 1B). Model parameterization was based on 10-fold crossed validation through random distribution [44]. All models were implemented in the R software [38] using the caret package [40]. After calibrating the 18 models (Figure 1B), each model was independently validated to assess its applicability under real-world conditions. During this step, the values predicted by each model were compared with productivity values obtained from field evaluations. The evaluation of the models’ accuracy performance was based on the following precision statistics: determination coefficient (R2) (Equation (1)), root mean square error (RMSE) (Equation (2)), and mean absolute error (MAE) (Equation (3)) (Figure 1B):
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wherein:    y ^    = predicted value;    y -    = mean observed value; y = observed values; N = number of samples with i = 1, 2, …



The “variable importance—VARIMP” metrics, which shows the relevance of modeling variables, was calculated to assess the relevance of each explanatory variable in the models. For RF models, variable importance is estimated based on the mean decrease in model accuracy and/or node impurity across the ensemble of trees. The importance values were scaled to allow comparison among predictors, with higher scores indicating a greater contribution to the predictive performance of the model. The “Overall” importance score represents the relative contribution of each predictor to model performance, scaled to facilitate comparison among variables. For SVM models, variable importance is computed based on the contribution of each predictor to the model’s decision function, typically derived from the absolute magnitude of the model coefficients in the transformed feature space. For MLR models, variable importance was calculated based on the absolute values of the standardized regression coefficients, which reflect the relative contribution of each predictor to the response variable. VARIMP was implemented in caret package of R software [45].






3. Results


3.1. Performance of Predictive Models


Six peach yield prediction models were generated by using the following variables: soil and leaf nutrient content, climatic variables, and a plant variable (trunk diameter). The greatest calibration and validation accuracy was observed for the model developed using the RF method, which was followed by SVM and MLR, in comparison involving three machine learning methods (Table 4).



With respect to predictor variable input for model calibration purposes, model 6 (soil nutrients + leaf nutrients + climatic variables + trunk diameter), which was calibrated using the RF machine learning method, presented the greatest accuracy in validation (R2v = 0.80 and MAEv = 2.08 kg pl−1)—this method is based on all variables (Table 1 and Figure 2). Model 1 was the one accounting for the lowest accuracy (R2v = 0.22 and MAEv = 3.00 kg pl−1); it is only based on soil nutrients (Table 4).



Models 2 (leaves) and 3 (climatic) recorded similar accuracy (R2v = 0.35 and 0.45, MAEv = 2.90 and 2.86 kg pl−1, respectively); the same was observed in the comparison of models 4 (soil + leaves) and 5 (soil + leaves + climatic conditions) (R2v = 0.39 and 0.46, MAEv = 2.86 and 2.40 kg pl−1, respectively).



Yield estimate errors (RMSE and MAE) decreased as more variables were added to the prediction model (Figure 2A,B), and the explanation for variance in yield increased (R2) (Figure 2C). The comparison between models 1 and 6 showed a reduction by 14% in RMSE and an increase by 20% in the explanation to variance due to explanatory variables (R2).



The most accurate model (Model 6), which included all variables, effectively captured variations in peach productivity across growing regions and cultivars, with the highest predicted yields observed in the Pelotas region for both cultivars (Figure 3), in agreement with field data (Table 3 and Table 5).




3.2. Contribution of Predictor Variables to Peach Yield


Yield per plant was significantly influenced by the interaction between the factors ‘cultivar’ and ‘growing region’ (Table 5). Mean yield per plant (belonging to Chimarrita and Maciel cultivars) was statistically different between growing regions; the highest yield was observed in Pelotas growing region, where Chimarrita cultivar recorded a yield of 14.5 kg pl−1 and Maciel cultivar recorded 13.5 kg pl−1 (Table 5). The yield between cultivars only differed in the Porto Alegre growing region, where the Maciel cultivar recorded the highest yield (7.3 kg pl−1). This effect of the growing region on peach production, reflecting the variation of nutrients in the soil and leaves (Table 1), but also of climatic variables (Table 2), was effectively captured by the most accurate predictive model—model 6 (Table 4 and Figure 2). This is corroborated by the contribution attributed by the first ten variables in model 6 (Figure 4F).



The quantification of predictor variable relevance during model calibration indicated that the six peach tree yield prediction models assigned different weights to the variables as they were progressively incorporated. Higher importance values indicate predictors with a greater influence on model predictions, whereas lower values suggest limited predictive contribution.



It is important to highlight the relevance of including the following climatic variables in the model presenting the highest accuracy (model 6 with the Random Forest method): hours of chilling (100% importance), temperature (57% importance), and rainfall (50% importance), as well as the plant variable ‘trunk diameter’(45% importance) (Figure 4F). Leaf K (70% importance), N (60% importance), Mg (57% importance), and P (43% importance) contents also had significant relevance in prediction model 6, and it gave more accuracy to models in comparison to soil nutrient contents (Figure 4). Furthermore, variable ‘hours of chilling’, whenever it was added to models 3, 5, and 6, was considered the most important variable for models’ development. Overall, soil K content (100% importance—model 1) and leaf K and N concentration (100% and 81% importance, respectively—model 4) were taken as extremely relevant for the models.



Based on the multivariate principal component analysis, the cultivar effect was subtle in comparison to response variables; there was a homogeneous distribution of the observations of the two cultivars in all quadrants (Figure 5A). Cultivation place, in its turn, had strong impact on data variance—it split the samples from the three locations into different groups (Figure 5B). One group to the right of PC1, which was formed by observations carried out in Bento Gonçalves, was influenced by the soil nutrients, base saturation, and the climatic variable chilling hours (Figure 5B). The other two groups were formed to the upper left of PC1 axis; they resulted from observations carried out in Pelotas; The one in the lower left of the axis resulted from observations carried out in Porto Alegre. Both groups were influenced by leaf nutrient content, by climatic variables, and by the plant variable (Figure 5B). We pointed out that climatic variables ‘temperature’ and ‘chilling hours’ were related to observations performed in Pelotas and Bento Gonçalves, with the climatic variable “precipitation” having the greatest weight for the Porto Alegre growing region, and cold hours for Bento Gonçalves (Figure 5B).





4. Discussion


The difference observed in the accuracy of each yield estimate, among the three machine learning methods, results from different mathematical processing applied to each method [8]. The most robust models, such as Random Forest model, can accurately set the cause-and-effect relationships of predictor variables in yield variation [46,47,48]. Thus, machine learning methods can combine several edaphic, climatic, and culture factors to diagnose nutrients and to manage local-scale actions. Actually, the high yield of cultures depends on positive interactions among these factors, whose data must be integrated to broaden the models for decision-making purposes. It must be done in order to sustainably manage complex systems [49]. Similarly, the effect of the input of different sets of explanatory variables for prediction models’ calibration purposes results in models presenting different estimation accuracies [10,12,15].



The significant interaction between cultivar and growing region observed for production (Table 5) can be attributed to differences in climatic and nutritional conditions among the cultivation regions (Table 1 and Table 2). This finding is consistent with previous studies reporting differences between the Chimarrita and Maciel cultivars [19,50], as well as the strong influence of climate on peach productivity [18,19]. In this study, soil K and P contents and base saturation differed among growing region (Table 1) and were also identified as the most influential soil variables in predicting productivity in the best-performing model (model 6; Figure 4F).



The results presented in Figure 2 demonstrate how the use of isolated and combined predictor variable sets differentially affects the predictive contribution of the models. Models including only soil nutritional variables (Model 1) showed low predictive accuracy (Table 4), indicating a limited contribution of these variables to yield prediction. In contrast, the combination of soil and leaf nutritional variables (Model 3) resulted in higher predictive accuracy, demonstrating the benefit of integrating nutritional information from different sources. A similar improvement was observed when nutritional variables were combined with climatic variables (Model 5), confirming the predictive contribution of climatic factors. Finally, Model 6, which integrates all predictive variables, revealed a significant contribution of trunk diameter to the predictive capacity of peach production (Figure 4F), with an increase of approximately 70% in the accuracy of Model 6 compared to Model 1 (Figure 2). Similar results were reported for the calibration of apple tree productivity prediction models in Southern Brazil [10]. The authors found that model predictive performance varied according to the set of input predictor variables and their combinations, reinforcing the idea that isolated variables in models may not properly explain yield.



The three climatic variables strongly explained the variation in peach productivity (Figure 4F). Chilling hours showed a positive correlation with production (Figure 5B), reflecting their role in dormancy release in peach trees [51]. In contrast, higher rainfall—such as that observed in the Porto Alegre region (Table 2)—may enhance nutrient losses through leaching in orchards, particularly of mineral N forms such as NO3− [52]. This process can reduce plant growth, productivity, and nutrient concentrations [52]. Consistent with this pattern, the lowest productivities in the present dataset were observed in the Bento Gonçalves and Porto Alegre regions (Table 3), which also exhibited the highest rainfall volumes (Table 2). Insufficient nitrogen supply limits the synthesis of nucleic acids, proteins, coenzymes, phytohormones, and secondary metabolites [53], thereby compromising orchard yield and profitability and negatively affecting fruit quality [54]. In addition, frequent rainfall can increase the incidence of foliar and fruit diseases, reducing production and fruit quality and altering leaf nutrient concentrations [55].



Model 6, which included climatic variables (mean temperatures, annual rainfall, and chilling hours), and soil and leaf nutrients, as well as trunk diameter, presented the best performance for this culture’s yield prediction (Table 4). Great relevance was given to climatic variable ‘hours of chilling’ (<95%), and to temperature (>55%) and rainfall (>40%) (Figure 4F), due to their impact on peach trees’ yield components [18,19,51,56]. This result is quite useful to predict peach trees’ yield due to climatic conditions, mainly in subtropical climate regions, where modeling is scarce [12].



Figure 4F (model 6) shows that, after hours of chilling, leaf K and N contents were the predictors mostly influencing peach trees’ yield; both recorded 60% relevance, because they are the nutrients mostly demanded by this culture and the ones that are mostly exported by the fruits [57,58]. Furthermore, N has an effect on fruit quality; it acts in variables ‘organic acids, phytochemical content, and total antioxidant capacity’ [54]. Mg was identified as a strong predictor, right after variable temperature, if one takes into consideration its role in the chlorophyll molecule and its consequent influence over the photosynthetic capacity of fruit trees, in general [59,60]. Variable ‘trunk diameter’ was the sixth variable recording the highest relevance (>40%) (Figure 4F) to explain peach tree yield variance—it was justified by the effect of this variable on fruit tree yield [27,28,29]. Yield prediction models, with an emphasis on Model 6, can be useful at the time to take into account the climatic change scenarios, since they can be felt in Southern Brazil [61,62] and can affect peach tree nutrition and yield [56]. Based on the results, it is worth pointing out that, in case climatic changes get more intense, climatic variables between different seasons of the year can have an impact on crop growth and yield [18,19,56].



Finally, this study has shown that the combined use of well-documented databases and robust machine learning methods seems to have the potential to estimate peach trees’ yield by helping decision-makers to be more assertive about fertilizers’ recommendations and phytosanitary management in orchards. The strategies adopted to develop the prediction models presented in this study can be relevant for application in orchards worldwide and for estimating the yield of fruit trees under specific conditions (culture and cultivation place, among others). In addition, the study showed the significant effect of climatic variables in explaining the variation in peach production estimated by prediction models, indicating the need to include this variable in productivity estimates under climate change scenarios.



It is important to highlight that the database used in this study has spatial and temporal limitations, as it includes only three regions and two crop seasons. Consequently, the applicability of the prediction models is limited at regional and temporal scales when the objective is to forecast commercial crops. To achieve this objective, models need to be calibrated using a database composed of multiple crop seasons—ideally spanning more than 20 years—and covering a broader range of peach-growing regions. However, the modeling strategies tested and evaluated in this study are valid not only for application in the development of peach production prediction models, but also for other fruit species. In addition, these models represent a proof of concept; that is, they provide initial evidence that the methodology and modeling strategies presented here are promising. However, these models are not intended to be universally applicable yield forecasting tools for all regions or cultivars. In addition, given the limited spatial and temporal scope of the dataset, Random Forest models may present a potential risk of overfitting, reinforcing that the results should be interpreted as a proof of concept rather than as fully generalizable predictive tools. Although Random Forest models are generally resistant to overfitting, a potential risk remains when models are trained on limited datasets. This risk can be mitigated through careful hyperparameter tuning and appropriate cross-validation strategies.



As datasets grow in size and diversity, machine learning techniques can promote the identification of complex and subtle interactions among local-scale factors. Thus, it is important to pinpoint the search for prediction models applicable to more refined perennial fruit trees, considering cultivar, growing region, and several production cycles (crops), by keeping in mind three factors: (i) achieving a high yield with economic visibility; (ii) getting fruits with higher visual and bromatological quality; (iii) proper plant nutritional development; (iv) rational use of fertilizers; and (v) fruit yield within a climatic change scenario.




5. Conclusions


Prediction model calibration is affected by the machine learning method and by different predictor variable inputs, since it reflects on peach tree yield prediction accuracy.



Model 6, which took into account soil nutrients, leaf nutrients, and climatic variables, besides the trunk diameter of the peach trees, showed the greatest potential to predict these trees’ yield in orchards planted with cultivars ‘Maciel’ and ‘Chimarrita’ in Southern Brazil.



The variable presenting the highest relevance to explain peach yield variation was hours of chilling; it was followed by leaf K and N contents and mean temperature, which recorded relevance of >55%.



Given the limited spatial and temporal scope of the dataset, the applicability of the prediction models as commercial-scale predictive tools is also limited. Nevertheless, the modeling strategies presented in this study are valid for the development of predictive models for peach production and can also be extended to other fruit species.
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Figure 1. Location of the three municipalities where the sampling process applied to the 208 peach trees was carried out in Southern Brazil (A) and stages of the calibration and validation process of the peach yield prediction models (B). 
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Figure 2. Mean values of root mean square error (RMSE) (A), mean absolute error (B) and determination coefficient (R2) (C) recorded for models developed through the three machine learning methods developed for predicting peach productivity applied to the cultivars Chimarrita and Maciel planted in soil presenting different fertility levels. 
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Figure 3. Association between peach yields (kg pl−1) quantified in the field and estimated by the best model (model 6 with the Random Forest method) for the Chimarrita and Maciel cultivars planted in soils with different fertility levels, where (A) is for the calibration dataset and (B) for validation. R2—determination coefficient; RMSE—root mean square error; MAE—mean absolute error. 
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Figure 4. Relative relevance of predictor variables in the six peach yield prediction models calibrated with the Random Forest method. BS = base saturation. 
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Figure 5. Association between principal component 1 (PC1) and principal component 2 (PC2) for yield variables, and soil and leaf nutrient content, climatic variables, and the plant variable, in comparison to (A) cultivar and (B) growing region. BS—base saturation; CH—chilling hours. 
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Table 1. Descriptive statistics of the soil and leaf nutrient content of peach trees of the cultivars ‘Maciel’ and ‘Chimarrita’ grown in three producing regions in Rio Grande do Sul State, Brazil (2009–2010).
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Region

	
Cultivar

	
Nutrients in Soil




	
P

	
K

	
Ca

	
Mg

	
BS

	
Cu

	
Fe

	
Mn

	
Zn




	
mg kg−1

	
cmolc kg−1

	
%

	
mg kg−1






	
Bento Gonçalvez

	
Chimarrita

	
35.5

nsA

	
330

nsA

	
8.8

nsA

	
2.8

nsA

	
78

nsA

	
30.1

nsA

	
50.5

nsA

	
17.0

nsB

	
16.7

nsA




	
Bento Gonçalvez

	
Maciel

	
34.2

	
330

	
8.8

	
2.4

	
78

	
29.4

	
51.1

	
16.5

	
16.7




	
Porto Alegre

	
Chimarrita

	
8.3

nsC

	
81

nsC

	
2.4

nsB

	
0.9

nsB

	
58

nsB

	
6.3

nsB

	
25.5

nsB

	
14.2

nsB

	
1.8

nsB




	
Porto Alegre

	
Maciel

	
7.9

	
81

	
3.0

	
0.8

	
58

	
7.0

	
24.4

	
15.0

	
2.0




	
Pelotas

	
Chimarrita

	
27.5

nsB

	
153

nsB

	
7.5

nsA

	
0.8

nsB

	
49

nsC

	
4.5

nsC

	
10.5

nsC

	
48.0

nsA

	
5.7

nsC




	
Pelotas

	
Maciel

	
26.4

	
153

	
7.1

	
1.0

	
49

	
5.0

	
11.2

	
47.5

	
5.5




	
Local

	
Cultivar

	
Nutrients in Leaf




	
N

	
P

	
K

	
Ca

	
Mg

	
Cu

	
Fe

	
Mn

	
Zn




	
g kg−1

	
mg kg−1




	
Bento Gonçalvez

	
Chimarrita

	
24.7 nsB

	
1.9

ns

	
24.8 nsA

	
17.6 nsA

	
3.9

nsA

	
4.8

nsB

	
92.8

nsC

	
193.4

nsA

	
29.7

nsA




	
Bento Gonçalvez

	
Maciel

	
24.1

	
1.8

	
25.2

	
18.2

	
3.8

	
4.6

	
93.7

	
195.5

	
30.2




	
Porto Alegre

	
Chimarrita

	
25.1 nsB

	
2.1

ns

	
21.4 nsB

	
13.2 nsB

	
4.2

nsA

	
4.5

nsB

	
102.1

nsB

	
55.5

nsC

	
18.3

nsB




	
Porto Alegre

	
Maciel

	
24.8

	
2.0

	
21.8

	
14.8

	
4.7

	
4.5

	
104.3

ns

	
57.1

	
19.5




	
Pelotas

	
Chimarrita

	
34.6 nsA

	
2.3

ns

	
24.3 nsA

	
17.4 nsA

	
1.4

nsB

	
6.4

nsA

	
115.9

nsA

	
144.5

nsB

	
23.8

nsB




	
Pelotas

	
Maciel

	
33.7

	
2.2

	
24.9

	
17.5

	
1.2

	
6.5

	
116.4

	
148.4

	
24.6








Uppercase letters compare average nutrient levels across growing regions using the Scott–Knott test (p < 0.05). ns: not significant.













 





Table 2. Climatic variables recorded for the peach orchard regions in Rio Grande do Sul State, Brazil (2009–2010).
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Unit

	
Minimum

	
Mean

	
Median

	
Maximum






	
Region 1—Bento Gonçalves




	
Mean annual air temperature

	
°C

	
12.00

	
14.89 b

	
17.70

	
17.70




	
Average number of chilling hours (CH) < 7.2 °C

	
CH

	
388

	
391 b

	
388

	
394




	
Mean anual precipitations

	
mm

	
139

	
139.50 b

	
139.50

	
140




	
Region 2—Porto Alegre




	
Mean annual air temperature

	
°C

	
18.15

	
18.28 a

	
18.41

	
18.41




	
Average number of chilling hours (CH) < 7.2 °C

	
CH

	
282

	
373 b

	
282

	
469




	
Mean anual precipitations

	
mm

	
140

	
153.5 a

	
153.5

	
167




	
Region 3—Pelotas




	
Mean annual air temperature

	
°C

	
18.00

	
19.52 a

	
19.52

	
21.05




	
Average number of chilling hours (CH) < 7.2 °C

	
CH

	
248

	
546 a

	
546

	
844




	
Mean anual precipitations

	
mm

	
111.1

	
126.63 c

	
126.63

	
142.17








Lowercase letters compare the mean values of climatic variables using the Scott–Knott test (p < 0.05).













 





Table 3. Average trunk diameter and peach yield evaluated in each orchard and growing region in Rio Grande do Sul State, Brazil (2009–2010).
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	Region
	Cultivar
	Trunk Diameter (mm)
	Yield Peach (kg Plant−1)





	Bento Gonçalvez
	Chimarrita
	65.7 ns
	6.7 ns



	Bento Gonçalvez
	Maciel
	68.5
	7.5



	Porto Alegre
	Chimarrita
	76.7 ns
	2.8 a



	Porto Alegre
	Maciel
	74.5
	7.3 b



	Pelotas
	Chimarrita
	72.3 ns
	14.5 ns



	Pelotas
	Maciel
	73.5
	13.5







Lowercase letters compare average values between growing region using the Scott-Knott test (p < 0.05). ns: not significant.













 





Table 4. Accuracy in the calibration and validation stage of peach tree yield prediction models (kg pl−1) applied to cultivars Chimarrita and Maciel planted in soil presenting different fertility levels.
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Prediction Models

	
Machine Learning Methods (4)

	
R2c

	
RMSEc

	
MAEc

	
R2v

	
RMSEv

	
MAEv




	
kg pl−1

	
kg pl−1




	
Calibration (n = 145)

	
Validation (n = 63)






	
Model 1—nutrients in soil (1)

	
RF

	
0.43

	
5.10

	
5.54

	
0.22

	
6.63

	
3.00




	
SVM

	
0.35

	
5.12

	
4.00

	
0.22

	
6.66

	
4.47




	
MLR

	
0.25

	
5.51

	
4.82

	
0.20

	
7.63

	
5.54




	
Model 2—nutrients in leaf (2)

	
RF

	
0.61

	
4.14

	
3.31

	
0.35

	
6.07

	
2.90




	
SVM

	
0.43

	
4.86

	
3.70

	
0.14

	
7.10

	
4.50




	
MLR

	
0.42

	
4.83

	
4.83

	
0.21

	
6.70

	
4.12




	
Model 3—climate variables (3)

	
RF

	
0.67

	
3.83

	
2.54

	
0.45

	
5.59

	
2.86




	
SVM

	
0.60

	
4.06

	
3,01

	
0.40

	
5.89

	
3.10




	
MLR

	
0.61

	
3.99

	
3.09

	
0.42

	
5.73

	
2.87




	
Model 4—nutrients in soil + leaf

	
RF

	
0.63

	
4.01

	
3.04

	
0.39

	
5.91

	
2.86




	
SVM

	
0.49

	
4.55

	
3.44

	
0.27

	
6.48

	
3.94




	
MLR

	
0.50

	
4.50

	
3.35

	
0.34

	
6.14

	
3.72




	
Model 5—nutrients in soil + leaf + climate variables

	
RF

	
0.67

	
3.70

	
2.76

	
0.46

	
5.55

	
2.40




	
SVM

	
0.61

	
4.04

	
2.72

	
0.43

	
5.70

	
2.96




	
MLR

	
0.63

	
3.88

	
2.99

	
0.42

	
5.70

	
2.84




	
Model 6—nutrients in soil + leaf + climate variables + trunk diameter

	
RF *

	
0.83

	
3.02

	
2.05

	
0.80

	
3.10

	
2.08




	
SVM

	
0.63

	
3.92

	
2.69

	
0.44

	
5.67

	
2.86




	
MLR

	
0.65

	
3.78

	
2.90

	
0.45

	
5.59

	
3.08








(1) Soil P, K Ca, Mg, Cu, Zn, Fe, Mn content and base saturation. (2) Leaf N, P, K, Ca, Mg, Zn, Fe, Cu, Mn and B content. (3) Mean temperatures, mean rainfall, and chilling hours (below 7.2 °C). (4) RF—Random Forest; MLR—Multiple Linear Regression; SVM—Support Vector Machine; R2—determination coefficient; RMSE—root mean square error; MAE—mean absolute error. * Models presenting the greatest prediction accuracy are highlighted in bold.













 





Table 5. Analysis of variance of the response variable peach yield influenced by cultivar, growing region, and interaction.






Table 5. Analysis of variance of the response variable peach yield influenced by cultivar, growing region, and interaction.





	
Effect

	
Yield Peach (kg Plant−1)






	
Cultivar

	
0.057 *




	
Growing region

	
0.000 ***




	
Growing region × Cultivar

	
0.003 **




	
Interaction: Cultivar × growing region

	
Chimarrita

	
Maciel




	
Bento Gonçalves

	
6.7 (±0.7) bA (1,2)

	
7.5 (±1.4) bA




	
Pelotas

	
14.5 (±1.1) aA

	
13.5 (±1.2) aA




	
Porto Alegre

	
2.8 (±0.2) cB

	
7.3 (±0.4) bA








* Statistically significant at alpha ≤ of 0.05; ** Statistically significant at alpha ≤ of 0.01; *** Statistically significant at alpha ≤ of 0.001. (1) Means followed by the same lowercase letter in the columns compare the response variables in each cultivar with the cultivation sites. (2) Means followed by the same uppercase letter in the rows compare the response variables in each cultivation site with the cultivars. Differences were considered significant when the p-value < 0.05 Scott–Knott test.
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