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Abstract: For fruit crop management to be optimised, early yield prediction is essential. In order to predict peach yields 
(‘N48-52’) across four tree levels using non-destructive, pre-bloom architectural measurements, this study assesses 
three machine learning (ML) models: random forest (RF), extreme gradient boosting (XGBoost), and support vector 
machines (SVM). Structural dimensions, fruit count, and weight were among the data gathered in 2019, 2021, and 
2022. In order to train the models, 80% of the dataset was used, and the remaining 20% was used for validation. 
According to the results, SVM performed best for the 3rd level (coefficient of determination (R2) = 0.91), while RF was 
the most accurate for the 1st, 2nd, and 4th levels (R2 = 0.79, 0.91, and 0.93, respectively). To further enhance the accuracy 
of the proposed models, additional data points were randomly collected from different trees in 2023. These data 
included measurements of the complete path to a given level along with its fruit production, allowing for verification of 
the precision and stability of the proposed models. In 2023, the models maintained an accuracy of R2 = 0.9054, 0.7684, 
0.8768, and 0.7964, respectively, for RF (1st level; 2nd level; 4th level) and SVM (3rd level). A comparison between the 
estimated production from the trees and the actual production showed a statistically similar result (accepted statistical 
error for the analysis of variance statistical test (α = 0.05). 
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INTRODUCTION 

Data utilisation in agriculture, particularly in early yield 
estimation, presents several challenges. Researchers aim to 
identify the most robust yield prediction model using a minimal 
number of input features, raising the complex issue of data 
dimensionality reduction to enhance modelling efficiency while 
saving data collection costs (He et al., 2022). Yield estimation 
through fruit counting presents a major obstacle due to the need 
for fruit formation, while estimation is more valuable for 
improving size, managing labour, estimating cold storage space 
requirements (Wang et al., 2013), and selling or exporting 
produce (Nuske et al., 2014). Moreover, the sampling proce-
dure has limitations, compromising the accuracy of yield 
estimation for the entire orchard (Payne et al., 2013). Addition-
ally, spring frosts in fruit-growing regions pose problems, 
necessitating damage estimation by comparing the amount of 
fruit remaining on the tree with what would have been produced 
under normal conditions (Jiménez and Díaz, 2003). 

The trend for early yield estimation has primarily relied on 
image processing through fruit recognition using RGB cameras 
for ease of use and reduced investment costs (Gongal et al., 2015; 
Kamilaris and Prenafeta-Boldú, 2018). However, machine learn-
ing has recently become more prevalent in the agricultural sector, 
including yield estimation, weed detection and classification, 
quality and disease estimation (Liakos et al., 2018). It is 
considered to provide more accurate results than previous image 
processing techniques (Kamilaris and Prenafeta-Boldú, 2018). 

Over time, the development of early yield estimation 
methods in agriculture, particularly direct methods, has seen 
significant advancements. Studies have shown that canopy 
structure and tree vegetation index are correlated with final 
yield, providing indicators for predicting orchard yields (Matese 
and Di Gennaro, 2021). Remote sensing in the visible and near- 
infrared spectrum has been widely used to obtain multiple 
vegetation indices, enabling fruit growth monitoring and yield 
estimation (Serrano, González-Flor and Gorchs, 2012; Hacking 
et al., 2019). An innovative approach involves directly detecting 
and counting fruits on trees using image processing methods and 
classifiers based on machine learning algorithms that recognise 
fruits based on their colour, shape, and texture characteristics 
(Liu et al., 2018; Xu et al., 2019). Computer vision technolo-
gies have been extensively explored for automatic yield mapping 
of fruit and vegetable crops (Darwin et al., 2021). Recent studies 
highlight that vision systems dominate current research in 
orchard yield assessment, with models and artificial vision 
technologies constantly evolving (Anderson, Walsh and Wulf-
sohn, 2021). These advancements have led to a diversification of 
application platforms for direct yield estimation, including 
manual ground-based approaches, vehicle-mounted platforms 
(robots, tractors, quads, etc.), and unmanned aerial vehicle 
platforms, each tailored to specific applications (He et al., 2022). 

The development of indirect methods for early yield 
estimation in agriculture has been marked by a diversity of 
approaches. Studies have established close relationships between 
tree size and trunk cross-sectional area (TCA). The TCA is used 
to compare different plots based on parameters such as vigour, 
yield, and flower load (Dennis, Masabni and Ketchie, 1996; 
Caruso et al., 1999; Strong and Azarenko, 2000). Flower density, 
expressed as a function of the number of flowers per TCA, has 

been shown to be an accurate estimate of bud load, influencing 
the productivity of fruit trees (Chang, Iezzoni and Flore, 1987; 
Kappel, 1990). The correlation between shoot length and flower 
density has been favoured in the case of stone fruit trees (Marini 
and Sowers, 2000). Studies have also revealed that stem TCA is 
closely related to the number of flowers and leaves on a tree, 
providing a more manageable alternative to controlling the 
number of individual flowers or leaves (Murray, 1927). Mod-
els have been developed to predict harvest density and fruit 
weight, using factors such as TCA∙ha−1, estimated total shoot 
length per trunk cross-sectional area (SLT, m of shoots per cm2 

TCA), and days between full bloom and harvest for the peach 
(BHP) (Jiménez and Díaz, 2003). The mechanical and con-
ductivity properties of shoots have been found to have a direct 
relationship with branch thickness and also an impact on 
production (Cannell and Morgan, 1987; Upadhyaya, Cooke and 
Rand, 1987; Tyree et al., 1991). Linear, multiple, and partial least 
squares regression methods have been used to establish linear 
relationships between different input data and predicted orchard 
yields (Beek van et al., 2015; Underwood et al., 2016; Anderson 
et al., 2019; Wu et al., 2021). Additionally, the integration of 
machine learning techniques, such as artificial neural networks 
(ANN) and support vector machines (SVM), has been adopted to 
improve model accuracy, offering increased capacity to analyse 
complex and non-linear data. This shift towards more sophisti-
cated methods highlights the diversity of approaches for early 
yield estimation, combining traditional agronomic knowledge 
with modern technological advancements (He et al., 2022). 

Direct and indirect methods for early yield estimation have 
various imperfections. For direct methods, the complexity of the 
original datasets, often rich in environmental and plant informa-
tion, can lead to the presence of redundant or irrelevant features 
to the target output (Maimaitiyiming et al., 2019; Ballesteros 
et al., 2020). Selecting relevant features becomes crucial, involving 
correlation analysis between each feature and yield change, often 
requiring intervention from agronomic experts (He et al., 2022). 
Moreover, fruit occlusion by elements such as branches or other 
fruits presents a frequent challenge in direct estimation, limiting 
the effectiveness of correction factors (Apolo-Apolo et al., 2020). 

On the other hand, methods based on spectral information 
obtained through remote sensing of orchards face difficulties 
related to the variability of climatic conditions and plant growth 
(Beek Van et al., 2015; Sirsat et al., 2019). The correlation between 
vegetation indices (VI) and orchard production varies over 
growth stages, requiring careful selection of the spectral data 
observation time for acceptable indirect prediction (Beek van 
et al., 2015; Sirsat et al., 2019). Furthermore, estimation platforms 
based on vision systems are susceptible to complex environmental 
conditions, such as variations in light intensity, introducing 
a potential source of error (He et al., 2022). 

In summary, direct methods may face challenges related to 
data complexity and fruit occlusion, while indirect methods must 
contend with the temporal variability of spectral information and 
sensitivity to environmental conditions. Combining these meth-
ods, while considering agronomic expertise and specific condi-
tions, can offer a more robust approach for early yield estimation. 

The primary objective of this work is to achieve a reliable 
early yield estimation based on machine learning techniques fed 
by non-destructive measurements (length and diameter) of 
different tree structures before flowering. 
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MATERIALS AND METHODS 

DATA COLLECTION 

To achieve the objective of characterising the structure and 
architecture of peach trees based on various architectural 
parameters, measurements were carried out in the Louata 
agricultural domain (Sefrou). The GPS coordinates of the plot 
are: 33°54'21.8"N 4°39'59.8"W. The site is characterised by a semi- 
arid Mediterranean climate, hot and dry in summer and rainy in 
winter. The area is subject to adverse climatic events for 
agricultural production, such as hail, frost, and “chergui” (hot 
wind) events. The hills are mainly affected by hail at the beginning 
of winter (October) and spring (March), with risks of frost in 
winter (January). Annual rainfall varies according to the Figure 1b. 

During the experimental seasons (2018/2019, 2020/2021, 
2021/2022), the average daily per month temperatures recorded at 

the site varied according to the graphs (Fig. 1a). The season 2019/ 
2020 wasn’t considered for the restrictions due to COVID-19 
disease. 

The irrigation water has an EC that is characterised by good 
quality (S∙m−1). Regarding fertilisation, soil, water, and leaf 
analyses are carried out annually after entry into production to 
determine the status of the soil (correction and maintenance). 
The distribution of fertiliser applications is based on the 
phenological stages of the tree. 

The experiment was conducted on a homogenous plot of 
seasonal peach trees (‘N48-52’ grafted on rootstock GF677), 
planted in 2009 with a density of 556 trees per ha (3 × 6 m) using 
a standard goblet training system with four scaffolds. For 
monitoring the trial, trees were selected randomly (randomised 
complete block design) after excluding border trees (the first row 
is 35 m from the borders and the first tree is 21 m from the 
borders), also, other criteria were used, like visual health, vigour 

Fig. 1. Trial field evolution of: a) daily average temperature, b) rainfall; the period between two red vertical lines marks the measurement period in the 
trial field; source: own elaboration 
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homogeneity to choose representative individuals. The trees are 
marked with white adhesive tape at the base of the trunk to 
facilitate their identification. 

Measurements were taken immediately after winter pruning 
at the same stage (according to the BBCH1 = 0) using a digital 
calliper (error = 10−3 mm). Three parameters were measured each 
time: trunk circumference, diameter at the base of all organs and 
branches of the tree, their lengths (with a tape measure), and the 
distances of their insertions. All the pruning and thinning 
practices were the same for all the trees in the experimental plot. 
The fruit thinning was performed 46 days after full bloom. 

In a recent study Laurent et al. (2021) noted that the timing 
of the observation of characteristics used for yield prediction 
modelling should be determined by the growth status of the fruit 
trees, rather than by a fixed date for each year. 

These measurements were taken in the following order of 
branching: starting with the trunk circumference and its length, 
then the diameter at the base of the scaffold and its length up to 
the insertion of the first sub-scaffold or a branch, and so on until 
the last branch, for which the base diameter and length were also 
measured. Then, we move to the second scaffold located on the 
left (clockwise direction) and so on until all four scaffolds of the 
tree are completed. 

All branches, including mixed branches identified for the 
trees, were labelled and numbered with black, resistant adhesive 
tape (Photo 1). The total number of structures is shown in the 
Table 1. 

While other studies have been conducted with reduced total 
number of branches, Jiménez and Díaz (2003) marked 30 trees 
but only measured 20 shoots. Similarly, Planchon, Claustriaux, 
and Crabbé (2003) reduced the number of trees in their study 
from 70 one-year-old trees to just 5 five-year-old trees during the 
fifth year of the study. 

At harvest, the number of fruits and their weight were 
recorded for each level of the marked trees to establish the 
relationship between the different variables measured and tree 
production. 

MACHINE LEARNING MODELS 

Using the data collected from different tree structures, the study 
aims to utilise various machine learning models to predict the 
production of each tree level with the highest possible accuracy. 
The chosen tree levels are levels 1 to 4, excluding the base level 
(trunk) and the 5th (5th sub-scaffold) and 6th level (mixed 
branches). 

Data preparation and processing 

The dataset used in this study concerned peach ‘N48-52’ 
measurements, such as length and the circumference of various 
tree structures, from the trunk to the mixed branches, and the 
corresponding number and weight of fruits for each level. 

We have a dataset containing measurements taken on all tree 
structures over three seasons (2018/2019, 2020/2021, 2021/2022). 

This data was represented in CSV format and structured 
hierarchically, with one file per year and per structural level of 
the tree. For the season 2022/2023, 10 randomly selected trees 
different from the other trees chosen later were used as a basis for 

1 BBCH-scale – De.: Biologische Bundesanstalt, Bundessortenamt 
und CHemische Industrie – standard scale designed to identify the 
phenological stages of plant development 

Photo 1. Mixed branches: a) labelled, b) diameter measurement with digital calliper (phot.: A. Zegoumou) 

Table 1. Number of tree structure measured for the entire field trial 

Year Tree No. Scaffold 1st level 2nd level 3rd level 4th level 5th level MB 

2019 5 20 102 75 21 4 0 491 

2021 10 38 315 324 196 73 14 1353 

2022 10 39 339 449 282 110 25 1328 

2023 10 40 40 37 22 11 6 40 

Total 35 137 796 885 521 198 45 3212  

Explanations: MB = mixed branches. 
Source: own study. 
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collecting 40 complete data paths (length and diameter) of the 
different tree levels (from the trunk to the mixed branches) coupled 
with the fruit yield in grams to provide additional data for verifying 
the robustness and stability of the prediction models obtained at 
the end of data processing for the three earlier seasons. 

The values collected in each record are annotated according 
to the tree measurements. Each row of these records presents a set 
of values, ranging from the base of the tree trunk to the fruit, as 
a complete measurement path. 

Data preprocessing 

Data pre-processing has a fundamental role in developing high- 
performance predictive models from datasets. It encompasses 
a process of cleaning, transforming, and normalising raw data to 
adapt it to the context of machine learning. 

First, we will undertake uniform data structuring. From the 
datasets presented previously, we will generate new sets that group 
data of the same nature, starting with fruit weight data related to 
the 1st level (data collected on length and diameter from the trunk 
to the first sub-scaffold), then fruit weight data from the 2nd level 
(data collected on length and diameter from the trunk to the 
second sub-scaffold), and so on until the 4th level. The 5th level was 
not included due to the limited data available at this level. 

In the case of our dataset, the initial pre-processing step 
involves obtaining a unique result per data path provided, i.e., the 
data feeding the machine should have a unique total fruit weight 
result present at that specific level. This approach aims to focus 
exclusively on the data relevant to our predictive model. 
Regarding fruit weight data, namely [‘PFr1’, ‘PFr2’, ‘PFr3’, 
‘PFr4’, ‘PFr5’, ‘PFr6’], the objective is to consolidate this data 
into a single data point called total fruit weight (PTF – Fr.: Poids 
total des fruits). 

The importance of handling missing values in data cannot 
be overstated in the field of data analysis and machine learning. 
The presence of missing values can lead to biases, decreased 
model accuracy, and loss of potentially valuable information. 
Therefore, choosing the right imputation technique to handle 
these missing values is crucial to ensure reliable and accurate 
results in data analysis (Rakićević, Savić and Bulajić, 2016). To 
address the problem of missing data for fruit weight, several 
imputation techniques were tested, including SimpleImputer 
using “mean” and “median” replacement strategies, “KNNIm-
puter” using the nearest neighbour approach, and “IterativeIm-
puter” using a multivariate method that utilises missing values as 
a function of other predicted values via round-robin regression. 
The performance evaluation of the imputation methods was 
based on the accuracy achieved by the machine learning model 
with each method. 

Machine learning models 

All machine learning models were built using the Python 
programming language, incorporating libraries such as Scikit- 
learn, extreme gradient boosting (XGBoost), TensorFlow, and 
Keras. The use of a graphics processing unit (GPU) was essential 
for model training. The model hyperparameters were meticu-
lously determined through a comprehensive grid search process. 
To achieve this, the dataset (3,183 complete paths) was divided 
into two distinct subsets. The first subset, constituting 80% of the 
data and randomly selected (2,546 complete paths), was 
designated as the training subset and used for model training. 

The remaining 20% (637 paths) were allocated to the validation 
subset, which played a crucial role in hyperparameter optimisa-
tion. Consequently, hyperparameter values were selected with the 
primary goal of minimising errors within the validation subset 
(Yu and Zhu, 2020). In the final phase, the model underwent 
rigorous testing using data from the designated test set, in 
accordance with the chosen strategies. 

Random forest (RF) is a decision tree-based algorithm 
originally introduced by Breiman (2001). This model aggregates 
numerous decision trees, each finely tuned to different subsets of 
the training data. Individually, each tree can be considered 
a modest or weak learner, but when merged as an ensemble, they 
result in a single model with robust predictive capabilities, as 
explained by Gao et al. (2021). Another strength of RF lies in its 
ability to assess the importance of each input variable. Regarding 
the training procedure, RF generally requires minimal hyper-
parameter tuning. In the context of this particular study, the main 
hyperparameters examined include the number of trees (n_esti-
mators), the number of features considered for splitting at each 
leaf node (max_features), and the tree depth (max_depth). The 
values obtained were subjected to hyperparameter testing: for the 
aforementioned hyperparameters (100, 200, 400, and 500 trees), 
(all available features), and (4, 5, 6, 7, 8) were explored, 
respectively (extreme gradient boosting (XGBoost)). 

XGBoost, a relative newcomer to the field, was introduced 
by Chen and Guestrin (Chen and Guestrin, 2015) and has since 
gained considerable attention in machine learning. Like random 
forest (RF), this algorithm relies on decision trees, but it differs in 
how it assembles its tree ensemble. The XGBoost capitalises on 
established concepts of gradient boosting and builds each tree by 
leveraging information derived from previously created trees. The 
XGBoost, similar to the RF model, has the power to evaluate the 
importance of input variables, which improves computational 
efficiency and enhances its ability to combat overfitting. During 
the hyperparameter optimisation process, adjustments were made 
to the number of trees (n_estimators) and the maximum tree 
depth (max_depth). The range of values explored for the number 
of trees included 100, 200, 400, and 500, while the maximum tree 
depth was examined over a spectrum of values including 3, 5, 6, 7, 
8, 9, and 10 (Chapelle et al., 2002). 

Support vector machine (SVM) is a supervised machine 
learning algorithm that finds utility in both regression and 
classification tasks. In the realm of SVM for regression, often 
referred to as support vector regression (SVR) in academic 
literature, the relationship between the dependent variable (y) and 
a set of independent variables (x) is discerned through the 
function f(x). This function is equivalent to linear regression in 
a high-dimensional feature space, which is diligently crafted 
through a non-linear mapping of the input space. To facilitate this 
mapping, kernel functions come into play, notably linear (Lin), 
polynomial (Poly), and radial basis functions (RBF), all of which 
serve to transform the input data into the aforementioned high- 
dimensional feature space. In the context of this particular study, 
the “linear”, “poly”, and “rbf” kernels were utilised. Additionally, 
different variations of the C, ε, and γ parameters were system-
atically explored to identify the optimal settings within their 
respective ranges: “linear”, “poly”, “rbf”; 1.1, 5.4, 170, 1001; 0.1, 
0.0003, 0.007, 0.0109, 0.019; 0.7001, 0.008, 0.001 (Hsu, Chang and 
Lin, 2003; Cherkassky and Ma, 2004). 
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METRICS 

Model accuracy was calculated using the coefficient of determi-
nation (R2) (Eq. 1), mean squared error (MSE) (Eq. 2), root mean 
squared error (RMSE) (Eq. 3), and mean absolute error (MAE) 
(Eq. 4). The equations are as follows: 

R2 ¼ 1 �

P
ŷi � yið Þ

2

P
yi � �yð Þ

2
ð1Þ

MSE ¼
1

n

Xn

i¼1

ŷi � yið Þ
2

ð2Þ

RMSE ¼
ffiffiffiffiffiffiffiffiffiffiffiffi
MSE
p

ð3Þ

MAE ¼
1

n

Xn

i¼1

ŷi � yið Þ ð4Þ

where: ŷi = model predicted value, yi = observed value, ȳ = average 
of the observed values. 

If the MSE score value is smaller, it means you are very close 
to determining the best-fit line, which also depends on the data 
you are working with, so it is sometimes not possible to obtain 
a small value of the MSE score (Chapelle et al., 2002; Thornton, 
2014). 

The result of the prediction model allows for approximating 
the total weight of fruit present at a specific level by exploiting the 
input data (diameter and length of the different structures up to the 
level in question). Indeed, the training of the machine learning 
(ML) models involved 80% of the total available information for 
the three randomly chosen agricultural seasons, while the 
remaining 20% was used to test the validity of the models. In 
addition to the 20% of the data used to test the accuracy of the 
models, specific data points for each level per tree were collected 
during the 2022/2023 season for a second confirmation step. 

STATISTICAL ANALYSIS 

A statistical analysis was performed between the numbers of fruits 
at different levels for each tree and between years to test the effect 
of tree and agricultural season on the number of fruits per level. 
Another analysis focused on the effect of the year on production 
per tree (in g). Since the number of trees differed between years, 
the analysis involved the minimum number of trees per year, 
which was 5 trees in 2019. In case of a significant effect, a least 
significant difference (LSD) mean comparison test (α = 0.05) was 
used to compare the different groups. The XLSTAT pro 2016 
software (Addinsoft 2016.1) was used for statistical analysis. 

RESULTS AND DISCUSSION 

RESULTS 

With the complete dataset, we can obtain a representation of the 
average values for all different tree structures (without specifying 
orientation), ranging from the trunk to the mixed branches 

(Fig. 2). This figure provides a general overview of the tree shape 
with the average values of the different structures. 

The 1st, 2nd and 3rd tree levels support the essential of the 
mixed branches (83.46%) that bear fruit (Fig. 3). The 1st and the 
2nd levels combined present 64.25% of all mixed branches. 

Production evolution 

The number of fruits and weight per tree per level and per year, as 
well as the percentage contribution of each structural level of the 
tree in relation to the average number and weight of fruits of the 
trees, are presented in Table S1. The estimated plot production in 
Mg∙ha−1, derived from the production of the selected trees per 
plot, was tested using analysis of variance (ANOVA) for the five 
stable trees over the three agricultural seasons (2019/2021/2022), 
namely PT1 to PT5 (total fruit weight for each tree from 1 to 5). 

TFWT �NTHa ¼ EP ð5Þ

where: TFWT = total fruit weight per tree, NTHa = number of 
trees per ha, EP = estimated production (Mg∙ha−1). 

The effect was not significant (p = 0.884; F = 0.332), indicating 
that the estimated production from the tree unit is not statistically 
different from the actual harvested production and that the chosen 
trees do not produce an outlier production that deviates 
significantly from the normal production per ha of the studied plot. 

The effect of the agricultural season on fruit weight per tree 
was significant (p < 0.008; F = 3.064) as well as for the number of 
fruits per level at the 2nd, 3rd, and 4th levels (p < 0.055; F = 3.722 / 
p < 0.003; F = 9.494 / p < 0.008; F = 7.352). However, for the 1st level, 
the change in the agricultural season did not affect the number of 
fruits borne by this level. The comparison of means via Fisher’s least 
significant difference (LSD) test is reported in Table S1. 

From Table S1, it can be seen that the estimation of the actual 
plot production from the production of the sample trees is 
underestimated by 27% and 18% for the 2018/2019 and 2021/2022 
seasons, respectively, while for the 2020/2021 season, the average 
estimate is overestimated by 10. Based on the average actual 
production of the three seasons, the production estimation from 
the tree production becomes more accurate with an under-
estimation of 24%, 3%, and 13% for 2018/2019, 2020/2021, and 
2021/2022, respectively. 

Machine learning model results 

Accuracy according to missing value estimation method. 
Information on the accuracy obtained with different methods 
for estimating missing values for three machine learning models 
(random forest (RF), extreme gradient boosting (XGBoost), 
support vector machines (SVM)) are provided in Table 2. 

The KNNImputer method was the most accurate across all 
machine learning (ML) models used. Therefore, the KNNImputer 
method was adopted to estimate missing values for all machine 
learning models of the four selected tree levels. The KNNImputer 
method was more accurate, suggesting that missing values are better 
estimated by the architectural “proximity” of similar branches, 
implying strong structural auto-correlation within the tree. 

Prediction model results 

The accuracy of the different prediction models, as determined by 
the ML method used, is presented in Table 3, based on 100% of 
the data. 
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Based on the summarised results in Table 3, it is observed 
that the RF model exhibits the best accuracy for the 1st, 2nd, and 
4th levels with R2 values of 78.90, 90.77, and 91.16%, respectively. 
However, for the 3rd level, the SVM model provides the best 
accuracy with R2 = 92.64%. 

Fig. 2. Length evolution of all tree structure for ‘N48-52’ peach grafted on rootstock GF677; source: own study 

Fig. 3. Average distribution of the mixed branches (MB) on different tree 
level for the three growing seasons 2019/2020/2021; source: own study 

Table 2. Accuracy according to the method used to estimate 
missing values coupled with different machine learning model 

Model Number of training 
underframe R2 

RF 

SimpleImputer 0.9004 

KNNImputer 0.9116 

IterativeImputer 0.9054 

XGboost 

SimpleImputer 0.8630 

KNNImputer 0.8939 

IterativeImputer 0.7049 

SVM 

SimpleImputer 0.8569 

KNNImputer 0.8941 

IterativeImputer 0.8922  

Explanations: R2 = coefficient of determination, RF = random forest, 
XGBoost = extreme gradient boosting, SVM = support vector machines, 
values in bold = the highest values for each machine learning models 
under different messing values estimation methods. 
Source: own study. 
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Model validation with specific data from the 2022 season 

To verify the robustness of the generated models, 40 com- 
plete paths (length and diameter) per level with their re- 
spective production values were collected for 10 trees during the 
2022/2023 agricultural season and fed into the selected ML 
models. 

In Table 4, the results indicate that the models for levels 2, 3, 
and 4 lost some of their accuracy, with a maximum of 15.3% for 
the 2nd level. However, the 1st level gained in accuracy with an 
increase of 14.8%. 

By compiling the results obtained by the different models 
according to levels, we can obtain the following equation: 

ETP ¼ RF L1þ L2þ L4ð Þ þ SVM L3ð Þ ð6Þ

where: ETP = estimated tree production, RF = random forest, 
SVM = support vector machines, L1–L4 = 1st–4th levels. 

This approximation will always result in an underestimation 
of tree production since the equation approximates the produc-
tion of the 4 structural levels of the tree, which contribute to 91% 
of the tree’s production, and neglects the production of the 
remaining 9% of other structural levels. 

The SVM’s better performance for the 3rd level, while RF 
excels for others, suggests probable difference growth dynamics 
or allometric relationships at this specific architectural level. It is 
possible that the 3rd level represents a transition between main 
structural branches and fruit-bearing shoots, where non-linear 
relationships captured by the SVM kernel are more decisive. 

DISCUSSION 

The prediction method is based on two basic parameters known 
for their high correlations with production, namely the diameter 
of structures (trunk cross-sectional area (TCA)) (Jiménez and 
Díaz, 2003) and the length of branches (Pérez González, 1993; 
Marini and Sowers, 1994). Additionally, dividing the tree 
structures into several levels allowed for greater precision in 
choosing machine learning models based on the evolution of data 
within each level, compared to other studies that rely on a single 
model for the entire dataset. 

In Table S1, the results remind us that production for the 
same peach orchard can vary significantly between years in terms 
of the number and weight of fruits. Estimating plot production 
from the individual production of selected trees within the plot 
proved to be accurate to 88.3% compared to the average 
production of three agricultural seasons. The overestimation by 
10% for the years 2020/2021 is probably due to the quantity of 
rain received (396 mm) that exceeded the years 2018/2019 
(366 mm), and the same for 2021/2022, which received an 
amount equal to 347 mm. Additionally, the years of 2020/2021 
cumulated more chilling hours between the two months 
December and January (300 h) in comparison with the two years 
2018/2019 (282 h) and 2021/2022 (127 h) (unpublished data). To 
exploit this production from individual trees, estimating their 
production using machine-learning models based on non- 
destructive measurements before flowering is very promising. 
Indeed, with two different machine learning (ML) models 
(random forest (RF) and support vector machines (SVM)) fed 
with data (diameter and length) from only four structural levels of 
the trees, we can achieve an average total accuracy of 88.37% of 
the production of the four levels of the tree. Moreover, with only 
40 paths chosen from the 10 sampled trees, the model combining 
RF and SVM generates an average accuracy of level per tree 
production of the four levels at 83.67% (Tab. 5) with an average 
loss of accuracy of 4.7% for a data reduction of 98.7%. This 
provides insight into the stability and robustness of the model 
generated by ML by combining RF and SVM for different levels 
of the tree. 

The proposed prediction model in this study offers several 
advantages. Firstly, the number of trees is reduced (10 trees) 

Table 3. Random forest (RF), extreme gradient boosting 
(XGBoost), support vector machines (SVM) machine learning 
model prediction accuracy per tree level 

Model Training 
tree level R2 

MAE MSE RMSE 

mm∙d−1 

RF 

4th 0.9116 0.3415 0.1839 0.4288 

3rd 0.9181 0.3323 0.1703 0.4127 

2nd 0.9077 0.3183 0.1920 0.4382 

1st 0.7890 0.4956 0.4392 0.6627 

XGboost 

4th 0.8939 0.3807 0.2208 0.4699 

3rd 0.9049 0.3733 0.1978 0.4448 

2nd 0.8923 0.3521 0.2241 0.4734 

1st 0.7867 0.5007 0.4439 0.6662 

SVM 

4th 0.8941 0.3581 0.2204 0.4695 

3rd 0.9264 0.2923 0.1530 0.3912 

2nd 0.8887 0.3499 0.2315 0.4812 

1st 0.7833 0.5029 0.4510 0.6715  

Explanations: R2 = coefficient of determination, MAE = mean absolute 
error, MSE = mean squared error, RMSE = root mean squared error, 
values in bold = the highest coefficient of determination between different 
machine learning models for each tree level. 
Source: own study. 

Table 4. Random forest (RF) and support vector machines (SVM) 
machine learning model accuracy per tree level with only 40 
complete architectural data path from 10 different trees and the 
gap with the complete data set from 2019/2021/2022 

Model Tree level 

R2 

Accuracy 
variation 

% of 
variation 2023 

2019/ 
2021/ 
2022 

RF 4th 0.8768 0.9116 –0.0348 –3.8% 

RF 2nd 0.7684 0.9077 –0.1393 –15.3% 

RF 1st 0.9054 0.7890 0.1164 14.8% 

SVM 3rd 0.7964 0.9264 –0.13 –14.0% 

Average – 0.8367 0.8836 – –  

Explanations: R2 = coefficient of determination, values in bold = the 
highest coefficient of determination between the two data set. 
Source: own study. 

Architecture-based machine learning models for peach yield prediction before bloom 203 

© 2026. The Authors. Published by Polish Academy of Sciences (PAN) and Institute of Technology and Life Sciences – National Research Institute (ITP – PIB). 
This is an open access article under the CC BY-NC-ND license (https://creativecommons.org/licenses/by-nc-nd/4.0/) 

https://www.jwld.pl/files/Supplementary_material_68_Zegoumou.pdf


compared to previous studies (28 trees in the study by Under- 
wood et al. (2016)). Secondly, the measurements are taken be- 
fore flowering. Most prediction techniques are based on 
estimating flower or leaf development canopy (Sarron et al., 
2018; Matese and Di Gennaro, 2021) or vegetation index 
(Rahman, Robson and Bristow, 2018; Maimaitiyiming et al., 
2019; Sun et al., 2020). 

The proposed prediction method is more suitable for stone 
fruit production, especially peaches, because canopy formation 
and vegetation index occur later in the botanical development of 
the trees, after the formation of the 3rd level. Additionally, for 
stone fruit trees like peaches, measuring the canopy is relatively 
late as the foliage appears after flower production. 

The measurements are accurate compared to other assess-
ment methods, such as canopy measurement, which is difficult to 
measure and requires the use of image analysers that are 
expensive and time-consuming (Robinson and Lakso, 1991; 
Giuliani et al., 2000). 

The model remains stable concerning production changes 
related to variations in the agricultural season. Moreover, the 
technical and labour requirements for taking the necessary 
measurements are low, with minimal user-related bias. 

CONCLUSIONS 

Yield prediction has become a necessity for assessing the 
economic potential of production as well as managing logistical 
resources such as labour for harvesting and transportation. The 
proposed yield prediction method relies on structural measure-
ments of the tree architecture early in the peach production 
season, well before flowering and canopy formation. The stability 
of the prediction model, based on the processing of main 
architectural levels of the tree by two types of machine learning 
(ML) models (random forest (RF) and support vector machines 
(SVM)), in the face of production variation linked to agricultural 
practices, is a major asset for the adoption of a robust and 
accurate prediction model. 

Although the proposed model is closely linked to the 
cultivar, locality, and technical management adopted in the farm 
hosting the study trial, the promising results of the model make it 
possible to consider testing it for other cultivars in the same or 
different locations. After the study of the production distribution 
per level for the target stone cultivar, it is also interesting to 
consider significantly reducing the number of measurements per 
tree and focus interest on the 2nd to 4th productive levels 
according to the percentage of contribution to individual tree 
production and replacing it with an average correction factor. 

SUPPLEMENTARY MATERIAL 

Supplementary material to this article can be found online at:  
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