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Abstract
Fruit growth patterns are often exploited in predictions of final fruit size and to inform planting and harvesting decisions. 
Ten local apricot (Prunus armeniaca) varieties with superior genotypes (two early-ripening, five mid-ripening and three 
late-ripening varieties) were assessed using 20 nonlinear regression models (NRMs) and a radial basis function (RBF) neural 
network model. Fruit diameter and weight measurements for each genotype were collected at four-day intervals from fruit set 
to commercial harvest. Patterns based on diameter and weights were attributed to each genotype. Among the NRM tested, 
only four were able to flawlessly predict apricot diameter and weight during the growing season. In addition, comparison of 
nonlinear regression methods with the neural network indicated than the RBF model displayed fewer prediction errors than 
the NRMs. The RBF model predicted fruit size with a coefficient of determination (R2 value) greater than 0.95. Therefore, 
predictions of growth patterns in fruit trees can be accomplished with neural network modeling.

Keywords  Growth pattern · Neural network · Nonlinear regression · RBF

1  Introduction

Fruit growth patterns have always interested fruit growers 
and researchers. These patterns are mostly used to determine 
the best time for different horticultural operations such as 
fruit thinning, optimal irrigation, application of nutrient and 

growth regulators, and pest and disease control management 
(Pérez-Pastor et al. 2014; Westwood 2009). Patterns can be 
based on fruit weight, volume, or diameter from fruit-set 
to harvesting time (Westwood 2009). Fruit size is primar-
ily controlled genetically but several factors such as crop 
load, nutrition and fertilizers, irrigation, and weather condi-
tions also influence fruit size (Jackson and Coombe 1966; 
Pérez-Pastor et al. 2014; Westwood 2009). Predictions of 
fruit size and weight have been successfully tested with soft 
computing models previously (Godoy et al. 2008; Zadravec 
et al. 2014). Soft models lack precision and are tolerant of 
approximations, uncertainties, and partial truths. The basis 
for these models lies in techniques such as expert systems 
which use fuzzy rather than Boolean logic. These models, 
which include artificial neural networks, genetic algorithms, 
and machine learning, are best used to solve highly variable 
problems involving a greater degree of uncertainty (Ibrahim 
2016). The potential exists for fruit size to be affected by cell 
number and size. Cell division is initiated after flowering 
and fruit set, though the final fruit size is further determined 
by cell expansion (Westwood 2009). It is imperative to deter-
mine a timeline for optimal fruit quality and size in the early 
stages of development as these characteristics are considered 
before products are permitted to be offered and sold in most 
markets (Lötze and Bergh 2004).
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Linear and nonlinear models of fruit growth curves have 
been fitted based on fruit weight or diameter (Lötze and 
Bergh 2004; Torkashvand et al. 2017; Zadravec et al. 2014). 
These models can anticipate final fruit size or weight based 
on initial growth information. Apricot is one of the most 
important stone fruits (Westwood 2009). Growth curves in 
apricot based on weight or fruit volume have been previ-
ously described as a double sigmoid (Baldicchi et al. 2015; 
Nigam and Sharma 1986). This double-sigmoid pattern is 
found in most stone fruits and typically consists of three 
steps. Cell division features prominently in the first stage 
followed by a lagging second stage where the physiologi-
cal process of pit hardening takes place. The third stage is 
dedicated to cell enlargement and increasing intercellular 
space (Westwood 2009).

Growth patterns in early- and late-ripening stone fruits 
are not entirely consistent with the double sigmoid patterns. 
The lag phase is loosely defined and unclear in some early-
ripening cultivars. Hence, growth patterns for each stone 
fruit cultivar should be considered independently. Several 
studies of growth patterns in stone fruit such as peach have 
been reported (DeJong and Goudriaan, 1989; Farinati et al. 
2021). Scant information has been published on apricots, 
especially Iranian varieties, despite an obvious interest in 
stone fruit growth and developmental patterns.

Several linear and nonlinear models have been used to 
construct growth curves for fruit (Torkashvand et al. 2017; 
Zadravec et al. 2014). Most of these models described a sig-
moid growth pattern in apple. Welte (1990) proposed a com-
plex differential dynamic simulation model for predicting 
final harvest size in Jonagold (Malus domestica ‘Jonagold’), 
a semi-dwarf apple variety. Lakso et al. (1995), developed 
an expo-linear model of the apple (Malus domestica Borkh.) 
growth pattern. Goudriaan and Monteith (1990) proposed 
an expolinear model of apple growth patterns. The logistic 
equation, a classical function that works well in describing 
sigmoid development, is widely used to simulate or predict 
plant organ growth (Fujikawa et al. 2004). In addition, with 
the piecewise fitting method, the logistic equation can fit 
complex curves consisting of several consecutive sigmoid 
increases (Tseng and Yu 2014). Linear two-part models and 
exponential-linear models have also been used to model the 
fruit growth curve of temperate trees (Goudriaan and Mon-
teith 1990; Lakso et al. 1995). The initial apple growth stage, 
cell division, is exponential while the second stage continues 
in a linear fashion until harvesting time (Faust 1989). In 
addition to an applied mathematical model, it is also impor-
tant to determine an appropriate fruit parameter that effec-
tively describes fruit growth dynamics (White et al. 2000). 
Fruit growth patterns differ depending on the trait evaluated 
(diameter or weight) (Pinzón-Sandoval et al. 2021). Pinzón-
Sandoval et al. (2021), also noted the logistic model was 
most appropriate for describing fruit growth curves based 

on fresh or dry weight in peach (Prunus persica ‘Dorado’) 
while the Gompertz curve model was the most suitable for 
descriptions based on fruit diameter. Exponential-linear 
models were able to describe apple fruit growth patterns 
based on fresh weight (Zadravec et al. 2014). Three growth 
models (Gompertz, Logistic, and Winter) describe apple 
growth based on fruit diameter (Orlandini et al. 1998). Com-
pound equations for double sigmoid functions are considered 
for stone fruit analyses. In these compound equations, inter-
pretation of each sigmoid cycle or phase may be misleading 
because estimated asymptotes are occasionally substantially 
different from the observed values (Orlandini et al. 1998). 
Generalized exponential models such as Gompertz, logistic, 
and monomolecular have successfully been used to represent 
double sigmoid curves in stone fruit (Hau et al. 1993).

Nonlinear models based on neural networks are gain-
ing popularity and have been used for various practices. 
Artificial neural networks (ANN) are well known for their 
desirable learning, adaptation, parallelization, generaliza-
tion, and fault and noise tolerance capabilities (Gurjar and 
Patel 2021). In recent years, ANN models have been fre-
quently used to assess fruit quality, (Heidari et al. 2020; 
Huang et al. 2021), yield prediction (Ashtiani et al. 2020; 
Khairunniza-Bejo et al. 2014; Torkashvand et al. 2020), and 
fruit biomass estimation (Ashtiani et al. 2020; Castro et al. 
2017). These models generate highly accurate predictions 
based on a series of input data (Gurjar and Patel 2021). Dif-
ferent ANN model types (e.g. KNN, SVM, SOM, ANFIS 
and RBF) exist for appraising biological phenomena. Prior 
exploration into fruit trees aided by biological models have 
reported that RBF (radial basis function) network models 
have an efficiency superior to other models (Heidari et al. 
2020; Amini et al. 2020; Ashtiani et al. 2020). Therefore, the 
RBF method was selected for use in the present study. An 
RBF network model usually has three layers: an input layer, 
a hidden layer with a nonlinear RBF activation function, and 
a linear output layer. RBF uses radial basis functions as acti-
vation functions. An ideal solution for weight adjustment to 
the mean least squares error (MLSE), generalized approxi-
mation, and regularization capabilities are all obtained using 
the linear optimization method (Wu et al. 2012).

Considerable effort has been expended by researchers to 
explore patterns of fruit growth and development. Yet, no 
research thus far has merged the various models available 
into a single effort. ANN models have yet to be discussed 
in these investigations. In this study, approximately twenty 
NRMs deemed suitable for further study were subjected to 
comprehensive inspection. An RBF model was considered 
as an alternative to the NRMs for accurately fitting apricot 
growth data. Fruit growth parameters and sampling type 
were used to derive inputs while each individual model 
was assessed. Predicted model performances were sum-
marized and the best model was selected for future study. 
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The objectives of this study were to: (1) evaluate the fit 
of various fruit growth models of early-, mid-, and late-
ripening apricot varieties under presumed optimal condi-
tions with low crop competition, and (2) assess efficiency 
of the RBF ANN model for estimations of apricot fruit 
growth patterns for later comparison to results from vari-
ous conventional models.

2 � Materials and methods

2.1 � Plant material and orchard management

Ten apricot types (seven local varieties (Var) and three 
superior genotypes (PG)) were selected from the apricot 
collection maintained on the grounds of the Agricultural 
Jihad Centre of Semnan Province, Iran (Table 1). All 
varieties and superior genotypes were grafted on apricot 
seedling rootstocks and pruned to maintain an open-centre 
(vase) form to support optimal fruit numbers. The trees 
were planted at a 3 × 4 m distance and were 12 yr old at the 
time of sampling with all maintenance (i.e. irrigation and 
fertilization) completed regularly. In addition, trees were 
free of pests and nutritional deficiencies. Ideally, it is best 
to observe fruit growth patterns in authentic environmental 
conditions. Current field conditions expose apricot trees to 
competition for resources and space. All necessary precau-
tions were taken to mimic realistic growth conditions and 
eliminate potentially confounding data points.

2.2 � Measured traits

Eight to ten fruit samples for each cultivar and genotype 
were considered for evaluation. Sampling was performed at 
intervals of three to four days from fruit set to commercial 
harvest for each tree. To prevent fruit thinning and devel-
opment of a strong sink, approximately 5 to 12 fruit from 
random and varied locations on each tree were collected 
for trait measurement. Sampling was performed in each of 
the four directions (north, south, east, west) to ensure ade-
quate selection dispersal. Fruit were weighed to a precision 
of ± 0.001 on a scale (Ohaus SP602 AM, Fotronic Corpora-
tion, MA, USA). Diameter, length, and width were obtained 
with a digital calliper. Fruit data were used individually in 
the respective models.

2.3 � Nonlinear regression models (NRMs)

Twenty nonlinear regression models (NRMs) were used to 
portray the apricot growth pattern (Table 2). Other research 
efforts have included only one or two models. This study 
includes 14 NRMs in addition to six conventional models 
(Chapman-Richard (CRM), Double-Sigmoid (DSM), Expo-
nential-linear (ELM), LinBiExp (LBE), Monomolecular-
logistic (MLM), Richard (RCD)) constructs (Buchwald 
2007; Buchwald and Sveiczer 2006; Khamis 2005; Wang 
et al. 2011) to allow for adequate comparison of individ-
ual research capabilities (Table 2). Nonlinear parameters 
(β = a, b, c…), plus fruit growth time (t) as a variable pre-
dictor, form the NRM structure used to capture growth data 
throughout the growth period (Y) (Eq. 1)

Table 1   Trait data from the seven apricot varieties (Var) and three superior genotypes (PG) assessed

* free/cling stone: fruit flesh is easily removed from the pit/pits cling to the fruit flesh
** Juiciness: determine based on apricot descriptor (IBPGR, Guerriero and Watkins, 1984). high: juicy fruit; low: low juicy and crispy fruit; 
medium: intermediate, not so juicy and not so crispy

Name Code Fruit shape Fruit ripening Fruit symmetry Fruit color Stone free/ cling* Juiciness** Num. 
fruit 
samples

Fruit 
ripening 
(day)

Jahangiri Var1 Round Early Symmetry Greenish yellow Free Medium 96 63
Shahroodi Var2 Elliptic Early Symmetry Red yellow Free Medium 116 70
Nakhjavan Var3 Ovate Middle Symmetry Greenish yellow Free High 130 74
Nasiri Var4 Round Middle Symmetry Greenish yellow Free Medium 123 74
Shams Var5 Fat round Middle Symmetry Yellow Free Medium 128 74
Jafari Var6 Oblong Late Symmetry Red yellow Free

free
High 135 85

Norri-Dirras Var7 Oblong Late Symmetry Yellow Free Low 144 91
Sh42 PG1 Ovate Middle Symmetry Orange yellow Free Low 134 77
Sh48 PG2 Ovate Middle Symmetry Purple yellow Free High 129 77
Sh52 PG3 Ovate Late Symmetry Yellow Cling Low 153 88
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where ε is the random error term. The ε variable for error is 
independent and identically distributed.

The Statistical Toolbox fm MATLAB software vR2020b 
(The Matworks, Inc, Natick, MA) was used to obtain the 
NRM parameters. The MATLAB function fit nonlinear 
regression model (fitnlm) was used to calculate the model 
coefficients (Fig. 1). Optimal β values are based on pre-
diction error minimization by the Levenberg–Marquardt 
nonlinear least squares algorithm. However, initial model 
coefficient (β0) values must be determined first. Beginning 
parameter values were obtained from previous research on 

(1)Y = f (X, �)� other fruit and by continuous trial and error until the desired 
results were attained regarding the expected fruit growth 
process.

2.4 � Radial basis function (RBF) neural network

The RBF neural network model is a soft computing 
model able to predict apricot development patterns dur-
ing the growing season. Although growth over time can 
be explained by NRMs, our results indicate these models 
are limited to explanations of overall variation. An alter-
native ANN method was identified to provide additional 

Table 2   Mathematical models 
of fruit weight and diameter 
used for apricot growth 
patterning

* a, b, c, d, e, f, g and h are NRM model parameters
** LAG: model with lag time

Equation* Label Name

f (t) = a
tc

tc+bc
MM Michaelis–Menten

f (t) = a
t

t+b
MMM Modified MM

f (t) = a
�

1 − exp
�

−b(t − c) − d(
√

t −
√

c)
��

GM Generalization of the Mitscherlich

f (t) = a
1

1+exp(2+b(c−t))
LOG1 Logistic model

f (t) = a
1

1+bexp(−ct)
LOG2 Logistic model

f (t) = a���(−���(1 − b(t − c))) GOM1 Gompertz model
f (t) = a���(−b���(−ct)) GOM2 Gompertz model
f (t) = a���(−b���(−ct)) MGOM Modified Gompertz model

f (t) = a
(

− exp
(

2.7183
b

a

)

(c − t) + 1
)

EXPLAG Exponential model with LAG phase**

f (t) = a(1 − ���(−bt)) EXP0 Exponential model without LAG phase

f (t) = a
1−exp(−b(t−c))

1+exp(ln
(

1

d

)

−b(t−c))

LELAG Logistic-Exponential with LAG phase

f (t) = a
1−exp(−bt)

1+exp(ln
(

1

d

)

−bt)

LE0 Logistic-Exponential without LAG phase

f (t) =
2
∑

i=1

ai
�

1 − exp
�

−bi(t − c)
�� TPEXP Two-pool exponential

f (t) =
2
∑

i=1

ai
1

(1+exp(2−4bi(t−c)))

TPLOG Two-pool logistic

f (t) = a
1

(1+b×exp(−ct))1∕d
RCD Richard

f (t) = a
1

1+exp(−(b+ct+dt2+et3))
DSM Double-Sigmoid model

f (t) = a(1 − exp (−bt)) +
c

1+exp (−d(t−e))
MLM Monomolecular- logistic model

f (t) = a(1 − b × exp (−ct))

(

1

1−d

)

CRM Chapman-Richard model

f (ta∕b × ln(1 + exp)(b(t − ct))) ELM Exponential-linear model

f (t) = a × ln
(

exp
(

b(t−c)

d

)

+ exp
(

e(t−f )

g

)

+ h
)

LBE LinBiExp

Fig. 1   Basic MATLAB code 
for implementing the fitnlm 
function
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detail regarding pattern variation during growth. Addi-
tional merits of a neural network over regression methods 
include direct learning from laboratory data, and statisti-
cal assumptions such as the normal distribution of error 
are unnecessary (Amini et al. 2020; Taki et al. 2018). 
The straightforward neural structure and expedited train-
ing processes of RBF with a neural network of linearly 
arranged radial basis functions make it a better candidate 
than the Multilayer Perceptron (MLP) neural network. 
Suppose a data set with N pattern (xP, yP), so that xP is an 
independent variable and yP is a dependent variable. Each 
neuron in the hidden layer operates nonlinearly based on 
the radial basis function. The network output of “i” in the 
activation function ∅i from the hidden layer of RBF neural 
network can be calculated using Eq. 2 where the distance 
between the input pattern x and the center c are defined as:

where ‖ ⋅ ‖ is the Euclidean distance, and ci and �j are center 
and spread parameters for the j neuron, respectively. Net-
work output can be calculated using Eq. 3

where x is the neural network input (DAFB, day after full 
bloom), y corresponds to fruit growth parameters (e.g. 
weight, diameter) and wjk defines weights between the 
neurons.

(2)�i
(

x − ci
)

= exp

(

−
x − c2

i

2�2
j

)

(3)y =

n
∑

j=1

wj�j(x)

Hidden layer neuron numbers and spread parameter des-
ignations were determined by trial and error. The Bayesian 
regularization training algorithm with the trainbr function in 
MATLAB was used to train the RBF neural network (Fig. 2). 
Of the dataset, 80% was used randomly for the training phase 
and the remaining 20% for the testing phase (Ashtiani et al. 
2020).

2.5 � Evaluation index and model comparison

The coefficient of determination (R2) and root mean square 
error (RMSE) were used to evaluate each model for fit and 
error. The ideal candidate model will have an R2 near one 
indicating close alignment (fit) between predicted and actual 
data and the lowest possible prediction error (RMSE value). 
An issue to overcome is the origin of time coordinates as no 
fruit is formed at flower initiation. Thus, model prediction 
(MP) of fruit growth parameters at the zero timepoint must 
equal zero in the perfected model

where yo and yp represent the real and predicted dependent 
variables, respectively.

3 � Results and discussion

3.1 � Fruit weight and diameter

The mean comparisons for fully ripened fruit weights and 
diameter in each of the 10 apricot varieties are presented in 
Fig. 3. The maximum and minimum fruit weight and diam-
eter were observed in ‘Jafari’ and Sh42, respectively. Fruit 
from the ‘Jafari’ variety were red-skinned, large, oblong, 
and averaged 73.4 g with a range of 51.64 to 90 g when 

(4)RMSE =

�

∑n

i=1

�

yo − yp
�2

n

(5)R2 =

�
∑n

i=1

�

yo − yo
�

×
�

yp − yp
�

∑n

i=1

�

yo − yo
�

×
∑n

i=1

�

yp − yp
�

�2

Fig. 2   Basic MATLAB code for constructing the RBF neural network

Fig. 3   Mean comparisons of 
fresh fruit weights (FFW) and 
diameters (FD) of 10 apricot 
varieties based on least sig-
nificant differences (LSD) with 
6–10 replicates. p ≤ 0.05
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fully ripe. In contrast, the Sh42 genotype highly proliferative 
and produced ovate, symmetrical fruit that averaged 10.18 g 
(Table 1). Rezaei et al. (2020), reported fruit weights for 94 
apricot genotypes in north-eastern Iran varied between 7.30 
and  69.60 g. The 128 Turkish apricots in the eco-geographic 
group of Iran and Caucasus showed consistently low fruit 
weights (Asma and Ozturk, 2005). Of the 128 genotypes, 
only seven produced fruit weighing more than 50 g. Despite 
having larger sizes, ‘Jahangiri’ and ‘Shams’ fruit aver-
aged 42.88 and 47 g and were significantly different from 
‘Jafari’. Fruit weight in the Sh48 genotype and ‘Shahroudi’ 
and ‘Nasiri’ varieties ranged from 34.58 to 38.77 g and all 
generated medium-sized fruit. The smallest fruit sizes were 
reported for the Sh42 genotype; however, the Sh52 geno-
type, and the ‘Norri-Dirras’, and ‘Nakhjavan’ varieties pro-
duced only slightly larger fruit weighing between 27.16 and 
30.94 g (Fig. 3). In a study of 98 apricot genotypes, Rezaei 
et al. (2020) sorted each by fruit size into five classes: very 
small (1), small (31), intermediate (44), large (18), and very 
large (4). Their results indicated 45% or 44 of 98 genotypes 
generated medium-size fruit in the 50-g weight class. Fruit 
diameters ranged from 24.31 to 46.10 mm (Fig. 3). The fruit 
diameters reported in the study of 98 Iranian apricot geno-
types varied from 16 to 49 mm (Rezaei et al. 2020). The 
‘Jafari’ variety had the largest fruit diameter while Sh42 had 
the smallest diameter, consistent with fruit weight results. 
Category separation for varieties and genotypes based on 
fruit diameter nearly mirror those for weight excepting 
‘Norri-Dirras’. However, as the diameter of ‘Jafari’ was con-
siderably larger than any others in the group, categorization 
is less certain than fruit weight (Fig. 3).

Correlations between fresh fruit weights (FFW) and 
diameters (FD) during the growing period and other meas-
ured fruit characteristics are given in Table 2. FFW was 
significantly correlated (p < 0.01) with fruit length, width, 
and dry fruit weight in all apricot varieties and genotypes. 
Correlation coefficients were greater than 0.86 for all com-
parisons. Growth curves based on FFW data are reliable 
representations of all investigated traits. FD is also an effec-
tive characteristic to study as correlations between diameter 
and the remaining traits were all significant and greater than 
0.72. As surveys of FD are non-destructive and easier to 
conduct, FD is best for tree management decisions.

There was a positive relationship between FD and FFW 
(Fig.  4) with little variation appearing before the final 
growth stages where size and weight become quickly dis-
tinguishable. In addition, the rate of FFW gain was greater 
than the increase in FD (Fig. 4) for all studied varieties and 
genotypes; an example of which is indicated at the 25-mm 
diameter timepoint. In elongated fruits, oblong-shaped fruit 
(Table 1), such as the ‘Jafari’ and ‘Norri-Dirras’ varieties, 
had larger diameters early in growth resulting in acceler-
ated weight gain while round fruit remained more gradual 

(Fig. 4). Descriptions of fruit growth patterns and curves are 
trait dependent. Pérez-Pastor et al. (2004), described apricot 
growth patterns in a Mediterranean climate to be double 
sigmoidal with a clear lag phase based on the diameter of 
‘Búlida’ apricot fruit, while a lag phase stage based on fruit 
weight was less apparent. Rate of FFW gain during the third 
growth stage was noted to be superior to the rate of increase 
in FD, a result consistent with work reported in this study.

3.2 � NRM assessment

Twenty regression models were surveyed for accuracy in 
estimating apricot FFW and FD from the point of flowering 
during the growth period. A model must be able to estimate 
a zero value at the start of growth to place an origin point 
at coordinate (0, 0). Of the 20 models, only seven, (LE0, 
EXP0, MM, MMM, LOG2, MLM, and LBE) were initially 
acceptable for use in estimations of fruit growth. RMSE 
and R2 data for each model as well as the minimum value 
predicted by the model (MP) for predicting FFW and FD 
are given in Tables 3 and 4, respectively. Increasing cutoff 
stringency for RMSE and R2 narrowed model choices to 
five (LE0, MM, MMM, MLM, and LBE). Checking model 
reliability based on FFW showed that MLM was best suited 
to Var1, LBE for Var2, Var3, Var4, and Var7, MM for PG1, 
and finally LE0 for PG2, Var5, Var6, and PG3 (Table 3). 
Incorporation of FD led to selection of MLM for Var3 and 
the MMM model for all other varieties for modeling fruit 
growth patterns. The results revealed that the best model 
with the least prediction error is dependent on fruit growth 
parameter and genotype; a vital consideration for NRMs. 
The coefficients of the selected nonlinear regression models 
are also given in Table 5.

3.3 � RBF neural network model assessment

A first in the field, a neural network was employed to predict 
fruit growth. The training and test phase data for RMSE, 
R2, and MP values for FFW and FD are reported in Table 6. 
The number of hidden network neurons was determined to 
be 10 and the ideal spread parameter values spanned values 
from 0.05 to 0.9. The Bayesian regularization backpropa-
gation was selected for the training algorithm after care-
ful consideration and numerous tests with all varieties and 
genotypes. The RBF neural network model was able to 
use a 0, 0 point of origin, resulting in a predicted value of 
MP = 0. The RMSE and R2 values resulting from the RBF 
model confirmed its ability to outperform NRMs (Tables 3 
and 4) in predictions of FFW and FD. Resultant R2 values 
were higher and the RMSE was lower (Table 6). In addi-
tion, to compare the RBF neural network prediction results 
with nonlinear regression models, neural network training 
phase data were used to find the optimal values of the NRM 
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Fig. 4   Correlation between 
fresh fruit weight (FFW) and 
fruit diameter (FD) in various 
apricot varieties and genotypes. 
Each circle shows the cor-
relation between the diameter 
and weight of the fruit in each 
sample (The number of samples 
and other information are given 
in Table 1)
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parameters. As the results of Table 6 show, the segmenta-
tion of data in regression analysis increased the prediction 
error compared to the results of Tables 3 and 4 as well as the 
neural network prediction results. Therefore, it is expected 
that the prediction trend of the neural network compared to 
nonlinear regression models is very similar to the normal 
trend of fruit growth Table 7.

3.4 � Nonlinear regression model and RBF neural 
network performance

Predictions of FFW and FD for apricot after fruit set dur-
ing the growing season after fruit set using NRM and the 
RBF neural network are shown in Figs. 5 and 6. NRMs 
displayed a relationship between the measured points 

that was uniform and continuously ascending. The RBF 
neural network, as expected, predicted apricot FFW and 
FD according to natural changes and biological growth 
behavior during the growing season. Incremental growth 
of FFW and FD during the growing season was better 
justified by the RBF neural network and captured local 
changes not recorded with NRMs. The RBF neural net-
work, like other types of neural networks, basically pro-
vides a non-deterministic mapping between independent 
and dependent variables. Absence of any preliminary 
assumed relationship beforehand between input–out-
put quantities, noise resistance capability and learning 
capability are some advantages of an RBF model over 
an NRM. However, RBF models have disadvantages, 
such as their black box nature, a tendency to overfit and 

Table 3   Correlation of apricot 
fresh fruit weight (FFW) and 
fruit diameter (FD) with fruit 
length (FL), fruit width (FWi), 
and fruit dry weight (FDW)

** p ≤ 0.01

Var1 Var2 Var3 Var4 Var5 Var6 Var7 PG1 PG2 PG3

FFW FL 0.94** 0.90** 0.92** 0.89** 0.92** 0.91** 0.86** 0.95** 0.94** 0.92**

FWi 0.93** 0.93** 0.94** 0.95** 0.93** 0.93** 0.95** 0.93** 0.95** 0.92**

FD 0.95** 0.94** 0.97** 0.95** 0.94** 0.94** 0.95** 0.97** 0.96** 0.94**

FDW 0.99** 0.97** 0.98** 0.99** 0.99** 0.99** 0.99** 0.94** 0.99** 0.97**

FD FL 0.99** 0.98** 0.98** 0.98** 0.99** 0.99** 0.95** 0.99** 0.98** 0.98**

FWi 0.99** 0.99** 0.99** 0.99** 0.99** 0.99** 0.99** 0.99** 0.99** 0.99**

FFW 0.95** 0.94** 0.97** 0.95** 0.94** 0.94** 0.95** 0.97** 0.96** 0.94**

FDW 0.92** 0.94** 0.72** 0.89** 0.92** 0.93** 0.93** 0.91** 0.94** 0.95**

Table 4   Appraisal of nonlinear 
regression models (NRMs) used 
to predict fresh fruit weight 
(FFW) for 10 apricot varieties 
and genotypes

Var1 Var2 Var3 Var4 Var5 Var6 Var7 PG1 PG2 PG3

LE0 RMSE 5.24 3.63 2.35 3.06 3.03 5.39 2.08 0.8 2.84 2.38
R2 0.89 0.89 0.92 0.95 0.95 0.95 0.9 0.95 0.94 0.94
MP 0 0 0 0 0 0 0 0 0 0

EXP0 RMSE 6.99 5.96 3.31 5.48 4.52 8.84 2.24 0.81 3.82 3.36
R2 0.8 0.71 0.85 0.84 0.89 0.86 0.89 0.95 0.9 0.89
MP 0 0 0 0 0 0 0 0 0 0

MM RMSE 5.7 4.29 2.6 3.33 3.1 5.41 2.14 0.78 2.99 2.38
R2 0.87 0.85 0.91 0.94 0.95 0.95 0.9 0.95 0.94 0.94
MP 0 0 0 0 0 0 0 0 0 0

MMM RMSE 5.71 4.38 2.6 3.33 3.1 5.42 2.14 0.78 2.99 2.38
R2 0.87 0.85 0.91 0.94 0.95 0.95 0.9 0.95 0.94 0.94
MP 0 0 0 0 0 0 0 0 0 0

LOG2 RMSE 11.78 9.57 6.42 9.43 8.89 15.67 4.92 2.32 8.2 6.89
R2 0.43 0.26 0.42 0.53 0.58 0.57 0.47 0.6 0.52 0.52
MP 0 0 0 0 0 0 0 0 0 0

MLM RMSE 4.13 2.63 3.03 5.26 3.85 8.48 2.26 0.81 3.83 3.34
R2 0.93 0.94 0.87 0.85 0.92 0.87 0.89 0.95 0.9 0.89
MP 0 0 0 0 0 0 0 0 0 0

LBE RMSE 3.46 2.03 1.81 2.87 9.13 22 1.86 0.88 178.33 2.55
R2 0.95 0.97 0.95 0.96 0.56 0.15 0.92 0.94 0.11 0.93
MP 0 0 0 0.03 10.65 27.67 0.09 0.56 194.88 0.42
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the need for sufficient data sets for the training phase. 
The apricot growth curve, as with other stone fruits, is 
double sigmoid (Nigam and Sharma 1986; Pérez-Pastor 
et al. 2004). MLM and LBE regression models were the 
most precise among nonlinear models for anticipating 
fruit growth patterns. Unfortunately, when fit with actual 
field data, FFW failed to show the second growth stage 
or a lag phase (Fig. 5).

3.5 � Fruit growth pattern and Fruit ripening

FFW and FD growth curves for three groups of apricots (two 
early-ripening, five mid-ripening and three late-ripening) are 
presented in Fig. 7. Slopes were highest in early-ripening 
varieties with mid- and late-ripening following behind, a 
pattern also visible in the third growth stage. The ‘Jahan-
giri’ variety, the heaviest apricot in the study, is the earliest 

Table 5   Appraisal of nonlinear 
regression models (NRMs) 
used to predict fruit diameter 
(FD) for 10 apricot varieties and 
genotypes

Var1 Var2 Var3 Var4 Var5 Var6 Var7 PG1 PG2 PG3

LE0 RMSE 2.9 3.13 2.59 2.5 2.21 2.27 2.54 1.31 2.16 2.38
R2 0.92 0.86 0.9 0.94 0.96 0.96 0.84 0.95 0.94 0.93
MP 0 0 0 0 0 0 0 0 0 0

EXP0 RMSE 2.9 3.45 2.81 2.5 2.16 2.27 2.56 1.31 2.17 2.38
R2 0.92 0.83 0.88 0.94 0.96 0.96 0.84 0.95 0.94 0.93
MP 0 0 0 0 0 0 0 0 0 0

MM RMSE 2.78 2.68 2.33 2.45 2.04 2.23 2.32 1.26 2.02 2.18
R2 0.93 0.9 0.92 0.94 0.97 0.97 0.87 0.95 0.95 0.94
MP 0 0 0 0 0 0 0 0 0 0

MMM RMSE 2.78 2.7 2.51 2.45 2.04 2.23 2.32 1.26 2.02 2.19
R2 0.93 0.89 0.91 0.94 0.97 0.97 0.87 0.95 0.95 0.94
MP 0 0 0 0 0 0 0 0 0 0

LOG2 RMSE 7.04 6.4 5.57 6.28 6.32 7.44 4.27 3.46 6.45 6.55
R2 0.52 0.41 0.55 0.62 0.69 0.62 0.56 0.63 0.49 0.47
MP 0 0 0 0 0 0 0 0 0 0

MLM RMSE 2.88 3.43 1.33 2.5 2.16 2.27 2.56 1.31 2.17 2.38
R2 0.92 0.83 0.97 0.94 0.96 0.96 0.84 0.95 0.94 0.93
MP 0 0 0 0 0 0 0 0 0 0

Table 6   Coefficients of NRMs used to predict fresh fruit weight (FFW) and fruit diameter (FD) for 10 apricot varieties and genotypes

Var1 Var2 Var3 Var4 Var5 Var6 Var7 PG1 PG2 PG3

Model Param MLM LBE LBE LBE MM LE0 LE0 LE0 LBE LE0

Fruit weight a 5452 144.8 116 115 8.41e4 794.5 202.5 13.84 114.6 48.58
b 9.7e-5 0.54 0.35 0.38 1.48 0.021 0.01 0.04 0.38 0.035
c 2.4e4 97.65 125.7 108 1.33e4 0.021 0.09 0.38 113.2 0.081
d 1.64 11.75 13.62 15.1 – – – – 15.09 –
e 67.31 0.01 0.01 0.01 – – – – 0.01 –
f – 51.36 128.3 99.9 – – – – 89.97 –
g – 57.92 29.8 10.66 – – – – 10.57 –
h 0.00 0.00 0.00 – – – – 0.00 –

MMM MMM MLM MMM MMM MMM MMM MMM MMM MMM
Fruit diameter a 62.37 6.6e4 25.86 52.01 47.55 60.07 36.89 27.87 61.20 112.6

b 1.01 0.55 0.05 1.22 1.47 1.26 0.87 1.25 0.91 0.71
c 34.67 2.1e4 11.84 76.59 118.30 108.30 18.69 35 38.50 53.1
d – – 0.29 – – – – – – –
e – – 0.67 – – – – – – –
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ripening cultivar and can be harvested about 61 days after 
full bloom (DAFB). Fruit weight in this cultivar acceler-
ates quickly from 25 g to more than 56 g in fewer than five 
days (56 to 61 DAFB). This sudden weight increase is also 
observed in ‘Shahroodi’ as this variety increased nearly 30% 
(~ 1.67 g/d) from 12.55 to 44.27 g from 52 to 70 DAFB. 
Although FD in these varieties increased during this period 
as well, the speed was markedly slower than FFW. The third 
stage is when between 45 and 55% of fruit total weight is 
amassed for all varieties but the increase in FD is limited to 
22 to 25% (Fig. 7).

Fruit maturity in mid-ripening varieties occurs between 
70 and 80 DAFB. The FFW-based lag phase and double 
sigmoid pattern were clear for all varieties and genotypes 
except Sh42. Additionally, the elongated lag phase in ‘Nakh-
javan’ is not seen in other varieties. In mid-ripening fruits, 
the third stage of FD development is difficult to decipher 
(Fig. 7). Harvest occurs 85 to 90 DAFBin the late ripening 
apricot group and the lag phase is nearly indistinguishable 

in both FFW and FD. After a surge in growth nearing 25 
DAFB, similar growth patterns are observed in late ripen-
ing varieties though they are not as blatant or as high as in 
‘Jafari’ (Fig. 7).

4 � Conclusion

Recognition of fruit growth patterns based on FFW or FD 
is used to determine when standard horticulture operations 
are needed. In this study, fruit growth patterns of 10 apri-
cot varieties and superior genotypes were investigated. The 
apricots varied in ripening time and fruit size and shape. 
Twenty NRMs were tailored to fit apricot growth patterns 
for comparison in determining the model best suited to 
display actual field data. Seven of the 20 NRMs (LE0, 
EXP0, MM, MMM, LOG2, MLM, and LBE) were suit-
able and selected for further evaluation. An alternative to 
NRMs, the RBF artificial neural network model was also 

Table 7   RBF and NRM 
assessment during predictions 
of fresh fruit weight (FFW) 
and fruit diameter (FD) for 10 
apricot varieties and genotypes

Fresh fruit weight

Var1 Var2 Var3 Var4 Var5 Var6 Var7 PG1 PG2 PG3

RBF Train RMSE 2.14 1.76 1.03 2.4 2.35 4.87 1.35 0.6 1.95 2.17
R2 0.98 0.98 0.98 0.97 0.97 0.96 0.96 0.97 0.97 0.95

Test RMSE 2.02 1.36 1.19 2.58 2.54 4.87 1.04 0.83 2.93 2.22
R2 0.99 0.98 0.98 0.94 0.97 0.95 0.96 0.94 0.95 0.95

Total RMSE 2.12 1.72 1.05 2.42 2.37 4.87 1.33 0.63 2.07 2.18
R2 0.99 0.98 0.98 0.97 0.97 0.96 0.96 0.97 0.97 0.95
MP 0.01 0 0 0 0 0 0 0 0 0

NRM Train RMSE 5.16 1.98 1.92 2.73 3.03 5.34 2.04 0.77 2.88 2.55
R2 0.90 0.96 0.94 0.96 0.95 0.95 0.91 0.96 0.96 0.95

Test RMSE 5.63 2.25 2.27 2.90 3.37 5.75 2.22 0.81 2.94 2.65
R2 0.83 0.95 0.93 0.95 0.93 0.94 0.88 0.94 0.95 0.92

Total RMSE 5.26 2.04 1.99 2.89 3.10 5.42 2.08 0.79 2.89 2.57
R2 0.89 0.96 0.94 0.96 0.94 0.94 0.91 0.96 0.96 0.94
MP 0.00 -0.54 -0.29 -2.79 0.00 0.00 0.00 0.00 -1.72 0.00

Fresh fruit diameter
RBF Train RMSE 1.41 1.4 1.01 1.82 1.33 1.67 1.46 1.16 1.46 1.84

R2 0.98 0.97 0.99 0.97 0.98 0.98 0.95 0.96 0.98 0.96
Test RMSE 1.26 1.26 1.15 1.81 1.56 1.13 1.41 0.89 1.15 1.86

R2 0.98 0.97 0.98 0.96 0.98 0.98 0.95 0.98 0.98 0.96
Total RMSE 1.40 1.39 1.01 1.82 1.38 1.58 1.45 1.14 1.4 1.84

R2 0.98 0.97 0.98 0.97 0.98 0.98 0.95 0.96 0.98 0.96
MP 0 0 0 0 0 0 0 0 0 0

NRM Train RMSE 2.78 2.67 2.58 2.46 2.17 2.23 2.28 1.28 2.00 2.09
R2 0.93 0.91 0.90 0.94 0.96 0.96 0.88 0.95 0.95 0.95

Test RMSE 2.78 2.71 2.64 2.87 2.34 2.22 2.44 1.17 2.10 2.52
R2 0.92 0.84 0.89 0.93 0.95 0.95 0.78 0.94 0.94 0.91

Total RMSE 2.78 2.68 2.59 2.54 2.21 2.23 2.31 1.26 2.02 2.18
R2 0.93 0.90 0.90 0.94 0.96 0.96 0.87 0.95 0.95 0.94
MP 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00



219Horticulture, Environment, and Biotechnology (2023) 64:209–222	

1 3

Fig. 5   Comparison of fruit 
growth patterns from nonlinear 
regression models (NRMs) 
and an RBF model based on 
fresh fruit weight (FFW) and 
number of days after first bloom 
(DAFB)
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Fig. 6   Comparison of fruit 
growth patterns from nonlinear 
regression models (NRMs) and 
an RBF model based on fruit 
diameter (FD) and number of 
days after first bloom (DAFB)

0

10

20

30

40

50

0 10 20 30 40 50 60 70 80

Fr
ui

t d
ia

m
et

er
 (m

m
)

DAFB (d)

(Shahroodi)MM
RBF
Data

0

10

20

30

40

50

0 10 20 30 40 50 60 70

Fr
ui

t d
ia

m
et

er
 (m

m
)

DAFB (d)

(Jahangiri)MM

RBF

Data

0

10

20

30

40

50

0 10 20 30 40 50 60 70 80

Fr
ui

t d
ia

m
et

er
 (m

m
)

DAFB (d)

(Nasiri)MMM
RBF
Data

0

5

10

15

20

25

30

35

40

0 10 20 30 40 50 60 70 80

Fr
ui

t d
ia

m
et

er
 (m

m
)

DAFB (d)

(Nakhjavan)MLM

RBF

Data

0

10

20

30

40

50

0 10 20 30 40 50 60 70 80 90

Fr
ui

t d
ia

m
et

er
 (m

m
)

DAFB (d)

(Sh48)MMM

RBF

Data

0

5

10

15

20

25

30

0 10 20 30 40 50 60 70 80 90

Fr
ui

t d
ia

m
et

er
 (m

m
)

DAFB (d)

(Sh42)MMM
RBF
Data

0

10

20

30

40

50

60

0 10 20 30 40 50 60 70 80 90

Fr
ui

t d
ia

m
et

er
 (m

m
)

DAFB (d)

(Jafari)MMM
RBF
Data

0

10

20

30

40

50

0 10 20 30 40 50 60 70 80

Fr
ui

t d
ia

m
et

er
 (m

m
)

DAFB (d)

(Shams)MMM

RBF

Data

0

10

20

30

40

50

0 10 20 30 40 50 60 70 80 90 100

Fr
ui

t d
ia

m
et

er
 (m

m
)

DAFB (d)

(Sh52)MMM

RBF

Data

0

5

10

15

20

25

30

35

0 10 20 30 40 50 60 70 80 90 100

Fr
ui

t d
ia

m
et

er
 (m

m
)

DAFB (d)

(Norri-dirras)MMM
RBF
Data



221Horticulture, Environment, and Biotechnology (2023) 64:209–222	

1 3

considered and was able to predict highly accurate apri-
cot FFW and FD (R2 > 0.95) during the growing season 
that mimicked the actual process of fruit growth. These 
data suggest that neural networks such as RBF, rather than 
NRMs, be used as alternative models for fruit growth pat-
tern research.
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