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Abstract 

In the study, rupture energy values of Deveci and Abate Fetel pear fruits were predicted using Artificial 

Neural Network (ANN). The breaking energy of the pears was examined in terms of storage time and 

loading position, and the experiments were carried out in two stages with samples kept in cold storage 

immediately after harvest and 30 days later. Rupture energy values (output data) were estimated using 

four different single and multilayer ANN models. -Four different model results obtained using Leven-

berg - Marquardt, Scaled Conjugate Gradient and resilient backpropagation training algorithms were 

compared with the calculated values. Statistical parameters such as R2, RMSE, MAE and MSE were 

used to evaluate the performance of the methods. Model 1 by ANN gave better results in network 5-1 

the R2 value is 0.90, the square of the root error is 0.018, and 0.093 in the MAE is obtained using three 

inputs. 
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INTRODUCTION 

Pear (Pyrus communis L.) is a type of fruit that was first grown in the Asian continent and spread all 

over the world. There are more than 5000 pear varieties in the world and about 640 of them are grown 

in Turkey (Polatcı et al., 2020). The determination of the physical and mechanical properties of the pear, 

which is widely produced in the world and has commercial importance, is important in the adoption and 

design of various unit operations. The fruit compression test simulates the static loading condition that 

the fruit can withstand during mechanical transport and storage (Tabatabaekoloor, 2014).  

It is important in determining the physical, mechanical and quality characteristics of fruits under harvest 

and storage conditions. For this, various modeling studies are carried out. In recent years, especially soft 

calculation techniques have been used. Among these techniques, artificial neural networks (ANN) are 

widely used (Wu et al., 2017). The artificial neural network application is aimed to make high-accuracy 

predictions using a few inputs. Different input, network structure, training algorithm, number of iterati-

ons, etc. by creating different combinations, suitable ANN models were determined to be used to predict 

physical and mechanical properties. The ANN method was used to estimate the physiological characte-

ristic change in pear, and it was determined that the ANN model made the best estimation based on real 

data (Azadbakht et al., 2022).  
The aim of the study is to model the rupture energy of Deveci and Abate Fetel pear cultivars for loading 

location and storage time conditions using artificial neural network method. In the research, R2, RMSE, 

MSE, MAE parameters were used as an acceptability indicator for the estimation of the rupture energy 

for pear.High accuracy predictions were made in the 4 ANN models created. Using these models accor-

ding to the entered parameters, a high-accuracy estimation of rupture energy for pear can be made. 
 

MATERIALS AND METHOD 

Deveci and Abate Fetel pear varieties used in the research were harvested from SAMMEY fruit produ-

ction farm in Samsun in October. Harvesting was done by hand. Pear varieties are divided into two 

groups for storage and room temperature conditions. Half of the separated pear cultivars were stored at 

1˚C storage temperature and 90% relative humidity for 30 days. A refrigerator was used as a storage 

medium. Trials of the other half were carried out in a laboratory environment at 21±2˚C room tempera-

ture after harvest (Yeşiloğlu et al., 2016). 
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Kern brand electronic precision scales were used for mass measurements of pear varieties. Dimension 

measurements of fruits were made with a digital caliper (Mohsenin, 1980; Yeşiloğlu et al., 2016). The 

water-soluble dry matter content was determined digital refractometers (0.1% Bx, Davras et al., 2019). 

A single column Universal Tester (Lloyd Instrument LRX Plus, Lloyd Instruments Ltd, An AMETEK 

Company, Hampshire, UK) attached to a Magness-Taylor probe (10 mm) was used to obtain the firm-

ness values of the fruits. Force was applied to fruit varieties with a 100 N capacity load cell at a compres-

sion speed of 10 mm/min. Data were obtained with NEXYGEN Plus Material Test Software Version 

2.1 (Lloyd Instrument Ltd, An AMETEK Company) and in the force-deformation graph provided by 

the software was taken as the Magness-Taylor force (Yeşiloğlu et al. 2016; Abbott et al., 1992). With 

the calculation of the area under the curve, rupture energy values were obtained (Yurtlu and Yeşiloğlu, 

2011). Estimation of the repture energy value (RE) for single and double-layer neural structures using 

different input combinations of length (L), thickness (T), width (W), mass (M), water soluble dry matter 

(WSDM), Magness-Taylor force values were made with artificial neural networks (ANN). The layers 

used in the study; input layer, middle layers (hidden layer) and output layer that are shown in Figure 1. 

 

 
Fig. 1 Artificial neural network multi-layer structure with 3-5-8-1 and ANN models inputs  
 

The ANN method requires adjusting the inter-network weight relationships and using a training pattern 

with appropriate output values. Necessary adjustments between the weights are made by adding rules to 

the training and thus a single information is obtained from the data. The model of a neural network is 

influenced by the network's topology, characteristics, and training algorithm (Zhou and Si, 1998) and 

(Hagan and Menhaj, 1994; Parisi et al., 1996). In this study, four different models were created with 

the inputs length, thickness, width, mass, and water soluble dry matterused in the study. The inputs used 

for the models (ANN1, ANN2, ANN3 and ANN4) are given in Fig. 1. For 4 models, estimations were 

made on single-layer networks as 5*1, 8*1, 10*1 and double-layer networks as 5*5*1, 5*8*1, 5*10*1. 

As an example, the model structure of ANN1 with 5*8*1 (double hidden layers) is shown in Figure 1. 

The results obtained by using three different training algorithms as Levenberg-Marquardt (LM), Scaled 

Conjugate Gradient (SCG) and Resilient Backpropagation (RP) were compared with the real values by 

performing 250-500-750 iterations. 174 (74%) of 274 data were used as training data and 60 (26%) as 

test data. The determination coefficient (R2) of the data (Azadbakht et al., 2017), root mean square error 

(RMSE) (Khoshnevisan et al., 2013; Azadbakht et al., 2018), mean absolute error (MAE) (Azadbakht 

et al., 2016) and mean square error (MSE) (Azadbakht et al., 2016) values were calculated to choose the 

best model according to the highest R2 and lowest RMSE, MSE, and MAE values. The aim of the study 

is to model the rupture energy of Deveci and Abate Fetel pear cultivars for loading location and storage 

time conditions using artificial neural network method. In the research, R2, RMSE, MSE, MAE para-

meters were used as an acceptability indicator for the estimation of the rupture energy for pear. High 

accuracy predictions were made in the 4 ANN models created. Using these models according to the 

entered parameters, a high-accuracy estimation of rupture energy for pear can be made. 

 

RESULTS AND DISCUSSION 

The descriptive statics properties of the mechanical properties measured for Deveci and Abate Fetel 

pear cultivars at storage and room conditions are shown in Table 2. Coefficient of variation (CV) 

measures the variation of an attribute. A CV ≤ 15% indicates a low variation, 16-35% a moderate vari-

ation, and a CV ≥ 36% high variation (Wilding, 1985). In the measured mechanical properties, CV values 

varied between 4.7%-39.3% in Deveci warehouse, 5.4%-37.6% in room conditions, and 3.4%-41.5% in 
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Abate Fetel warehouse conditions, 4.6%-41.9% in room conditions. The Skewness values for Deveci 

and Abate Fetel pear cultivars varied between 0 and 0.5 under storage and room conditions. It is accepted 

that the variables given in the table 1 show a normal distribution according to Skewness values. 

In the study, 4 ANN models were created using different inputs. Using 3 inputs and 4 inputs, rupture 

energy was estimated for different model structures and the estimation results according to the training 

and testing datas, performance indicators are given in Table 2. 750 iterations were made in the SCG 

training algorithm, and better results were obtained than the LM and RP training algorithms. R2 values 

were changed between 0.81 and 0.60 in LM and between 0.76 and 0.54 in RP for models and neural 

network. RMSE, MSE and MAE values higher results were obtained than the SCG training algorithms. 

 

Tab 1 Descriptive statistical parameters for Deveci and Abate Fetel fruits 

Variables 

 

Max. Min. Mean SD CV 

Skew-

ness 

Kur- 

tosis 

 

Max. Min. Mean SD CV 

Skew- 

ness 

Kur- 

tosis 

L  

 

Deveci 
Stor-

age 

94.1 70.4 81.5 5.2 6.3 0.2 0.2 

Abate 

Fetel 
Stor-

age 

130.5 117.2 122.9 4.2 3.4 0.3 -1.0 

W 90.2 67.3 74.1 3.5 4.7 1.3 4.8 66.6 58.8 62.7 2.1 3.4 -0.2 0.1 
T 87.8 61.4 71.2 4.0 5.6 0.4 2.7 63.8 53.5 58.7 2.8 4.8 -0.2 -0.1 

M 317.5 181.8 214.6 20.6 9.6 1.3 5.6 227.1 182.3 206.2 13.8 6.7 -0.3 -1.0 

WSDM 12.4 7.6 9.9 1.0 10.5 0.4 -0.1 15.3 12.9 13.9 0.7 4.8 0.5 0.0 
MT 78.5 26.7 53.1 13.0 24.4 -0.2 -0.6 59.3 23.0 40.6 9.5 23.3 0.0 -0.4 

RF 0.3 0.0 0.2 0.1 39.3 0.4 0.02 0.3 0.0 0.1 0.1 41.5 1.0 0.5 

L 

Deveci 
Har-

vest-

ing 

92.2 61.2 79.3 6.5 8.1 -0.4 0.9 
Abate 

Fetel 

Har-
vest-

ing 

130.6 113.6 122.9 5.7 4.6 0.0 -1.3 
W 94.0 75.4 86.2 4.8 5.5 -0.3 -0.7 66.5 53.7 58.1 3.3 5.7 1.5 2.6 

T 94.8 72.7 82.9 4.4 5.4 0.1 0.8 65.1 50.1 59.2 4.3 7.2 -0.7 0.1 

M 360.2 260.1 309.0 23.4 7.6 0.2 -0.5 234.9 175.7 207.8 18.3 8.8 -0.5 -0.8 
WSDM 15.7 9.5 12.0 1.2 10.2 0.7 1.7 13.7 10.8 11.8 0.8 6.6 1.1 1.3 

MT 67.7 20.3 40.9 10.1 24.6 0.3 -0.2 59.0 15.2 37.8 10.7 28.4 -0.3 -0.6 

RF 0.3 0.0 0.1 0.0 37.6 0.6 1.1 0.3 0.0 0.1 0.1 41.9 0.2 -0.3 

SD: Standard Deviation, CV: Coefficient of Variation 

 

In ANN1, ANN2, ANN3, and ANN4 models, R2 values in single and double-layer network structures 

varied between 0.86 and 0.94 and the distribution graphs are shown in Figure 2. By evaluating all data 

estimations, the most accurate rupture energy estimation was made using the SCG training algorithm 

with a single layer in the ANN1 (3*5*1) model for determining Deveci and Abate Fetel pear cultivars 

under storage and room conditions. Distribution and scatter graphs for rupture energy estimated storage 

and room conditions of Deveci and Abate Fetel pear varieties are presented in Figure 3. With the eva-

luation of the results, rupture energy estimation was made using the M, WSDM, and MT (ANN1) inputs. 

When there is missing data from the input parameters used in the study, accurate predictions can be 

made using the other 3 models (ANN2, ANN3, and ANN4). Ziaratban et al., (2016) used mathematical 

modeling of volume and surface area and feed-forward artificial neural network methods in Golden 

Delicious apples and using different training algorithms (GD, CGF, LM) 5, 10, 15 neuron structures, 

they predicted with high accuracy (R2 0.99) for 15 neuron structures in the LM training algorithm. In 

the studies, different network neuron structures were modeled using 5, 10 (Azadbakht et al., 2022), 

between 2 and 20 neurons (Vasighi-Shojae et al., 2020) the and LM training algorithm (Azadbakht et 

al., 2022). 
 

Tab. 2 Statistical results between calculated and predicted rupture energy in training and testing data  
  SCG 

  Training Data Testing Data  

Model Model structure R2 RMSE MSE MAE R2 RMSE MSE MAE 

ANN1 

3-5-1 0.94 0.0152 0.0002 0.1397 0.86 0.0256 0.0007 0.7853 

3-8-1 0.91 0.0191 0.0004 0.1396 0.85 0.0270 0.0007 0.7843 

3-10-1 0.82 0.0295 0.0009 0.1391 0.80 0.0320 0.0010 0.7803 

3-5-5-1 0.88 0.0234 0.0005 0.1394 0.81 0.0259 0.0007 0.7829 

3-5-8-1 0.88 0.0238 0.0006 0.1394 0.75 0.0386 0.0015 0.7808 

3-5-10-1 0.83 0.0354 0.0013 0.1387 0.76 0.0326 0.0013 0.7784 

ANN2 

3-5-1 0.81 0.0287 0.0228 0.1391 0.80 0.0246 0.1061 0.7807 

3-8-1 0.83 0.0266 0.0228 0.1392 0.91 0.0173 0.1057 0.7814 

3-10-1 0.80 0.0367 0.0227 0.1386 0.87 0.0265 0.1056 0.7783 

3-5-5-1 0.83 0.0263 0.0229 0.1392 0.78 0.0434 0.1075 0.7800 

3-5-8-1 0.83 0.0273 0.0228 0.1392 0.79 0.0411 0.1072 0.7799 

3-5-10-1 0.79 0.0378 0.0227 0.1385 0.86 0.0202 0.1052 0.7782 
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ANN3 

4-5-1 0.85 0.0268 0.0007 0.1392 0.92 0.0170 0.0035 0.7777 

4-8-1 0.80 0.0330 0.0011 0.1388 0.88 0.0244 0.0050 0.7783 

4-10-1 0.82 0.0261 0.0007 0.1392 0.82 0.0241 0.0038 0.7745 

4-5-5-1 0.87 0.0250 0.0006 0.1393 0.94 0.0155 0.0029 0.7790 

4-5-8-1 0.82 0.0282 0.0008 0.1391 0.87 0.0220 0.0043 0.7737 

4-5-10-1 0.78 0.0358 0.0013 0.1387 0.73 0.0236 0.0062 0.7763 

ANN4 

4-5-1 0.79 0.0291 0.0008 0.1391 0.81 0.0249 0.0045 0.7788 

4-8-1 0.81 0.0278 0.0008 0.1392 0.90 0.0189 0.0040 0.7773 

4-10-1 0.77 0.0365 0.0013 0.1386 0.84 0.0343 0.0078 0.7785 

4-5-5-1 0.85 0.0241 0.0006 0.1394 0.87 0.0238 0.0033 0.7793 

4-5-8-1 0.79 0.0409 0.0017 0.1383 0.85 0.0342 0.0086 0.7780 

4-5-10-1 0.78 0.0334 0.0011 0.1388 0.82 0.0236 0.0060 0.7761 

 

 
Fig. 2 Rupture energy results for all data by the best ANN models 

 

 

 
Fig. 3 Scatter plots between calculated and predicted rupture energy results by ANN1 a) storage duration 

and loading position of Deveci pear b) storage duration and loading position of Abate Fetel pear  
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Gorzelany et al., (2022) were reported to predict of mechanical properties of fresh and stored fruit of 

large cranberry by used artificial neural network. Zarifneshat et al., (2012) estimated the volume of 

apple fruit crunches using an artificial neural network. In the study, they concluded that the ANN model 

is more accurate than the regression model. The R2 value was calculated as 0.994 for the ANN model 

and 0.969 for the regression model. 

 

CONCLUSIONS 

In the study, mechanical properties of rupture energy for loading position and storage time conditions 

of Deveci and Abate Fetel pear cultivars were modeled using artificial neural network method.  

In this study, the best model (3-5-1 model structure) determined in the study was used in the estimation 

of the Rupture energy value. High accuracy predictions were made in the created 4 ANN models. Ac-

cording to the input parameters, using these models, rupture energy estimations for pear can be made 

with high accuracy. According to the purpose of the ANN method, it is important to obtain highly ac-

curate predictions using how little data. Based on this and evaluating the model results in the study, a 

high accuracy (R2, 0.90) estimation was made in the 3*5*1 network structure according to the highest 

R2 and lowest RMSE, MSE and MAE indicators. It is thought that the results of the study will be useful 

in estimating the breaking energy from the mechanical properties of the fruit by using the artificial neural 

network method and in the development of more powerful models. The study will also enable the deve-

lopment of models to be used to determine the mechanical and physical properties of different fruits 

grown in different regions. 
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