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Abstract : Fruit category classification is essential for industrial, commercial and agricultural
applications. This study proposes a novel framework for fruit category classification from
images using Nine-layer Deep Convolutional Neural Network (9-Deep CNN). This model uses
a dataset of 53,056 images of 79 different fruits. Image augmentation methods were used to
enhance the dataset size to 1,06,650 images. Max pooling and stochastic gradient descent
techniques were used to train the model. The 9-Deep CNN was trained for optimized
hyperparameters such as batch sizes, training epochs, and dropouts. The experimental results
show that the proposed fruit category classification model based on the 9-Deep CNN achieves
an average accuracy of 99.56%. This accuracy is much greater than the accuracy of the state-of-
art methods. Furthermore, 9-Deep CNN is tested for performance and reliability.
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1. Introduction

Automatic fruit recognition is a challenge as it is difficult to offer an accurate description of a category
of fruit. Fruit classification can be used in factory production, supermarket sales points, fruit-picking robot and,
dietary guidance [1]. A number of artificial intelligence methods are currently being used for agricultural image
classification [2]. The decision tree is the most useful and simplest machine learning tool for classification. The
Decision Tree is a tree-like graph structure, where all internal nodes indicate a test on an attribute, all branches
denote an outcome of the test, and all leaf nodes hold a class label. The k-NN is a non-parametric supervised
classification technique in machine learning. The k-NN method stores all existing cases and classifies new cases
based on a distance value from labeled neighbors [3]. The logistic regression is another machine learning based
classification algorithm for estimating the parameters of a logistic model. It predicts the probability of an
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outcome that can have only binary values. The Naive Bayes is a simple and powerful machine learning
algorithm for predictive modeling based on Bayes’ Theorem. The NB classifiers are extremely scalable,
requiring a number of parameters linear in the number of variables in a learning task [4]. The Support Vector
Machine is a supervised machine learning algorithm that can be used for either classification or regression tasks
[5]. The SVM algorithm discovers the hyperplane in an N-dimensional space that distinctly classifies the data
points.

The Deep neural networks is a subfield of machine learning techniques inspired by artificial neural
networks. The Deep convolutional neural network is one of the deep neural networks which is applied for
handling computer vision challenges [6]. Deep CNN is a normalized form of multilayer perceptron. Hyper-
parameters are the variables that regulate the Deep CNN structure and training process. This includes activation
function, training epochs, gradient descent, mini-batch size, dropout probability and learning rate [7]. To build
an efficient image classification model using less number of images in training data, data augmentation is
usually necessary to increase the classification performance of the Deep CNN. Deep CNN needs a large number
of training data to achieve better performance. Image augmentation artificially generates training images
through dissimilar methods of processing, such as image crop, flips, rotation, shifts, shear and zoom [8].

Transfer learning is a widespread technique in machine learning where pre-trained models are used as the
beginning on image classification algorithms given the massive computational power that is necessary for them
[9]. The most popular pre-trained models used for classifying images include AlexNet, Inception-V3, ResNet
and VGG16 [10]. In this study, the performance of the proposed nine-layer Deep Convolutional Neural
Network (9-Deep CNN) model has been compared with state-of-art machine learning and popular transfer
learning techniques. The remaining part of the article is structured as follows: Section 2 reviews related works.
Implementation procedures of the fruit category classification model are described in section 3. Section 4
presents the achieved results of the fruit category classification model and related discussions. Finally, section 5
holds the conclusions and future directions.

2. Related Works

The automatic classification of fruits through computer vision is a challenging job because of the several
properties of various categories of fruits. Mostly fruit recognition techniques are a combination of different
analysis methods based on color, shape, size, and texture. For instance, the author in [5] proposed a model for
classifying fruit images using a multi-class kernel support vector machine and achieves a classification accuracy
of 88.2%. In [11], the authors proposed and developed the K-NN and SVM model with a dataset of 178 images
for recognizing different fruits. The authors in [12] proposed a hybrid classification model for classifying fruit
images using an improved artificial bee colony and neural network approaches and achieves an accuracy of
89.1%. The authors in [3] introduced a fruit recognition technique using the nearest neighbor classification
algorithm and different feature analysis methods. One more method was suggested by the authors in [13], which
combines the features that are mined by the fitness-scaled chaotic artificial bee colony and biogeography-based
optimization technique. The classification accuracy of the techniques was 89.5%.

Electronic nose technology is used in several fields, and frequently in the beverage production for
classification and quality-control purposes. In [14], the author developed an Electronic nose classification
model for fruits using different aroma data and artificial neural network with backpropagation. The
classification accuracy of the model was 76.39%. The author of [15] used a Single-hidden layer feed-forward
neural-network with Backpropagation and fractional Fourier entropy for the detection of fruit types. The model
achieves the classification accuracy of 88.99 %. Another technique that was proposed by the authors in [16]
used Biogeography-based optimization and feed-forward neural network techniques for fruit image
classification. The model used 18 classes of 1653 chromatic fruit images. Overall, the classification accuracy
using this approach was 89.11%. The authors in [1] proposed an approach for fruit detection using Faster
Region-based CNN. The F1 score of the approach was 0.838 for the detection of sweet pepper. The model
proposed by the authors in [17] is an approach that applies the multilayer perceptron optimized by an improved
hybrid genetic algorithm with fractional Fourier transform for the need of classifying the different categories of
fruits. The overall accuracy of the model was 89.59%.

Likewise, identification of fruit category from images can be achieved using a 13-layer convolutional
neural network with data augmentation, max pooling, minibatch and stochastic gradient descent [8]. The overall
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accuracy of the method was 94.94%. Another approach based on a faster R-CNN framework for image-based
fruit detection was proposed by the author in [18]. The F1-score of the model was 0.9 which was achieved for
apples and mangoes. In [19], the author proposed a deep convolutional neural network for automatic yield
estimation. The model achieves a 91% average testing accuracy on real images and 93% on synthetic images.
The authors in [20] reviewed different research works that are based on computer vision techniques, applied to
fruits and vegetables quality evaluation challenges. In [21], the authors developed the 9-layered deep
convolutional neural network model with an augmented dataset of 61,486 images and optimized
hyperparameters for recognizing different plant leaf diseases. The model achieved 96.46% classification
accuracy. Recently, a deep neural network was developed in [22] for identifying fruits from images. This
technique was implemented for 95 different classes of fruit images. The average accuracy of this method was
95.88%. In our study, the image based Deep CNN model were designed, trained and tested in order to present a
fruit category classification. The following division explains the basics of the proposed 9-Deep CNN and the
dataset.

3. Materials and Methods

In this section, the procedures of data pre-processing and training the 9-Deep CNN model for fruit category
classification are described. Training and testing of all the models were performed with a python programming
language with augmenter, Keras, OpenCV, Pillow, Scikit-learn, and Tensorflow libraries. The complete
implementation process of all the models was performed using an NVIDIA DGX-1 GPUs. Fruit image data
were downloaded and combined from the open datasets [8, 22]. Histogram representation of the original dataset
is presented in figure 1.

Less number of training images may lead to overfitting. For enhancing the dataset size, the data
augmentation techniques were used. Image flipping, gamma correction, noise injection, rotation, and scaling are
the five types of image augmentation methods used. Finally, a dataset of 1,06,650 images was obtained with
1,350 images for each of the 79 fruit categories. Figure 2 shows the example images of the dataset.

Clasnas of fruit category datanet
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Figure 1: Classes of fruit category dataset
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Figure 2: (a) Apricot, (b) Avocado rlpe, (c) Banana Lady Flnger, (d) Cactus fruit, (€) Carambula, (f) Cherry
Rainier, (g) Cherry Wax Red, and (h) Cocos.

Training the 9-Deep CNN for making a fruit image classification model was proposed. The Keras
architecture is considered as a beginning point, but it was modified to support the 79 classes. Figure 3 shows the
layered structure of the Nine-layer Deep Convolutional Neural Network.
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Figure 3: Architecture of the 9-Deep CNN Model

Three convolution layers, three max-pooling layers, and stochastic gradient descent methods were used
to train the proposed 9-Deep CNN model. The training performance of the proposed 9-Deep CNN using
augmented dataset and optimized hyperparameters is much higher than the other possible combination of
hyperparameters and original dataset. The optimized hyperparameters values of the fruit image classification
model using 9-Deep CNN are given in table 1. The training performance of the 9-Deep CNN is illustrated in
figure 4.
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Table 1: Hyperparameters value of the 9-Deep CNN for fruit image classification

Parameter Value
Training epoch 1000
Learning Rate 0.01-0.0001

Mini-Batch Size 64
Dropout Probability | 0.2

Pooling Layer Max Pooling
Gradient Descent Stochastic
Training Set 94800
Test Set 11850
Training Result Validation Result
a Loss 4 LossS
Accuracy Accuracy
=3 »3
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Figure 4: Training performance of the 9-Deep CNN for fruit image classification

Testing procedures of the proposed 9-Deep CNN model was initiated after the conclusion of the training
procedures. Furthermore, the performance of the 9-Deep CNN model for fruit image classification was tested
with unseen input images and the outcomes were compared with the commonly used machine learning and
transfer learning algorithms in the succeeding section, which were fairly expressive.

4. Results and Discussions

The performance of the 9-Deep CNN was evaluated using the unseen fruit images in the test set. The
training and testing split-ups of the augmented dataset was 94,800 and 11,850 images, respectively.
Performance of the 9-Deep CNN for fruit image classification was compared with modern machine learning
and transfer learning algorithms. Additionally, the succeeding testing processes are associated with respect to
the performances of the 9-Deep CNN models. Finally, the results show that the 9-Deep CNN model is larger
than all of the above-mentioned models. The confusion matrix derivations for Mango fruit of all the above
algorithms are given in table 2. The derivations of the confusion matrix are True Positive (TP), True Negative
(TN), False positive (FP) and False Negative (FN).

Table 2: Confusion matrix derivations of all the models for mango fruit

Model TP TN FP FN
Proposed 150 11649 47 4
Inception-V3 144 11578 93 35
VGG 16 139 11034 580 97
ResNet 136 10875 672 167
AlexNet 133 10637 815 265
SVM 118 10037 1086 609
KNN 110 9768 1210 762
LR 104 9243 1679 824
DT 99 8638 2145 968
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The accuracy is the number of correct fruit image classifications that are made by the 9-Deep CNN
model. The 9-Deep CNN reaches superior classification accuracy of 99.56%. Figure 5 shows the overall
accuracy of all the models. The developed model achieved individual class accuracy between 97% and 100%.
Figure 6 presents the testing accuracy of separate classes. The classification accuracy of all the models for
mango fruit class was calculated by the equation (1):

TP + TN
TP + TN + FP + FN

Classification Accuracy = *100 (1)

Accuracy
12
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o
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= Accuracy 0.9956962 0.9891983 0.94286920.92919830.9088608 0.856962 0.83358650.7887764 0.7372996
Model

Figure 5: Overall testing accuracy of the different models.
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Figure 6: Testing the accuracy of the distinct classes.

Furthermore, the precision value for any individual class is defined as the TP is divided by the TP and
FP value of the 9-Deep CNN model. Figure 7 illustrates that the proposed 9-Deep CNN model achieved greatly
superior precision than all other methods. The range of the precision value of all the models for mango fruit are

generated using the below equation (2):

Precision = L 2
recision = TP 2
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Figure 7: The Precision value of the different models.

Moreover, the recall of any individual class is defined as the TP divided by the TP plus FN. Figure 8
presents the proposed 9-Deep CNN model which has achieved a significantly greater value of recall compared
to all other methods. The given equation (3) is used to compute the recall of all the models:

TP
Recall = TPTFN 3)
Recall
12
1
0.8
0.6
04 I
1
. . l I 1
Proposed Inceptlon VGG 16  ResNet  AlexNet DT
mRecall 0.974026 0.8044693 0.5889831 0.4488449 0.3341709 0.1623109 0.1261468 0.112069 0.0927835
Model

Figure 8: Recall value of the different models.

Likewise, the F1 Score is the harmonic mean amongst the precision and recall as well as important
performance metrics for any classification algorithms. Figure 9 illustrates that the F1 Score of the proposed 9-
Deep CNN model is superior to the other classification algorithms. The equation (4) is used to calculate the F1
Score:

F1sS _ 5 Precision * Recall 4
core = Precision + Recall )
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Figure 9: F1 Score of the different models.

Finally comparing the results of the proposed 9-Deep CNN model with the other transfer learning and machine
learning systems for classification of fruits using images, it can be concluded that the proposed 9-Deep CNN
model offers more improved outcomes than those of traditional machine learning and state-of-the-art transfer
learning.

5. Conclusion

Deep learning is a current research method in computer vision and it knows how to handle the problems
in fruits image classification. The 9-Deep CNN model was proposed to classify 79 different classes of fruits
images. The training process of the 9-Deep CNN has used 94,800 images and optimized hyperparameters. The
proposed model and all other models were tested with 11,850 of test set images. The proposed 9-Deep CNN
model achieves an overall accuracy of 99.56%. The optimized hyperparameters and the augmented dataset had
a bigger impact on the particular outcomes. Compared with other state-of-the-art techniques, 9-Deep CNN has
greater performance and constancy. In future, a number of fruit image classes and counts will be increased. The
most important goal of future work will be to extend the fruit category classification objective from a single
fruit image to a multiple fruits image with improved classification performance.

References:

1. Sa, Z. Ge, F. Dayoub, B. Upcroft, T. Perez, C. McCool, DeepFruits: A Fruit Detection System Using
Deep Neural Networks, Sensors . 16 (2016). doi:10.3390/s16081222.

2. Kamilaris, F.X. Prenafeta-Boldu, Deep learning in agriculture: A survey, Comput. Electron. Agric. 147
(2018) 70-90. doi:https://doi.org/10.1016/j.compag.2018.02.016.

3. P. Ninawe, S. Pandey, A Completion on Fruit Recognition System Using K-Nearest Neighbors
Algorithm, Int. J. Adv. Res. Comput. Eng. Technol. 3 (2014) 2352-2356.

4. R.J. McQueen, S.R. Garner, C.G. Nevill-Manning, I.H. Witten, Applying machine learning to
agricultural data, Comput. Electron. Agric. 12 (1995) 275-293. doi:https://doi.org/10.1016/0168-
1699(95)98601-9.

5. Y. Zhang, L. Wu, Classification of Fruits Using Computer Vision and a Multiclass Support Vector
Machine, Sensors . 12 (2012). doi:10.3390/5120912489.

6. Kamilaris, F.X. Prenafeta-Boldu, A review of the use of convolutional neural networks in agriculture, J.
Agric. Sci. 156 (2018) 312-322. doi:DOI: 10.1017/S0021859618000436.

7. R. Wason, Deep learning: Evolution and expansion, Cogn. Syst. Res. (2018).
doi:10.1016/j.cogsys.2018.08.023.

8. Y.-D. Zhang, Z. Dong, X. Chen, W. Jia, S. Du, K. Muhammad, S.-H. Wang, Image based fruit category
classification by 13-layer deep convolutional neural network and data augmentation, Multimed. Tools
Appl. 78 (2019) 3613-3632. doi:10.1007/s11042-017-5243-3.



Arun Pandian J et a//International Journal of ChemTech Research, 2019,12(5): 238-246. 246

10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

W. Dawei, D. Limiao, N. Jiangong, G. Jiyue, Z. Hongfei, H. Zhongzhi, Recognition pest by image-
based transfer learning, J. Sci. Food Agric. 0 (2019). doi:10.1002/jsfa.9689.

A.X. Wang, C. Tran, N. Desai, D. Lobell, S. Ermon, Deep Transfer Learning for Crop Yield Prediction
with Remote Sensing Data, in: Proc. 1st ACM SIGCAS Conf. Comput. Sustain. Soc., ACM, New
York, NY, USA, 2018: pp. 50:1--50:5. do0i:10.1145/3209811.3212707.

H.M. Zawbaa, M. Abbass, M. Hazman, A.E. Hassenian, Automatic Fruit Image Recognition System
Based on Shape and Color Features BT - Advanced Machine Learning Technologies and Applications,
in: A.E. Hassanien, M.F. Tolba, A. Taher Azar (Eds.), Springer International Publishing, Cham, 2014:
pp. 278-290.

Y. Zhang, S. Wang, G. Ji, P. Phillips, Fruit classification using computer vision and feedforward neural
network, J. Food Eng. 143 (2014) 167-177. doi:https://doi.org/10.1016/j.jfoodeng.2014.07.001.

S. Wang, Y. Zhang, G. Ji, J. Yang, J. Wu, L. Wei, Fruit Classification by Wavelet-Entropy and
Feedforward Neural Network Trained by Fitness-Scaled Chaotic ABC and Biogeography-Based
Optimization, Entropy . 17 (2015). doi:10.3390/e17085711.

F.M. Adak, N. Yumusak, Classification of E-Nose Aroma Data of Four Fruit Types by ABC-Based
Neural Network, Sensors . 16 (2016). doi:10.3390/s16030304.

S. Wang, Z. Lu, J. Yang, Y.-D. Zhang, J. Liu, L. Wei, S. Chen, P. Phillips, Z. Dong, Fractional Fourier
entropy increases the recognition rate of fruit type detection, The 2nd International Conference on
Agricultural and Biological Sciences, BMC Plant Biology. 16 (2016). doi:10.1186/s12870-016-0904-3.
Y. Zhang, P. Phillips, S. Wang, G. Ji, J. Yang, J. Wu, Fruit Classification by Biogeography-based
Optimization and Feedforward Neural Network, Expert Sys J. Knowl. Eng. 33 (2016) 239-253.
doi:10.1111/exsy.12146.

Z. Lu, S. Lu, S. Wang, Y. Li, Y.-D. Zhang, H. Lu, A Fruit Sensing and Classification System by
Fractional  Fourier  Entropy  and Improved  Hybrid  Genetic  Algorithm,  2017.
d0i:10.12792/iciae2017.053.

S. Bargoti, J. Underwood, Deep fruit detection in orchards, in: 2017 IEEE Int. Conf. Robot. Autom.,
2017: pp. 3626-3633. doi:10.1109/ICRA.2017.7989417.

M. Rahnemoonfar, C. Sheppard, Deep Count: Fruit Counting Based on Deep Simulated Learning,
Sensors . 17 (2017). doi:10.3390/s17040905.

Bhargava, A. Bansal, Fruits and vegetables quality evaluation using computer vision: A review, J. King
Saud Univ. - Comput. Inf. Sci. (2018). doi:https://doi.org/10.1016/j.jksuci.2018.06.002.

G. G., AP.J, Identification of plant leaf diseases using a nine-layer deep convolutional neural network,
Comput. Electr. Eng. 76 (2019) 323-338. doi:https://doi.org/10.1016/j.compeleceng.2019.04.011.

H. Muresan, M. Oltean, Fruit recognition from images using deep learning, ActaUniv. Sapientiae,
Informatica. 10 (2018). doi:10.2478/ausi-2018-0002.

kkkkk  KkkkkK



