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Abstract: To address the current situation, in which pear defect detection is still based on a work-
force with low efficiency, we propose the use of the CNN model to detect pear defects. Since it is
challenging to obtain defect images in the implementation process, a deep convolutional adversarial
generation network was used to augment the defect images. As the experimental results indicated,
the detection accuracy of the proposed method on the 3000 validation set was as high as 97.35%.
Variant mainstream CNNs were compared to evaluate the model’s performance thoroughly, and the
top performer was selected to conduct further comparative experiments with traditional machine
learning methods, such as support vector machine algorithm, random forest algorithm, and k-nearest
neighbor clustering algorithm. Moreover, the other two varieties of pears that have not been trained
were chosen to validate the robustness and generalization capability of the model. The validation
results illustrated that the proposed method is more accurate than the commonly used algorithms for
pear defect detection. It is robust enough to be generalized well to other datasets. In order to allow
the method proposed in this paper to be applied in agriculture, an intelligent pear defect detection
system was built based on an iOS device.

Keywords: pear; defect detection; ResNet; deep convolutional generative adversarial network;
convolutional neural network; iOS development

1. Introduction

As the prominent component of the modern agriculture industry, the pear industry is
quite sensitive to the products’ quality and overall profits [1]. One of the crucial evaluation
criteria of pear grade is the defect of pears, for example, blackspot [2], one of the relatively
pervasive pear defects. Once the defect occurs and corresponding treatments are not
taken in time, a series of fruits cracking and falling will follow irreversibly, resulting in
significant economic losses. At present, the detection of pear defects still relies on a labor
workforce, with long working hours, high cost, and low efficiency. With the prosperity of
computer vision technology, plenty of artificial neural network structures have been pro-
posed and applied in various fields, with significant advantages. As regards pear blackspot,
the traditional detection method is time-consuming and inefficient. With the flourishing of
convolutional neural networks in computer vision, various network structures based on
them have been applied to pear defect detection and achieved terrific results.

A convolutional neural network can effectively overcome the demerits mentioned
above. Lecun put forward LeNet in 1999 [3], while Alexei won the ImageNet image
recognition race champion and slashed the top-5 error in 2012 [4]. During this period,
further research led to the boom of convolutional neural networks. The convolutional
neural network was rapidly popularized in wide application scenarios of computer vision
and made a breakthrough in agricultural production. For instance, the LeNet-5 network
model was improved by Lichao Zhang et al. [5] and used for crop variety identification.
The detection accuracy was as high as 93.7%, which was considerably increased in this
domain. Additionally, crop lesions were detected based on DBN (Deep Belief Nets) struc-
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ture by Zhaoyong Zhou et al. [6], and this practice has proved it works better than the
traditional algorithm.

In recent years, with the continuous rise of Kaggle and ImageNet visual data mining
and computer network events, several brilliant convolutional neural network structures
with superior properties have emerged, such as the VGG series [7], ResNet series [8],
GoogLeNet series [9], and DenseNet series [10]. All the network structures above have
obtained the ImageNet Challenge’s championship and proven their outstanding robustness
and generalization capability in many kinds of product identification and positioning
problems. Hitherto, the pear defect detection still mainly depends on the traditional
algorithm, such as the support vector machine (SVM) algorithm [11]. Yet, the convolutional
neural network use in agriculture remains rarely investigated [12-14].

In this study, we adopted the accuracy parameter to conduct experiments, and ResNet50
was compared with mainstream CNNSs, including the champion network of the ImageNet
Challenge and traditional algorithms. Experiments indicated that after data enhancement
and augmentation and using warm-up and other training techniques, ResNet50 could
reach an accuracy of 97.35%.

Since a convolutional neural network requires a lot of data for training, and image
data of defective pears are usually tricky to obtain in reality, the deep convolutional adver-
sarial generation network was used to train fewer real defective images. It automatically
generated defective images to provide training materials for CNNs, which could balance
the unbalanced positive and negative sample ratio and achieve good results.

2. Materials and Methods
2.1. Experimental Materials and System Configuration

In this paper, Korla pear [15] in Xinjiang was selected as the empirical material. The
image acquisition equipment was Apple’s intelligent mobile terminal, and the lighting
equipment was BenQ Wit. The pear was placed on the rotating tripod head in the vertical
direction of the calyx and horizontal direction to the ground. A total of 2000 images were
taken, including 1500 positive samples and 500 negative samples, as shown in Table 1.

The experiment was completed in Ubuntu operating system. The computer is config-
ured as Intel 19, the memory is 16 GB, and the GPU is GeForce RTX 3080. The experimental
conclusions and code in this paper are based on Python 3.9.

Table 1. Dataset details distribution.

Normal Pears Defective Pears
Original data 1500 500
After data augmentation 13,500 6750
Training set 12,150 6075
Validation set 1350 675

2.2. Data Pre-Processing
2.2.1. Data Augmentation

Data augmentation is a standard pre-processing tool in computer vision, mainly to
solve the performance degradation problem caused by inadequate training or overfitting of
the network due to insufficient data. Traditional data augmentation methods include image
translation, image rotation, image flipping, image horizontal, and vertical flipping, image
cropping, and repositioning. This paper referred to the method proposed by Alex et al.
First of all, every image was cropped by cutting out five parts, which were then flipped
horizontally and vertically. As shown in Figure 1, each original image will eventually
generate fifteen augmented images.
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Figure 1. All amplified images corresponding to a single image.

2.2.2. Image Graying

The color value of each pixel on a grayscale image is called grayscale [16]. Image
graying can be used as a pre-processing step in image processing to prepare for later higher-
level operations such as image segmentation, image recognition, and image analysis.

The image we collected is in the RGB color mode, and the three RGB components
are disposed of separately when processed. Nevertheless, in the defect detection problem
faced here, RGB does not reflect the morphological features of the picture but only blends
colors from the principle of optics.

Since the visual features of the defect can still be retained after image graying, con-
verting it into grayscale images can cut down the number of parameters of the model
and accelerate the training and inference session. As shown in Figure 2, the colorful RGB
three-channel images are hence grayed out firstly.

Figure 2. Image comparison before and after image grayscale processing.

2.2.3. Dilation and Erosion

Erosion and dilation [17] belong to the morphological scope, where the logical expres-
sion of the dilation operation is shown as follows:

A®B={z|(B).NA + ?} (1)
The logical expression of the erosion operation is formulated as:
A®B={z|(B), C A} )

In the field of graphics, dilation and corrosion techniques are known as morphological
manipulation of binary images. Dilation expands and magnifies bright areas in a photo
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by adding pixels to the boundaries of objects in the picture. Erosion does the opposite,
removing pixels along the borders of objects in the image and reducing their size. Usually,
these two operations are performed sequentially to enhance essential features of objects in
the picture. In Formulas (1) and (2), A represents the original image, and B represents the
operator. The process of applying it to the binary graph is shown in Figure 3. B corresponds
to a matrix core moving over the image, such as a filter, turning the pixel white if any
surrounding pixel is white in the window.

|
A Aa® B ={z|(B).NnA+0}

Figure 3. Processing of dilation and erosion.

An opening operation [18] can be realized through erosion and dilation, which can
eliminate small objects and separate them at a satisfactory level and smooth the boundaries
of large objects without significantly changing their areas. By applying the opening
operation to the grayscale image, the typical fine spots on the pear surface can be lessened
to avoid interfering with the model’s defect detection, as shown in Figure 4.

OO

Figure 4. Image comparison before and after the opening operation of the defective pear (kernel
coefficients are 1, 3, 6, 9 respectively).

2.3. Data Augmentation Based on DCGAN

In our datasets, the extreme shortage of defective images, which accounted for only a
quarter of the total datasets, and the imbalance of positive and negative samples, make
CNN training difficult. For instance, the loss of the positive sample was higher than that of
the negative samples, which led to an inability to acquire features of the negative samples;
therefore, synthetic data generation is a crucial step before model training. In this paper,
the Gaussian-based sampling method [19] was adopted to generate lesion images based
on available conventional data. The two parameters required are the mean and standard
deviation. The probability density distribution of Gaussian distribution is expressed as:

1 =)

p(x) = Targt ®)
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where x is the eigenvector. By varying the mean and standard data variance, the desired
eigenvectors of defect images can be generated by sampling from the modified Gaus-
sian distribution.

Given the available eigenvectors corresponding to the normal and defective ones,
a synthetic data generator based on DCGAN [20] was conceived. The generator was
used to produce more available eigenvectors corresponding to lesion images to enrich the
training process. In the DCGAN, there were two participants: the generator G; and the
discriminator D. Let p,,;, denote the distribution of eigenvectors extracted from them.
The goal of the generator model G was to generate probability distribution p on the
eigenvector data x. And this probability distribution was the estimated value of p,,.
Usually, the generator and discriminator are represented by two deep neural networks.
The optimization objective of the DCGAN model can be mathematically represented as :

min max V(D,G) = By, logD(x)] + Ei.oyy  llog(1-D(G()] @

In Formula (4), x is the prior value of the input noise variable. During the training
process, two deep neural network models were trained. The generative model G [21]
and the discriminative model D [21] were pitted against each other by DCGAN. In other
words, these two models will optimize their objective functions by playing games; however,
to avoid finding the exact Nash balance that is challenging in the real world, the accuracy
of the data generated in discriminator D was used as a stopping requirement. This means
when the misclassified probability of the data generated from G is higher than a preset
threshold, the training will stop. The training process is shown in Figures 5 and 6.
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Figure 5. A 100 dimensional uniform distribution z is projected and reshaped.
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Figure 6. Flow chart of generative adversarial networks.

2.4. ResNet Model Building

According to five models put forward in ResNet’s paper [8], the model structure was
reformed in this paper. The input of the original model was RGB color three-channel
images, while in this paper, the processed image was the grayscale image with one sin-
gle channel. It is the 1000-classification task that the model mentioned in the original
article aimed to achieve. In contrast, the problem processed in this paper was a binary
classification problem, discriminating between defective pears and regular ones. Conse-
quently, the in_planes parameter in the first convolution module of ResNet will be set to
1 (corresponding to the single-channel grayscale image); the num_classes parameter in
the last fully connected layer will be set to 2, corresponding to the binary classification
problems here.

Widely used in industry, ResNet is an ensemble of residual neural networks, including
ResNet18, ResNet34, ResNet50, ResNet101, and ResNetl152, where the numbers after the
name represent parameter layers in need of training. In particular, the network layers of
ResNet1202 are too deep to facilitate the training of small datasets, so it is inapplicable
in most actual scenes, and the inspection of pears is no exception; therefore, the above
five most frequently used models were taken as reference, whose parameters will be
trained on the ImageNet datasets before being transferred for subsequent training and
comparative experiments.

From a network structure introduced by ResNet, as shown in Figure 7, it can be
seen that the residual structure guarantees that under no circumstances does the deep
network work no worse than its corresponding shallower network. Before the structure
was constructed, the dilemma haunted convolutional neural networks with the deepening
of the network layer. The network performance declined once the depth reached a certain
degree. The residual structure can effectively solve this problem.

weight laver
relu

F(x)
X

identity

Figure 7. Schematic diagram of residual structure.
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ResNet structure consists of 4 layers, and each layer contains multiple blocks divided
into BasicBlock and Bottleneck. The BasicBlock has two convolution layers, two batch
normalization layers, and two activation function layers. Bottleneck contains three con-
volution layers, three batch normalization layers, and three activation function layers.
In the BasicBlock convolution layer, the convolution kernel size is 3 * 3. In the first and
third Bottleneck convolution layers, the convolution kernel size is 1 * 1 for reducing and
recovering the number of channels. In the middle convolution layer, i.e., the second layer,
the convolution kernel size is 3 * 3.

BasicBlock and Bottleneck are two types of block in the ResNet where direct connec-
tions are neither between convolution layers nor blocks but between layers comprising
blocks. The architecture is shown in Figure 8.

64-d 256-d
3x3.64 1%1.64
+relu + relu

[ 3364 || | 3364 |

relu

relu

Figure 8. Two blocks in ResNet series diagrams: the left is BasicBlock and the right is Bottleneck.

In the ResNet series, the types and counts of blocks in each layer vary from one
network to another. ResNet18, whose architectures are shown in Figure 9 and ResNet34,
are built with BasicBlock. While ResNet50, ResNet101, and ResNet152 are composed of
Bottleneck. The block structures of them are shown in Table 2.

Table 2. The number of blocks in each layer of ResNet series.

ResNet18 ResNet34 ResNet50 ResNet101 ResNet152
Blocks 2,2,2,2 3,4,6,3 3,4,6,3 3,4,23,3 3,8,36,3

2.5. Model Training
2.5.1. Transfer Learning

Transfer learning is a machine learning method that can effectively use existing
feature extraction and label classification networks to solve similar problems in different
application scenarios. In addition to diminishing data dependency, transfer learning [22]
can also raise the training efficiency of the network structure while speeding up the training.

After pre-training, the parameters of the convolution layer acting as feature extractor
in the network structure have reached the optimal value, which were fixed during the
first 50 iterations. That is, they did not execute the error back-propagation algorithm.
The original classifier is designed for solving 1000-classification problems, whereas this
paper tries to address the binary classification problem. Consequently, only parameters of
the fully connected layer classifiers were adjusted through the first 50 iterations. In this
way, the sheer quantity of model parameters that demanded to be trained was dramatically
reduced. Hence, training times increased. All parameters in the network were updated in
the subsequent training.
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Figure 9. Schematic diagram of ResNet18.

2.5.2. Parameter Initialization

Due to the particularity of the pear defect detection, the previous network model
structure must be reformed. The parameters of original transfer learning cannot be applied
to the first convolution layer and the last fully connected layer; therefore, it is essential to
initialize the parameters of these two parameter layers properly.

The parameter initialization method used in this paper comes from the Kaiming
initialization method proposed by Kaiming He in his study of the ReLU [23] network
initialization paper. This method is considered suitable for the unsaturated activation
function ReLU and its variants [24].

2.5.3. Training Method

Train the prepared ResNet model. In this paper, a total of 20,250 images were aug-
mented, including 13,500 positive samples and 6750 negative samples. Regarding the
negative samples, 1500 images were sampled from the real world, and 5250 images were
generated by DCGAN.

All samples were divided into training set and validation set with a ratio of 9:1 [25].
That is, 18,225 images were used to train network parameters, and 2025 images were used
to validate network performance.
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The strategy for loss function optimization was the stochastic gradient descent al-
gorithm (SGD) [26]. The momentum parameter was set to 0.9, and the MiniBatchSize
parameter value was set to 50 [27].

3. Results

In the paper, three indexes were adopted, namely precision [28], accuracy, and MCC
(Matthews Correlation Coefficient) [29]. In the first place, the five ResNet models were
compared. The one that outperformed the others was selected, which would then be
compared with CNN models and traditional machine learning models.

3.1. Comparison of ResNet Series Models

Through experiments, it is found that ResNet50 achieves the best performance where
its accuracy on the test set was as high as 97.35%, as shown in Figure 10 and Table 3.
The accuracy of the other two models was similar, (ResNet34 and ResNet101), reaching
96.81%, both higher than the rest. It adequately illuminates the powerful learning ability of
the residual neural network. The accuracy of the model proposed in this paper can meet
the requirements of pear defect detection in factories.

Table 3. Performance comparison of ResNet series models.

ResNet18 ResNet34 ResNet50 ResNet101 ResNet152
Accuracy 96.03% 96.81% 97.35% 96.17% 92.96%
Precision 0.961 0.974 0.973 0.953 0.917
MCC 0.854 0.859 0.863 0.861 0.819
1.0
e~
0.9 4 /
0.8 /
0.7 1
0.6 1
>
¥}
©
5 0.5 1
g
0.4 4
0.3 1 —— ResNet18
ResNet34
0.2 1
—— ResNet50
0.1 1 — ResNetl01
— ResNetl52
0.0 T T T T T T T T T
0 5 10 15 20 25 30 35 40 45 50
epoch

Figure 10. Training process of ResNet series.

3.2. Comparison of CNN Models and Our Proposed Model

It is observed that the performance of our model, ResNet50 based on DCGAN, was
better than other CNN models, including AlexNet, VGG19, and GoogLeNet. Our accuracy
was the highest (97.35%) compared to the other models, as shown in Table 4 and Figure 11.
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Table 4. Comparison of CNN models and our proposed model.

Ours AlexNet VGG19 GoogLeNet
Accuracy 97.35% 92.25% 94.88% 96.04%
Precision 0.973 0.927 0.943 0.958
MCC 0.863 0.848 0.851 0.859
1.0
0.9 4
0.8 -
0.7 A
0.6
>
v
o
- 0.5 1
v
R
0.4
0.3 1
- ours
0.2 A
AlexNet
—— GooglLeNet
0.0 T T T T ! T T Ll 1
0 5 10 15 20 25 30 35 40 45 50
epoch

Figure 11. Training process of CNN models.
3.3. Comparison of Traditional ML Models and Ours

This paper picked three traditional machine learning models to conduct comparative
experiments, including the support vector machine (SVM), random forests (RF) [30], and K-
nearest neighbor (KNN) [31], whose cluster center is set to 2. Then the effectiveness and
efficiency of our model were validated using the above-mentioned processed datasets and
10-fold validation. [25] The experimental results are shown in Table 5.

Table 5. Comparison of traditional ML models and ours.

Ours SVM RF KNN

Accuracy 97.35% 91.26% 87.14% 73.29%
Precision 0.973 0.919 0.851 0.741
MCC 0.863 0.829 0.733 0.591

The accuracy of our model was 97.35%, which fully indicated that it is characterized
by solid generalization capability and robustness. Concerning the other three traditional
machine learning models, the support vector machine achieved an accuracy of 91.26% on
the test set, the best performance among them. In conclusion, the experimental results
revealed that ResNet50 transfer learning based on DCGAN has the best accuracy in the
experiment with the superior structure. Meanwhile, the deep convolutional neural network
can make end-to-end learning possible and reduce the time for manual feature extraction.
It is efficient and effortless to operate, which is beneficial to the industrial production
of factories.
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4. Discussion

This paper validated the effectiveness of the model and tested its timing-based perfor-
mance. The experimental results expounded that when the trained ResNet50 is utilized for
inference, it takes 7-10 s to infer 100 images, meeting the production requirements.

4.1. Visualization of Feature Map

The multi-channel feature maps, the output of ResNet50, were visualized with the
highest accuracy in the experiment [32], as shown in Figures 12 and 13. As can be seen
from the figure, in the shallow layer feature maps, ResNet50 successfully extracted the
lesion information of defective features. Even in Figure 13, the corresponding relationship
between the highlighted color block area of the feature map and the defective feature in the
original image can still be observed, which further proves the effectiveness of our model.

4.2. Ablation Experiments to Verify the Effectiveness of DCGAN

This paper carried out a comparative ablation experiment to validate the effectiveness
of DCGAN-generated data. This paper adopted Cutmix [33] and Mosaic [34] methods to
extend data on the original data set (the control group without data extending), avoiding
data extending caused by adopting the DCGAN method. The number of processed data
set is identical among the three methods. The processed results were introduced to the
ResNet50 and SVM methods. Experimental results reflected that the accuracy of ResNet50
and SVM models is considerably improved when using the DCGAN method, with the best
performance. Meanwhile, the accuracy of the DCGAN method was higher than that of the
control group and the two other methods. The results are shown in Table 6.

Figure 12. Visualization of shallow feature maps.



Information 2021, 12, 397

12 of 15

[P Iy
CTh -
Syl e "]

FEEBEEINE
AT EMHENCE IS

[NERE
Ellﬂaﬂﬂﬂ
a1 F A

E
)
&4
]
2
I

L EEFEEN
HEH&ENIEH!EI

IIIHHHHHMIHMEEIH

=
qe
/7]
M
Ei
Gl
1
¥ ]
1%
W
=5
|
]
Ay

a0l 7
]
T ] e T T W

b |
Ak
Fo=E |
[l
k]
LI i)
BLY
| 3
CEN
BEE
[ |E
b T |
& 1
vl |
[ f Fud
H

]

e

]

[0 %]
N

IFlfad
]
E
]
E
s}

Figure 13. Visualization of deep feature map.

Table 6. Comparison of the models” accuracy between using DCGAN and other situations.

DCGAN Cutmix Mosaic Without Data Extending
ResNet50 97.35%(ours) 95.71% 96.93% 95.37%
SVM 91.26% 88.31% 91.14% 88.39%

4.3. Model Generalization Capability Validation

In order to verify the generalization capability of our model, ResNet50 model was
selected from the above models and tested on two pear varieties that have not been trained
before. As shown in Table 7, the experimental results show that our method is excellent.

Table 7. Accuracy of detection of two pear varieties that have not been trained on the model.

Shanxi Bergamot Pear Dangshansu Pear

Accuracy 97.11% 96.73%

4.4. Intelligent Pear Defect Detection System

In order to realize the end-to-end mode of pear defect detection, and enable the model
proposed in this paper to be applied to the agricultural production environment, an intelli-
gent pear defect detection system on iOS based on Swift was developed. The workflow of
the system is shown in Figure 14.

First, we obtain the video input stream from the iPhone camera. Then, frames are
extracted and sent to the server. After that, the server transfers the received images to
the model proposed in this paper. Finally, the recognition result is returned to the client.
A screenshot of this system is shown in Figure 15.
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Figure 14. Intelligent pear defect detection system flow chart.
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Figure 15. Screenshot on iPhone SE.
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4.5. Experimental Conclusions

With each index higher than traditional machine learning methods and other CNN
models, the proposed model modified from ResNet50 has achieved outstanding perfor-
mance in pear defect detection, living up to industry standards in both effectiveness
and timeliness.

5. Conclusions

In this paper, a small number of negative samples were augmented by a deep convo-
lutional generative adversarial network, and transfer learning was carried out by ResNet
afterwards. The accuracy of pear defect detection was 97.35% in the validation set, which
was visibly higher than traditional machine learning algorithms. To validate the robustness
of the model, two pear varieties that have never been trained were tested, namely Shanxi
bergamot pear and Dangshansu pear (Pyrus Bretschneider Rehd). The accuracy of the
model can still reach 97.11%. The experimental results demonstrated that the proposed
method has remarkable generalization capability and robustness.

From the perspective of pear defect detection industrialization, if the experimental
method and process we proposed were introduced, the figure of negative samples needed
to construct the deep learning model will notably dwindle, and the industrial cost will be
cut consequentially.
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