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Featured Application: The method proposed in this paper can be extended to the classification of
vegetable and flower seedlings cultivated in plug trays.

Abstract: The classification of plug seedlings is important work in the replanting process. This paper
proposed a classification method for plug seedlings based on transfer learning. Firstly, by extracting
and graying the interest region of the original image acquired, a regional grayscale cumulative
distribution curve is obtained. Calculating the number of peak points of the curve to identify the
plug tray specification is then done. Secondly, the transfer learning method based on convolutional
neural network is used to construct the classification model of plug seedlings. According to the
growth characteristics of the seedlings, 2286 seedlings samples were collected to train the model at
the two-leaf and one-heart stages. Finally, the image of the interest region is divided into cell images
according to the specification of the plug tray, and the cell images are put into the classification model,
thereby classifying the qualified seedling, the unqualified seedling and the lack of seedling. After
testing, the identification method of the tray specification has an average accuracy of 100% for the
three specifications (50 cells, 72 cells, 105 cells) of the 20-day and 25-day pepper seedlings. Seedling
classification models based on the transfer learning method of four different convolutional neural
networks (Alexnet, Inception-v3, Resnet-18, VGG16) are constructed and tested. The classification
accuracy of the VGG16-based classification model is the best, which is 95.50%, the Alexnet-based
classification model has the shortest training time, which is 6 min and 8 s. This research has certain
theoretical reference significance for intelligent replanting classification work.
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1. Introduction

In greenhouse plug seedling cultivation, it is necessary to replant unqualified seedlings or cells
without seedlings in plug trays, to improve the utilization of the trays and promote the unified
mechanization of greenhouse seedlings. The classification of unqualified seedlings, qualified seedlings
and lack of seedlings during the replanting process is an important exercise. At present, relevant
researchers use image segmentation to measure the leaf area or other features of seedlings to identify
unqualified seedlings and lack of seedlings. Jiang et al. used tomato seedlings as test samples and
applied a morphological-based watershed algorithm to complete leaf edge segmentation, extracting
each leaf area, and leaf circumference of the seedlings in a plug tray was used to identify the seedlings;
recognition accuracy reached 98% [1]. Tong et al. aimed at the leaf overlap of the plug seedlings,
proposed a decision-making method combining the central information of the leaflet area and improved
the watershed method to segment the seedlings, and then calculated the seedling leaf area to realize
the seedling identification judgment; the recognition accuracy rate was 95% [2,3]. Qingchun et al. used
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structured light and industrial camera methods to identify seedlings by detecting leaf area and stem
height, and the recognition accuracy was over 90% [4]. Tian et al. extracted the measurements of
scion and rootstock stem diameters to grade scion and rootstock seedlings [5]. Wang et al. compared
the pixel value of seedling with threshold value to determine whether the cell was short of seedlings
according to the binary images of the plug tray. The accuracy rate of judging the null plug cells and
the seedling cells with the Arabidopsis plug seedlings of 25- and 35-days were all 100% [6]. In the
process of seedlings classification with the traditional image processing method, the features used for
the depiction of information will be more or less lost in the image process; the artificial extraction of
certain feature algorithms is complex, and the recognition accuracy depends largely on the judgment of
the selected features. In the process of image segmentation and feature extraction of the plug seedlings,
the classification accuracy of the sample image is easily reduced by the influence of uncertain factors,
such as changes in the light intensity of the working environment, differences in the matrix of the plug
tray, and differences in the growth morphology of the plug seedlings. The robustness of this method
for classifying seedlings needs to be further improved.

Convolutional neural network is a robust method for classification [7-9], which has been widely
verified in the fields of agricultural product classification and agricultural disease identification [10-13].
Convolutional neural network method has the advantage that the seedlings image can be directly
used as the input of the network, avoiding the complicated feature extraction and data reconstruction
process in the traditional recognition algorithm. In addition, with the data augmentation before
training the network, this method has strong robustness in classification. Transfer learning is a machine
learning method based on pre-training model, which can effectively solve the problem of small training
sample size [14-17]. Due to the limited number of samples of plug seedlings in different types of plug
trays and the high cost of sample acquisition, this paper used a transfer learning method based on
convolutional neural network to study the classification of unqualified seedlings, qualified seedlings
and lack of seedlings. The plug seedlings classification method proposed in this paper uses pepper
seedlings as the test object, and divides qualified seedlings and unqualified seedlings according to
the growth characteristics of pepper seedlings. First, image processing was used to identify the plug
tray specification before seedling classification. Secondly, the plug seedling classification model was
established by transfer learning based on the convolutional neural network, seedling samples were
collected, and the established model is trained and tested. Finally, a set of replanting classification
prototype and software were developed to realize the intelligent classification control of greenhouse
seedlings replanting.

2. Materials and Methods

2.1. Configuration and Main Components of the Classification System

The classification system is composed of computer, motor, conveyor belt, photoelectric sensor,
industrial camera and strip light source. The samples were collected using a MER-500-7UC industrial
camera manufactured by Daheng Image company, with a resolution of 2592 pixels X 1944 pixels. The
lens is an 8 mm lens produced by Computar which is a lens company from Japan. The computer CPU
used for image processing, classification model training and testing is 8th Intel Core i7 Processor, the
graphics card is GTX1060, and the model training adopts single GPU acceleration. Main components
of the classification system are shown in Figure 1.
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Figure 1. Main components of the classification system.

The classification method mainly includes two parts: One is the identification of the plug tray
specification, and the other is the classification of the plug seedlings. The main steps involved in the
classification of plug seedlings are shown in Figure 2. After the classification system starts, industrial
camera captures the original image when the plug tray reaches the designated location. The image
specification method is used to identify the plug specification. The image of the plug tray is divided
into cell images according to the specification of the tray. Through image preprocessing, the cell images
are put into the pre-trained convolutional neural network model for classification, and the classification
results of unqualified seedlings, qualified seedlings and lack of seedlings are output. The transfer
learning method is used to construct the classification model, and the training sample is trained after

the data augmentation.
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Figure 2. Main steps involved in the classification of plug seedlings.
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2.2. Sample Preparation

2.2.1. Unqualified Seedling Standard

The Agricultural and Rural Department of Qinghai Province of China suggested that the pepper
seedlings should be replanted during the period of two leaves and one heart [18]. Tang et al. proposed
that pepper seedlings need to be replanted when 1 to 2 true leaves are grown, to improve the effective
utilization rate of greenhouse and reduce energy consumption [19]. Zhang et al. claimed that the
seedling’s survival rate could be 95% when they were transplanted with 2 to 3 true leaves [20].
Considering comprehensively, we choose two leaves and one heart period (with 2 true leaves) of
pepper seedling to transplant in plug tray. Two leaves and one heart refer to the period in which the
pepper seedlings have grown two true leaves and one top bud besides the two cotyledons. According
to this, the standard of qualified and unqualified seedlings in this study was set. The qualified seedling
refers to the pepper seedlings which have obviously grown two true leaves and one top bud during
the two-leaf and one-heart period, as shown in Figure 3a. Unqualified seedlings refer to the seedlings
which have not yet grown true leaves as shown in Figure 3b, or which have only one true leaf as shown
in Figure 3c. Lack of seedlings refers to no seedling growth in the cell as shown in Figure 3d. There are
two types of cells that need to be replanted in the plug tray. The first type is unqualified seedlings, and
the second type is lack of seedlings in the cells.

(b)

Figure 3. Different classes of plug seedlings. (a) Example of seedlings with two true leaves. (b) Examples

of seedlings with no true leaf. (c) Example of seedling with one true leaf. (d) Example of lack of seedlings.
2.2.2. Sample Collection

Samples collection were implemented on the prototype platform. The seedling cultivation time is
March 2019, and the cultivation company is Beijing Zhongnong Futong Horticulture Co., Ltd. The
scientific name of the pepper is capsicum which belongs to the Solanaceae capsicum. A total of 2286
sample images were collected in this research, of which 1243 were qualified seedling samples, 256
were unqualified seedling samples, and 787 were lack of seedling samples. 70% of the sample number
is used as the model training set, and 30% is used as the verification set of the model. The sample
collection data is shown in Table 1.

Table 1. Sample data distribution.

Subject Qualified Seedlings Unqualified Seedlings  Lack of Seedlings Total
Label 001 010 100
Train Set 870 179 551 1600
Validation Set 373 77 236 686
Total 1243 256 787 2286

2.3. Identification of Plug Tray Specification

Before classifying the plug seedlings, it is necessary to divide the ROI (region of interest) image
into cell images according to the specification of the plug tray, and then put it into the seedling
classification model for processing. Therefore, it is very important to identify the specification of plug
tray. The size of length and width of the plug tray in the greenhouse transplanting is fixed, but the
plug tray specifications are different. The commonly used plug tray specifications are 50 cells (5 rows
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x 10 columns), 72 cells (6 rows x 12 columns), and 105 cells (7 rows x 15 columns). Therefore, as long
as the number of rows of the trays is identified, the specification of the trays can be determined.

The original image acquired by the classification system is as shown in Figure 4a, and the ROI
image is extracted by the acquired image according to the calibration position, as shown in Figure 4b.

(a) (b) (c)
Figure 4. (a) Original image. (b) ROI RGB image. (c) ROI grayscale image.

The ROI RGB image is grayed by (R + G + B)/3, as shown in Figure 4c. After the ROI RGB image
is converted to grayscale image, the sum of horizontal grayscale value of the image is calculated to
obtain a one-dimensional array, and the array is drawn into a curve, as shown in Figure 5.
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Figure 5. Grayscale horizontal distribution curve of the 50 cells plug tray.

By analyzing the grayscale image of the ROI, we found that the part in the middle of the cells
has a small gray value, so it will produce a wave peak in the curve. The gray value of the matrix and
seedling leaves is small, but the edge of the cells gray value is large, so it will produce a wave trough
in the curve. From the grayscale cumulative curve, it appears that each row of cells will produce
two peaks and two troughs on both sides. By counting the number of peak points of the grayscale
cumulative curve, the specification of the plug tray can be determined. The calculation was as follows.

M=N-1 1)

where M is the number of rows of the plug tray, N is the number of peak points.
The steps of the grayscale cumulative curve finding peak points algorithm are as follows.

e  Find all the maxima in the array. The maximum point A must satisfy the following conditions:
(data(a) > data(a — 1)) && (data(a) > data(a + 1)) (2)

where A is the maximum value point and data(a) is the grayscale cumulative value of point A.
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e  Find the maximum of all poles and archive the maximum value of this pole and its position.

e  Delete the pole of the archive pole with a distance less than or equal to the minimum distance.
e  Repeat steps 2 and 3 for the remaining extreme points.

e  Sort the extreme points of the archive by location.

As shown in Figure 5, the number of rows of the tray can be calculated by the method to be 5, and
the tray specification was 50 cells.

2.4. Classification Method of Plug Seedlings

2.4.1. Convolutional Neural Networks

Convolutional neural networks (CNN) is a neural network with convolutional structure. The
convolution structure can reduce the amount of memory occupied by deep networks, and can also
reduce the number of parameters of the network and alleviate the over-fitting of the model. This
advantage is more obvious when the input of the network is a multi-dimensional image. The image
can be directly used as the input of the network, avoiding the complicated feature extraction and
data reconstruction process in the traditional recognition algorithm. Currently, convolutional neural
networks are widely used in agriculture. This study is based on four convolutional neural networks
(Alexnet, Inception-v3, VGG16, Resnet-18) [21-24]. The transfer model is used to construct the seedling
model. The main parameters of the four network structures are shown in Table 2. Taking the Alexnet
convolutional neural network as an example, the structure of the convolutional neural network is as
shown in Figure 6a. The network has eight layers, of which the first five layers are convolutional layers
and the last three layers are 2 fully connected layers and 1 softmax layer.

Table 2. Main parameters of 4 convolutional neural networks.

Network Depth Size Parameters (Millions) Image Input Size
Alexnet 8 227M 61.0 227 x 227
Inception-v3 48 89 M 23.9 299 x 299
Resnet-18 18 44 M 11.7 224 x 224
VGG16 16 515 M 138 224 x 224

Conv layer 1

Conv layer 2 Conv layer 3 Conv layer 4

27x27x96 13x13x256 13x13x384 13x13x384
Input C:5x5x48 C:3x3x256 C:3x3x192 C:3x3x192

227x227x3

C:11x11x3 (a)
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Figure 6. Alexnet convolutional neural network and transfer learning model structure. (a) Alexnet
convolutional neural network structure. (b) Transfer learning model structure based on Alexnet.
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2.4.2. Transfer Learning

Transfer learning refers to the automatic extraction of features from new data sets using pre-trained
models. This method is a convenient way to apply deep learning without the need for large data sets
and time-consuming calculations and training. In some cases where the sample size is small, transfer
learning is an effective machine learning method [25-27]. Pre-trained convolutional neural network
models are used. These models have been trained in 1000 classes and 1.2 million samples of ImageNet
datasets, and have strong feature extraction capabilities.

This study is based on four pre-trained convolutional neural network models (Alexnet,
Inception-v3, Resnet-18, VGG16), and the last three layers of the networks’ structure are modified to
make them suitable for the intelligent plug seedlings classification applications. Taking the Alexnet
network model as an example, the last three layers of the Alexnet convolutional neural network are
discarded, and then the bottleneck layer is taken as the feature extraction result of the new model. Then
add a fully connected layer, a softmax layer and a classified output layer to form a new classification
model, as shown in Figure 6b.

e A fully connected layer has been added to map multidimensional features to flat features. The
fully connected layer in the convolutional neural network is the same as the role in the shallow
neural network and is responsible for logical inference. All parameters in this layer need to be
learned. This fully connected layer is used to link the output of the convolutional layer and remove
the spatial information (the number of channels) which is a process of turning a three-dimensional
matrix into a vector.

e A softmax layer has been added to calculate the probability that each sample belongs to each class.
The softmax function was defined as follows.

y(z); = @)

K
where0<y(z); <1, ¥ y(z); =1,K=3.
j=1

e A classification layer is added to calculate the final classification probability of the sample and
calculate the cross entropy [28]. Cross entropy loss function was defined as follows.

N K
loss = —Z Z ti]-lnyij (4)
i=1 j=1

where N is the number of the samples, K is the number of classes, tij is the indicator that the ith
sample belongs to the jth class, and y;; is the output for sample i for class j, which in this case, is
the value from the softmax function. This is to say, it is the probability that the network associates
the ith input with class j.

2.4.3. Data Augmentation

There are relatively few samples of the three types of seedlings. In this study, the sample image
brightness is randomly transformed from —0.5 to 0.5, the direction is randomly flipped up and down,
right and left, and the saturation is randomly transformed from -2 to +2 to achieve sample data
augmentation, thereby enhancing the classification model’s robustness, as shown in Figure 7.
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Figure 7. Data augmentation examples.
3. Results and Discussion

3.1. Plug Tray Specification Test Result

Three types of plug trays (50 cells, 72 cells, 105 cells) were used to cultivate 20-day and 25-day
pepper seedlings, and the test was carried out by using the tray specification identification method.
Plug tray specification test result data are shown in Table 3.

Table 3. Plug tray specification test result data.

20-Day 25-Day

Plug Tra Peoper Identification Pepper Identification  Total Plug Total
8 1Ay PPt Correct PP! Correct Tray Correct Accuracy
Specification Seedling Number Seedling Number Number Number
Plug Tray Plug Tray
50 cells 5 5 5 5 10 10 100%
plug tray
72 cells 5 5 5 5 10 10 100%
plug tray
105 cells 5 5 5 5 10 10 100%
plug tray
Total 15 15 15 15 30 30 100%

It can be seen from the test results that the accuracy of the tray specification identification method
proposed in this paper is 100% for the three tray specifications of 50 cells, 72 cells and 105 cells. This
method can effectively identify the specifications of plug trays.

3.2. Plug Seedlings Classification Test Rusult

The transfer learning classification models based on four convolutional neural networks (Alexnet,
Inception-V3, Resnet-18, VGG16) had been constructed, and the collected samples will be used for
each model training and validation. The iteration steps were set to 1600 steps, and the minibatch size
was set to 10. The learning rate was 0.0001, and the four classification model test results are shown in
Table 4.
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Table 4. Four classification models test result.

Network Model Accuracy Training Time
Alexnet-based model 94.34% 6min 8s
Inception-V3-based model 93.18% 53 min 50 s
ResNet-18-based model 92.02% 10 min 3's
VGG16-based model 95.50% 33 min 50 s

The test results show that the classification accuracy of the four transfer learning methods based
on convolution neural network are more than 92%. Among them, the classification model based on
VGG16 has the highest classification accuracy (95.5%) and the classification model based on Alexnet
has the shortest training time (6 min and 8 s).

The validation accuracy rate iteration change graph is shown in Figure 8. It can be seen from
the graph that the accuracy of validation increased very quickly when training four types of neural
network models. After about 200 iterations, the accuracy of validation had basically reached more
than 80%. In 400 iterations, Alexnet and VGG16’s validation accuracy reached 90%, while Resnet-18
and Inception-v3’s validation accuracy reached 85%. After 1400 iterations, the validation accuracy of
Alex and VGG18 was basically maintained at about 95%, and that of Resnet-18 and Inception-v3 was
maintained at about 90%. The validation loss iteration change graph is shown in Figure 9. It can be
seen from the graph that the validation loss of the four neural network models dropped rapidly when
training them. After 200 iterations, the value of loss function decreased to 0.5. After 1400 iterations,
the value of loss function of Alexnet and VGG18 basically maintained at about 0.2. The loss function
values of Resnet-18 and Inception-v3 basically remained around 0.3.
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RN -,.n,“, rv
it v el NS fac ity Ty
50.00% ~ ‘n.‘\ Hlf”"' "‘ﬁr"‘ "“u r-_‘lf," Q W nﬂ |n
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Figure 8. Validation accuracy rate iteration change graph.

According to the test results, the transfer learning algorithm based on convolution neural network
had a good classification effect for seedling classification. By adopting this method, we used the cell
RGB images as the input to this classification model, avoided the features extracted by manual, and
reduced the information loss. With the data augmentation, such as the flip, brightness and saturation
change, we enlarged the training data and created samples in different status, and this classification
method we constructed still had a high accuracy. It showed strong robustness in classification ability
against the traditional image processing method [1-6]. Because the different brightness or saturation
of image samples may affect the segmentation result or any other algorithm effect in traditional image
processing, so as to reduce the accuracy. After being trained and tested with 2286 images samples, the
transfer learning method achieved a maximum 95.50% accuracy.
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Figure 9. Validation loss iteration change graph.

Through the analysis of misjudged samples, we found that there were two frequently made
mistakes in classification, and the four models shared the same problems. The first one was that the
lack of seedlings was recognized as unqualified seedlings when the cell without seedlings was intruded
by several leaves from adjacent seedlings. The second one was that the qualified seedlings were
recognized as unqualified seedlings when the qualified seedlings’ leaves intruded into the adjacent
cells. The improvement mainly includes two aspects: One is the further optimization of the network
parameters, so that the recognition network could have better recognition ability; the other is to increase
the number of samples, especially including the above two kinds of samples which may easily lead
to misjudgment, so that the network can learn more comprehensive and effective information, and
further improve the classification accuracy.

3.3. Prototype and Software Design

In this research, a prototype of plug seedling classification system and classification software
were designed, shown in Figures 10 and 11. We designed the classification system software with C++
language based on the Visual Studio framework. In the classification system, the plug tray specification
identification method was designed with the Opencv development kit. The seedlings classification
model based on transfer learning method was designed in the TensorFlow environment using the
Python language.

Figure 10. Classification system prototype.
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4. Conclusions

This paper proposed a seedling classification method based on transfer learning. Four classification
models by using transfer learning based on four different convolutional neural networks (Alexnet,
Inception-v3, Resnet-18, VGG16) were constructed and tested. The classification accuracy of the
VGG16-based classification model was the best, which was 95.50%, the Alexnet-based classification
model had the shortest training time, which was 6 min and 8 s. In the pretreatment of seedling
classification, we proposed an identification method of tray specification, which could effectively
identify the specifications of plug trays. We designed the prototype and the classification software
based on the Visual Studio 2010 framework and the TensorFlow environment.
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