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Abstract: In order to solve the interference caused by the overlapping and extrusion of adjacent plug seedlings, 

accurately obtain the information of tomato plug seedlings, and improve the transplanting effect of automatic 

tomato transplanters, this study proposes a seedling information acquisition method based on Cycle-Consistent 

Adversarial Network (CycleGAN). CycleGAN is a generative unsupervised deep learning method, which can 

realize the free conversion of the source-domain plug seedling image and the target-domain plug label image. It 

collects more than 500 images of tomato plug seedlings in different growth stages as a collection image set; follows 

certain principles to label the plug seedling images to obtain a label image set, and uses two image sets to train the 

CycleGAN network model. Finally, the trained model is used to process the images of tomato plug seedlings to 

obtain their label images. According to the labeling principle, the correct rate of model recognition is between 91% 

and 97%. The recognition results show that the CycleGAN model can recognize and judge whether the seedlings 

affected by the adjacent seedling holes are suitable for transplanting, so the application of this method can greatly 

improve the intelligence level of the automatic tomato transplanters. 

Keywords: Deep learning; Cycle-Consistent Adversarial Networks; Tomato transplanter; Plug seedling 

recognition; Label image 

1. Introduction

China is one of the largest tomato producers in the world. Plug seedling transplanting is the main planting

method of tomato production. With the increase of planting amount and the rise of labor costs, mechanical 

transplanting is being used more and more, but at present most of the transplanters used are semi-automatic 

transplanters for manual feeding of seedlings, which cannot fundamentally solve such problems as high labor 

intensity, low transplanting efficiency, and low transplanting accuracy. The automatic tomato transplanter 

automatically grabs the seedlings from the plug tray, and then plants them in the field. With the advantages of high 

transplanting efficiency and low labor intensity, it has become the research focus of relevant institutions. However, 

because of influencing factors such as seed germination rate and seedling raising environment, there will be 

phenomena such as lack of seedlings and weak seedlings in the plug tray. If automatic transplanters cannot identify 

the seedling holes that are not suitable for transplanting, and still transplant the seedling from the seedling hole 

regularly, the transplanting effect of automatic transplanters will be greatly affected, resulting in an increase in the 

rate of missed planting. Therefore, identifying and obtaining the tomato seedling information in each seedling hole 

of the plug tray is a key technology to improve the transplanting effect of automatic tomato transplanters. 

Scholars and related institutions at home and abroad have conducted research on how to obtain information on 

plug seedlings. Tai et al. [1] developed an automatic transplanter assisted by machine vision. Based on the gray 

information of the image, the segmentation threshold was obtained through sampling to determine whether the 

seedling hole is empty. Ryu et al. [2] developed a seedbed transplanting robot with a vision system, which uses a 

pre-defined value for image segmentation to determine empty seedling holes so as to reduce transplanting time. 

The Futura high-end automatic transplanter from Ferrari, Italy, uses photoelectric technology to scan the plug 
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seedlings to determine whether there is a lack of seedlings. Prasanna Kumar and Raheman [3] designed a vegetable 

transplanter based on a walking tractor, and Li et al. [4] and Yang et al. [5]. and Rahul [6] carried out kinematic 

analysis and research on the pot seedling picking mechanism and control system. The above research is involved 

with two types of detection methods. One is photoelectric sensor detection, which can only detect the lack of 

seedling information, with single function; and it is easy to be interfered by the size of the seedlings, the growth 

angle, and the seedlings in adjacent seedling holes, with a low level of intelligence. The other is the image 

processing method. The above image processing methods are all based on image segmentation. After the image 

segmentation, the continuity information of some stems and leaves of the seedlings will be lost. When the stems 

and leaves of adjacent seedling holes overlap and squeeze each other, there will be misjudgment phenomenon. 

Tomato seedling plants are relatively large, and the stems and leaves of seedlings in adjacent seedling holes have 

begun to overlap at about 20 days during the seedling cultivation period. In order to obtain the information of 

tomato plug seedlings correctly, it’s necessary to adopt more effective methods. 

In recent years, Generative Adversarial Network (GAN) [7-9] has been widely used in image generation, image 

style transfer, image repair and other fields. It is a generative unsupervised deep learning model that can use a 

small amount of training data to generate target data sets, making up for the problem of insufficient training data 

[10]. One of the main disadvantages of GAN is that the training process is unstable. For this reason, various 

improved models have been proposed, such as Conditional Generative Adversarial Nets (CGAN) [11] and Deep 

Convolutional Generative Adversarial Networks (DCGAN) [12]. CycleGAN [13], proposed as a solution to 

image-to-image conversion, can generate images in both directions and realize the mutual conversion of images 

in any two domains. In this paper, CycleGAN is used to train the images of plug seedlings and label images, so as 

to realize the conversion from images of plug seedlings to label images. Through the labeling principle, it is 

possible to directly judge whether each seedling hole is suitable for transplanting. The ring network structure of 

CycleGAN makes it possible for the generator and the discriminator to have a stronger learning and discrimination 

ability, thus extracting more image characteristic information of plug seedlings and solving the mutual interference 

of seedlings in adjacent seedling holes.  

 

2. Structure and Working Principle of Intelligent Automatic Tomato Transplanters 

 

Intelligent automatic tomato transplanters can transmit tomato plug seedlings, pick seedlings by the mechanical 

picking arm, feed seedlings, plant seedlings and complete other actions to realize fully automatic tomato 

transplanting. Its machine vision system can judge whether the plug seedlings are suitable for transplanting, thus 

improving the transplanting effect. 

 

 
 

Figure 1. Structure diagram of automatic seedling transplanter: 1. Transmission mechanism; 2. Seedling feeding 

mechanism; 3. Industrial camera; 4. Seedling tray frame; 5. Seedling picking mechanism; 6. Transverse seedling 

throwing mechanism; 7. Electrical control box; 8. Limit wheel; 9. Five-pole planting mechanism 

 

The automatic tomato transplanter is shown in Figure 1. It mainly includes a vision system, a seedling feeding 

mechanism, a seedling picking mechanism, a transverse seedling throwing mechanism, a five-pole planting 

mechanism, a transmission mechanism, and a control box. The vision system consists of an industrial camera, an 

industrial control computer and a controller. The industrial camera is installed directly above the tray, and the 

industrial control computer and the controller are placed in the control box. During the transplanting operation, 

the operator removes the tray from the tray frame on the console and places it on the seedling feeding mechanism, 
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which is driven by a stepping motor. The precise positioning of the tray is realized under the control of the 

controller. Three trays can be placed on the mechanism at the same time, of which the middle one stops directly 

under the industrial camera and is in a waiting state, and the rightmost one stops directly under the seedling picking 

mechanism for transplanting. The seedling picking mechanism includes six seedling picking hands, which 

reciprocate under the drive of the servo motor to take out seedlings from the tray and put them into the transverse 

seedling throwing mechanism. The transverse seedling throwing mechanism moves to the seedling throwing 

position and puts seedlings into the five-pole planting mechanism, which plants the seedlings into the field. When 

the tray in the middle of the seedling feeding mechanism is in the waiting state, pictures, taken by the camera 

triggered by a command issued by the controller, are transmitted to the industrial control computer for processing 

to obtain such information as lack of seedlings and weak seedlings in the tray, which is transmitted to the controller. 

Therefore, during transplantation of seedlings in the tray, the movement of seedling picking hands in the seedling 

picking mechanism is controlled to give up grabbing seedlings unsuitable for transplanting, and an audible and 

visual alarm message is sent to remind the operator of replenishing seedlings in time [14]. 

3. Information Acquisition Method of Plug Seedlings Based on CycleGAN

In this paper, CycleGAN is used to obtain the information of plug seedlings. The processing flow includes two 

stages: the first stage is to use different colors to mark the seedling status of each hole in the image of the plug 

seedling. Green means that the seedlings in the hole are suitable for transplanting, while yellow indicates that the 

seedling hole is short of seedlings or the seedlings are weak and not suitable for transplanting, and the edge of the 

seedling hole is indicated by red. So the marked picture is the label image. In the second stage, the CycleGAN 

model is trained with images of plug seedlings and label images, and finally it is possible to realize the mutual 

conversion between the collected images of the plug seedlings and the label images. Based on label images and 

the labeling principle, it is easy to judge whether the plug seedlings are suitable for transplanting. 

3.1 Network Model for Generating Label Images of Plug Seedlings 

CycleGAN contains two generators and two discriminators with parameters shared. The ring structure realizes 

the function of cycle consistency. It performs a two-step transformation on source domain images: first, it tries to 

map source domain images to the target domain through the first generator, and then return images to the source 

domain through the second generator to obtain secondary generated images. The generator network is not only 

responsible for generating the target image, but also constantly adjusts itself to make the generated image more 

like the real data set; while the discriminant model is responsible for identifying the authenticity of generated 

images or real images. If the image is false, the output label is 0, otherwise it is recorded as 1. According to the 

label, it is judged whether the image comes from the real sample or the generative model, so as to guide the 

generation process of the generative model. By matching the generator and the discriminator, the quality of the 

generated image can be greatly improved. 

The collected image domain of plug seedlings is set as X, and the label image domain as Y. The essence of using 

the CycleGAN network model to obtain label images in this paper is to allow the network to realize the two 

mappings of X → Y’ and Y → X’ with the ring structure. Figure 2 shows the principle of using CycleGAN to 

obtain label images. It can be seen from Figure 2 that the CycleGAN network model includes two generative 

models of GX and GY and two discriminant models of DX and DY. The generator GX is defined to learn the mapping 

from X → Y’ and the generator GY to learn the mapping from Y → X’. The discriminator DX is not only used to 

judge whether the image is from the real label image X or from the generated GY(Y), but also to judge whether the 

image is the image GY(GX(X)) generated by the generator GY or the real label image; the discriminator DY is used 

to judge whether the data comes from the real collected image Y or the generated GX(X), and also to judge whether 

the image is the image GX(GY(Y’)) generated by GX or the real collected image. 

The specific processing progress of network training can be described as follows: After images in the label 

image set X are input into the first generative model GX, GX generates an image similar to Y, denoted as 𝑌̃. Then 

the discriminant model DY classifies 𝑌̃, judges whether 𝑌̃ comes from the real collected data set or the image 

generated by the generative model, and feedbacks the result to GX so as to strengthen GX and make GX generate 

more realistic images. Therefore, under the supervision of DY, the gap between 𝑌̃ and the image in the data set Y’ 

can be continuously narrowed, that is, the generated color image should be as similar as possible to the real 

collected data set Y. After 𝑌̃ is input into the second generative model GY again, another new label image X’ is 

generated, which should be as similar as possible to the original label image data set X. Conversely, after the image 

in Y is input into GY, the image 𝑋̃  generated should be as similar as possible to the image in X under the 

supervision of the discriminant model DX, and the new collected image Y’ generated by GX from 𝑋̃ should be as 

similar as possible to the image in Y. That is to say, the generative model should not only transform X into Y, but 

also have the ability to restore from Y to X, and vice versa. This is the special ring structure of this model. 

The fundamental principle of GAN is the mutual game between the generative model and the discriminant 
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model. In the model of this paper, DY trains GX, and DX trains GY, so that the two generative models can generate 

more and more realistic images. And the generative models respectively train the discriminant model in return to 

continuously enhance the resolution ability. The generation process of the new label image X’ and the new 

collected image Y’, taken as a verification process, is to verify whether the generative model is well trained to 

generate enough just-as-good fake images. After the model training is completed, and the image of the plug 

seedlings in the collected data set Y is input, the generative model GY can generate the corresponding label image, 

that is, transform Y into X’, and vice versa, so that it is possible to realize the transformation from the collected 

data set to the label data set. Although the transformation process from X to Y must exist for training the model, 

for practical needs, the output result only retains the transformation result from Y to X, that is 𝑋̃, to realize the 

function of obtaining the label image. 

 

 
 

Figure 2. Principle of capturing label images by CycleGAN 

 

3.1.1 Generator network 

The generator network is to make the output as close as possible to the real samples. In this paper, two generator 

networks GX and GY are used, and the network structures of GX and GY are consistent. Figure 3 shows the structure 

of the generator network, which has 17 layers, including: 1 input layer, 3 convolution layers, 9 residual blocks, 2 

deconvolution layers, 1 1×1 convolution layer and 1 output layer. The purpose of the convolution layer is to extract 

different features of the input image, and the output features of the convolution layer can be obtained by formula 

(1): 

 

𝐹 = 𝑅𝑒𝐿𝑈(𝑋 ×𝑊 + 𝑏) (1) 

 

where, X represents the image matrix, W represents the convolution kernel, × represents the convolution 

computation, and b represents the bias value. 

The activation function used here is a rectified linear unit (ReLU) [15]. It is faster and more accurate to train a 

convolutional neural network with the ReLU function. An image with a size of 111×76 is input into the generative 

model. The image features are extracted through three convolution layers, and then input into the residual block. 

The structure of the residual block is shown in Figure 4. Each residual block layer contains 2 convolution layers, 

1 Instance Normalization (IN) layer [16] and an activation function ReLU layer. The residual block directly adds 

part of the input to the output at the end, which can realize image conversion while protecting the integrity of the 

original image information. The residual block used here can not only solve the degradation problem caused by 

network deepening [17], improving the recognition accuracy of the model, but also enhance the translation ability 

of the network. Similar to convolution, deconvolution [18] uses the filter transposed in the convolution process. 

The feature vector of the image is restored to low-level features by the deconvolution layer. Compared to 

convolution, deconvolution processes the opposite operation in the direction and back propagation of the neural 

network architecture. The function of deconvolution is to achieve the effect of reconstructing the input from the 

output through reverse training. In this paper, two layers of deconvolution are used. The final convolution layer is 

used to convert the input data into a feature map with a dimension of 1×1, and finally the ReLU activation layer is 

used to process non-linear change to the feature map with a dimension of 1×1, thus generating a new image. 

In order to achieve the normalization operation of a single image, IN is used for normalization after each 

convolution layer. Unlike BN (Batch Normalization) [19], IN is to obtain the mean and the standard deviation of 

all pixels of a single image, and the output calculation statistics are only related to the current picture itself. While 
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BN calculates the mean and the standard deviation of all pixels in all pictures in the entire batch, and the output 

calculation statistics will be affected by other samples in the batch. Therefore, use of IN can improve the quality 

of generated images on the basis of accelerating model convergence and preventing gradient explosion. 

 

 
 

Figure 3. Structure of the generator network 

 

 
 

Figure 4. Residual block structure 

 

3.1.2 Discriminator network 

The discriminator network is to supervise the generator and judge whether the pictures are generated by the 

generator or real pictures. Figure 5 shows the network structure of the discriminant model, which is a fully 

convolutional network composed of 7 convolution layers. The image features are extracted through 6 convolution 

layers, and then the judgment result is output through the last convolution layer so as to realize the judgment 

function. Except for the first and the last layers, other convolution layers all adopt LReLU for normalization. 

The output result of the discriminant model is a one-dimensional vector. For the input label image, if the 

discriminator judges that the picture is an image generated by the generative model, it outputs 0; if the discriminator 

judges that the picture is a real image from the sample set, it outputs 1. 

 

 
 

Figure 5. Discriminant model network structure 
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3.2 Loss Function 

 

In order to better train the neural network, and to convert the samples in the X space to the samples in the Y 

space with CycleGAN, according to the generator GX and the discriminator DY in this paper, a generative 

discriminator loss function is constructed. When the back error propagation of the real samples and the generated 

samples are used to guide the learning of the generator GX and DY network parameters, where the samples 𝑥 ∈ X 

and 𝑦 ∈ Y, the function is expressed as: 

 

~ ( ) ~ ( )( , , , ) [log ( )] [log(1 ( ( )))]= + −
X data dataG X Y y p y Y x p x Y XL G D X Y E D y E D G x

 
(2) 

 

Conversely, when the CycleGAN training process needs to convert the samples in the Y space to the samples in 

the X space, and construct a generative discriminator loss function to guide the generator GY and DX network 

parameter learning, the expression is: 

 

~ ( ) ~ ( )( , , , ) [log ( )] [log(1 ( ( )))]= + −
Y data dataG Y X x P x X y P y X YL G D Y X E D x E D G y

 
(3) 

 

According to CycleGAN's description of the cycle consistency loss, that is, the image X is mapped to Y, and Y 

should be mapped back to X at the same time, the cycle consistency loss between the original image X and the 

mapped image is calculated, and the loss function is defined as: 

 

~ ( ~ ( )1 1
( , , , ) [ ( ( )) ] [ ( ( )) ]= − + −

data datac X Y x p yx Y X y p y X YL G G X Y E G G x x E G G y y
 

(4) 

 

The total loss function consists of 3 parts: the generative discriminator loss function from X to Y, the generative 

discriminator loss function from Y to X, and the cycle consistency loss function. The total loss expression is: 

 

(G ,G ,D ,D ) ( , , , ) ( , , , ) ( , , , )= + +
X YX Y X Y G X Y G Y X c X YL L G D X Y L G D Y X L G G X Y

 
(5) 

 

where, λ is a parameter that controls the weights for generative discriminator loss and cycle consistency loss objects. 

 

3.3 Network Training 

 

The network is trained through the loss function. In the training phase, the Adam optimizer is used to run 60 

epochs, the learning rate of the first 30 is 1e-4, and the learning rate update strategy of the last 30 is: 

 

60

30
epoch

epoch
 

−
= 

 
(6) 

 

where, αepoch represents the learning rate of the current epoch, and α represents the initial learning rate. 

The whole training process can be described as: first, the label image is input into GX and processed by the 

generator network to generate 𝑌̃ , then the discriminant model DY is used to distinguish 𝑌̃  and the collected 

seedling tray image Y. Next, 𝑌̃ is input into the second generative model GY to generate an image set X’ that is 

similar to the label image set X. Conversely, the collected seedling tray image set Y is input into GY to output 𝑋̃, 

and the discriminant model DX is used to distinguish 𝑋̃ and label images, and then 𝑋̃ is input into GX to generate 

an image Y’ similar to the collected seedling tray image. Only when the differences between 𝑋̃ and X, 𝑌̃ and Y, 

X’ and X, and Y’ and Y reach the minimum value, that is to say, when DX and DY cannot distinguish the real data 

set from the generated data set, the whole network training process shall finish. 

 

4. Experiment and Result Analysis 

 

4.1 Experimental Data 

 

As the information acquisition method of plug seedling based on CycleGAN requires image samples for training, 

three trays of tomato seedlings were cultivated in an artificial greenhouse. The temperature of the greenhouse was 

kept at 25°C during the day and 15℃ at night. The seedling substrate is composed of peat, vermiculite and nutrient 

soil, and the seedling tray adopts a 12×6 hole tray. The image acquisition device is shown in Figure 6, which 

consists of a frame with the height of 50cm and a camera of Canon 550D SLR with 18 million pixels. The first 

tray of tomato seedlings was sown on October 8, 2018, and the remaining two trays were sown two days apart. On 
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October 19, the shoots were taken at 9 angles such as directly above the seedling tray and in the middle, and under 

different light conditions. More than 500 images of tomato seedling trays were captured during the seedling stage 

of 12~30d. All images are compressed into the images with a pixel size of 256×256, which are used as a tomato 

seedling tray image sample set. In addition, label image sample sets are generated by labeling according to the 

labeling principle, which are used for the training of the CycleGAN network. 

 

 
 

Figure 6. Image acquisition device: 1. Tomato seedlings; 2. Frame; 3. Camera 

 

4.2 Experimental Environment 

 

The environment used for the experimental operation is completed on a Dell Vostro 3470-R1328R desktop 

computer, with the configuration of 8th generation Core i7 Processor, 8G, and Windows10 operating system. The 

programming software used in the experiment is Anaconda, the framework is TensorFlowV1.2, and the 

programming language is Python3.5. 

 

4.3 Evaluation Indicators 

 

Recognition accuracy is an important index to evaluate the identification of plug seedlings, and it is calculated 

by the following formula: 

 

0 100%
A

P
A

= 
 

(7) 

 

where, P is the recognition accuracy rate, A is the total number of seedling holes on the plug tray (take 72), A0 is 

the number of correctly identified hole information on the plug seedlings, and the number correctly recognized 

consists of two parts: for one part, the seedlings in holes in the actual image are suitable for transplanting, and the 

recognition results also show that they are suitable for transplanting; for the other part, seedlings in holes are lacked, 

lodged or weak in the real image, and the recognition results show that they are not suitable for transplanting. The 

higher the accuracy rate is, the stronger the recognition ability of the model, and the higher the probability that the 

plug seedling information is recognized correctly. 

 

4.4 Experimental Results and Analysis 

 

The CycleGAN network recognizes tomato seedling images after image training samples are trained. Figure 7 

shows 8 representative recognition results, which are composed of actual collected images and recognition results. 

The principle of displaying the recognition results is consistent with the labeling principle of the label image, of 

which green means it is suitable for transplanting, and yellow means it is not suitable for transplanting. 

Subgraphs (a) to (d) of Figure 7 represent the early stages of tomato seedling cultivation. At this time, the stems 

and leaves of tomato seedlings are basically in their respective seedling holes, the seedlings in adjacent seedling 

holes have little influence, and the recognition accuracy rate is 94%~97%. The main reason of the wrong 

identification of seedling holes is that the seedlings just break through the soil and are small in size, and it is 

relatively close in color to the surrounding seedling substrate. In subgraphs (e) to (h) of Figure 7, the leaves of the 

seedlings in adjacent seedling holes begin to overlap, the recognition accuracy is 91%~97%, and the misidentified 
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seedling holes are mainly concentrated in a row near the edge. As seedlings are artificially sown, tomato seedlings 

of the row are not sown in the middle of the seedling hole, but leans to the outside, so most of the stems and leaves 

of the seedlings grow outside the plug seedling tray. While the label image used for training is bounded by the 

outer edge of the plug seedling tray, resulting that the judgment information of the seedlings in this part is lost. 

 

 
 

Figure 7. Recognition results 

 

5. Conclusions 

 

This paper designs an information acquisition method of plug seedlings based on CycleGAN. The model of this 

method is a ring network structure, including two generators and two discriminators with parameters shared, which 

is equivalent to an organic combination of two mirror-symmetric one-way GANs. This method eliminates the 

requirement of image matching in the target domain, which can greatly simplify the work in the training data 

preparation stage. The special ring structure enables the generator network to realize the bidirectional mapping 

between the tomato seedling image and the label image, and the discriminator network guides the generation 

process of the generator network. And through the matching of the generator and the discriminator, the generated 

image can be greatly improved. The experimental results show that, compared with the previous acquisition 

methods, the information acquisition method of plug seedlings based on CycleGAN can make more 

comprehensive use of the feature information of plug seedling images. And the generator model can obtain 

overlapping and extrusion features of seedling stems and leaves in adjacent holes, so as to identify and judge 

whether seedlings in the seedling holes affected by the surrounding seedling holes, and whether they are suitable 

for transplanting, thus greatly improving the intelligence level of automatic tomato transplanters. 
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