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Abstract

Traditional agriculture is gradually being combined with artificial intelligence technology. High-performance fruit detection technology
is an important basic technology in the practical application of modern smart orchards and has great application value. At this stage,
fruit detection models need to rely on a large number of labeled datasets to support the training and learning of detection models,
resulting in higher manual labeling costs. Our previous work uses a generative adversarial network to translate the source domain to
the target fruit images. Thus, automatic labeling is performed on the actual dataset in the target domain. However, the method still
does not achieve satisfactory results for translating fruits with significant shape variance. Therefore, this study proposes an improved
fruit automatic labeling method, EasyDAM_V4, which introduces the Across-CycleGAN fruit translation model to achieve spanning
translation between phenotypic features such as fruit shape, texture, and color to reduce domain differences effectively. We validated
the proposed method using pear fruit as the source domain and three fruits with large phenotypic differences, namely pitaya, eggplant,
and cucumber, as the target domain. The results show that the EasyDAM_V4 method achieves substantial cross-fruit shape translation,
and the average accuracy of labeling reached 87.8, 87.0, and 80.7% for the three types of target domain datasets, respectively. Therefore,
this research method can improve the applicability of the automatic labeling process even if significant shape variance exists between

the source and target domain.

Introduction

With the combination of traditional agriculture and artificial
intelligence technology, the construction of smart orchards has
received more extensive attention in the development of the
fruit industry. High-precision fruit detection technology plays a
pivotal role in modernized orchards, offering versatile applica-
tions including fruit localization, sorting, yield prediction, and
automated harvesting. Moreover, it serves as a potent means to
gather phenotypic data encompassing texture, size, color, and
shape attributes from fruit. These data are integral to advancing
plant phenomics research, enabling precise characterization of
fruit phenotypic traits. Large-scale fruit data analysis facilitates
the accurate measurement and evaluation of these characteris-
tics. Notably, researchers [1] have demonstrated that analyzing
physiological traits, such as fruit shape, unveils patterns of vari-
ation linked to diverse genotypes and environmental conditions,
shedding light on plant evolutionary pathways and determinants.
Furthermore, by examining physiological attributes like fruit color
in various settings, researchers [2] can forecast the influence
of fruit peel color on nutritional components, thereby guiding
plant breeding and selection strategies. Consequently, acquiring
phenotype information via fruit detection holds substantial ref-
erence value for crop genetics, variety enhancement, agricultural

production, and food safety [3-5]. Currently, most fruit detection
technologies use deep learning methods, which need to rely on
a large number of labeled datasets to support the training of
deep learning models. Moreover, the fruit trees in real scenes are
densely distributed, the fruit growth is irregular, the scale is small,
and the shading is serious, leading to a strong scene environ-
ment diversity. Due to the poor generalization performance of
deep learning models at this stage, researchers need to produce
new fruit datasets for different scene environments and differ-
ent kinds of fruit. This leads to much more difficult and time-
consuming labeling of datasets. Furthermore, acquiring and ana-
lyzing fruit phenotypic data often entails many labor-intensive
experimental and measurement processes, consequently elon-
gating the analysis cycle of fruit phenotypic parameters. This
extended timeframe increases the demand for human resources
and impedes the pace of advancements in fruit research and stud-
ies [6]. Therefore, there is a very urgent need to establish an auto-
matic labeling technique for fruits with high generalization and
strong domain adaptation. Hence, an immediate imperative exists
to develop an automatic fruit labeling technique characterized
by robust generalization and domain adaptation capabilities. The
introduction of automatic annotation promises to allow extensive
fruit datasets to be expeditiously amassed, a cornerstone for
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facilitating the high-throughput and precise extraction of plant
phenotypic parameters. Consequently, this breakthrough propels
advancements in biological research and the practical applica-
tions of plant phenomics within the agricultural domain. Such
progress is poised to play a pivotal role in realizing high-precision
orchard management and crop monitoring, thus providing indis-
pensable support for the sustainable evolution of agricultural
production.

The EasyDAM family of methods was proposed in previous
research work. Among these methods, EasyDAM_V1 [7] focuses
on the automatic labeling of fruit datasets with similar shapes,
and EasyDAM_V?2 [8] improves the generative adversarial network
(GAN) model. Translation of fruit images with small shape differ-
ences can be performed, e.g. the translation of round to oval fruit
images. By solving the miniature deformation problem, the appli-
cability of the automatic fruit labeling task is improved to some
extent. However, the method still cannot solve the large deforma-
tion problem. Since the random selection of source domain fruit
in EasyDAM_V1 [7] and EasyDAM_V2 [8] has the problem of unsta-
ble image generation quality of target domain fruit due to the
selection difference, EasyDAM_V3 [9] proposes an optimal source
domain establishment method based on a multidimensional spa-
tial feature model to select the most suitable source domain,
which can correspond to the multiple types of target domain
fruit by one type of source domain fruit, making the model’s
generalization greater. The pear is selected as the optimal source
domain for experimental verification. Meanwhile, by constructing
a knowledge graph of synthesis rules for orchard scene-level com-
ponents, a large-volume dataset construction method is proposed,
which is able to obtain fruit labeling information automatically,
providing a foundation and new ideas for subsequent study. To
further improve the translation performance of the EasyDAM
model in fruit targets with large feature differences (e.g. pear to
cucumber), we investigate image translation models for accurate
generation of shape, color, and texture features. It is hoped that
more realistic multi-category target domain fruit images can be
generated from single-category source domain fruit images. This
will further improve the automatic generation of labels for target
domain datasets with large differences in phenotypic features.

The color features between different domains were realistically
transformed in our previous study. Shape and texture features,
as two other important basic features describing the fruit phe-
notype, are essential for generative adversarial network model
training to learn realistic fruit features [10]. They can help target
detection models to extract foreground target features better. Few
researchers in agriculture have focused on the shape, texture, and
color features of fruits to control the generation of fruit images in
the target domain. In agricultural orchards, there are many kinds
of fruits, and the fruit features of different kinds or varieties vary
greatly. It is still difficult to further reduce the domain differences
and achieve realistic translation of fruits across the domain.
Therefore, in this paper, based on a detailed technical survey for
the study of generative adversarial networks in image translation
tasks such as shape and texture, a novel technique and idea
for spanning translation between fruit phenotypic features is
proposed.

For shape features, some researchers have introduced super-
vised signals for shape features to train generative adversarial
network models better. Mo et al. [11] proposed an InstaGAN based
on instance information. The model extracts the color and shape
features of the target by jointly encoding the RGB image of the
target and the instance mask image. Chen et al. [12] proposed a
conditional variational generative adversarial network (CVGAN),

which solves the problem of unsatisfactory image transforma-
tion when the shape difference between different domains is
large. By modeling the intrinsic interactions between shape and
appearance, the desired image is generated and guided by the
target shape. The model allows human intervention in shape
variation, thus generating different images of the person. Roy et al.
[13] proposed a semantics-aware generative adversarial network
model. This model learns foreground object features by using the
instance mask information of the target as a supervised signal. A
cross-domain semantic consistency loss function is further pro-
posed to preserve the geometric structure semantic information
to achieve shape transformation between targets. Chen et al. [14]
proposed a deep generative network, DECOR-GAN, for 3D shapes.
By inputting the style encoding of samples as conditional infor-
mation into the model, a realistic transformation of the detailed
part of the 3D model is achieved. However, the supervised training
method can achieve a better shape change effect but requires
a large amount of label data. It is more time-consuming and
laborious in practical applications, and achieving good results in
practical landing tasks is difficult. Therefore, some researchers
have done a lot of research work in the field of unsupervised
image translation [15]. Therefore, some researchers have done
much research in unsupervised image translation. Wu et al. [15]
proposed a framework for image translation tasks by introducing
geometric loss and conditional variational autoencoder (VAE) loss
for representing the shape features of the target. Li et al. [16]
proposed SP-GAN, which guides the whole model generation pro-
cess by introducing global prior knowledge and establishing point-
to-point correspondence for multi-shape component generation.
Zhang and Hou [17] introduced an adversarial consistent loss
function in generative adversarial networks and used it together
with other loss functions to guide model training. The semantic
information in the original image is effectively preserved for
shape translation of the target. Gokaslan et al. [18] introduced a
discriminator with extended convolution. It can use global image
information to train a more context-aware generator for the
shape-changing image translation task. Huang et al. [19] proposed
the SoloGAN model. By sharing encoders and generators between
all domains, domain invariant features are extracted efficiently.
Some results have been achieved in the task of shape-changing
image transformation. Our previous research work [8] compared
the existing shape translation methods and proposed a method
to calculate the structural consistency loss based on the cross-
loop structure. By adding a multiscale fusion module this can
realistically translate to get the target domain images with certain
shape differences. The domain differences of fruits between dif-
ferent domains are reduced. Although the existing methods can
achieve certain shape changes with sufficient dataset samples,
it is more difficult to extract effective feature information in
complex tasks due to the unsupervised methods’ own lack of
accurate supervised signals. It is also impossible to realize the
conversion between targets with large shape changes.

For texture features some researchers have increased the res-
olution of the generative adversarial network model, resulting in
or more detailed texture features. Hedjazi and Genc [20] designed
a progressive generative adversarial network model. The detailed
features of the generated images are controlled by four generators
and discriminators with different resolutions to achieve finer-
grained transformations. Hu [21] proposed Multi-Texture GAN.
They designed a multiscale texture transfer algorithm. By
computing the texture similarity between different images, it is
recovered into the target image as a priori knowledge using
a matching mechanism. Thus, the detailed features in the
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reconstructed images are enriched. At this stage, more and more
researchers choose to use potential space to accurately generate
texture features. Karras et al. [22-24] proposed the StyleGAN
family of models. Different detail features in the image are
separated by designing latent encoding and generating random
variations for different style texture features. Thus, images with
more realistic and detailed texture features are generated. Wu
et al. [25] proposed the cycle consistency assumption and the
SDSGAN model with a shared deep space. The two images
are encoded into a shared deep space by a pre-trained VGG19
network. The texture features are then translated into the
corresponding image domains using two decoders. Johnson et al.
[26] extracted high-level features through a pre-trained backbone
network and proposed to train the feedforward network by
calculating the loss between prediction and ground truth using a
perceptual loss function. While improving in speed, some results
were achieved in texture detail translation. Liu et al. [27] proposed
a shared potential space hypothesis. It is proposed that the
joint distribution between two different domains can be used to
derive the respective marginal distributions, thus further reducing
the domain differences in the image translation task. Good
results were achieved in the high-resolution image translation
task. Bergmann et al. [28] proposed the Periodic Spatial GAN
(PSGAN) model. A smooth interpolation operation is performed
from the structured noise space to sense the texture sample
information of the images in the original dataset. Thus, the
periodic samples in the target are learned precisely. The method is
currently more widely used in face image translation tasks. Shen
et al. [29] proposed an InterFaceGAN framework to interpret the
information of the unentangled face representations learned by
existing GAN models and studied the nature of face semantics
encoded in the potential space. Thus, realistic translation of
face images under different poses is achieved. Sainburg et al.
[30] proposed an autoencoder (AE) and GAN-based generative
network structure. The convex potential distribution is facilitated
by adversarial training on potential space interpolation. Thus,
different attributes in the target are controlled to reach a
more detailed variation in the face image. However, the above
techniques consider more detailed features of the sample target.
Thus, the generated samples are more detailed. In the case
of agricultural orchards, more attention needs to be paid to
the texture of the fruit and the correlation of the structural
arrangement of the surface. Therefore, it is not common in the
field of agriculture.

In summary, the existing research techniques focus more on
the direction of generating image diversity and the control of
single features. Most of the research results demonstrate the
modification of the network structure from a macroscopic per-
spective. However, for unsupervised learning tasks such as GAN
models, there is still a need to enhance and improve how to
effectively extract multi-dimensional features from the desired
foreground targets and control the accurate generation of multi-
dimensional features to reduce the domain discrepancy prob-
lem further. Therefore, this paper proposes an improved fruit
automatic labeling method, EasyDAM_V4, based on the previ-
ous studies’ EasyDAM_V1, EasyDAM_V2, and EasyDAM_V3. It is
mainly based on the miniature morphological fruit translation
model Across-CycleGAN from the previous study. A GAN model,
Guided-GAN, is designed to achieve spanning translation among
phenotypic features such as fruit shape, texture, and color, which
can more accurately control the learning of multi-dimensional
phenotypic feature parameters by the generator. The more real-
istic translation is performed for fruits with large phenotypic
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differences in the target domain, effectively reducing domain
differences. This enables the automatic labeling of high-quality
multi-category fruit datasets. The algorithm contains the follow-
ing main innovations:

(i) There is significant variation in the shape, color, and tex-
ture features of different fruits. Unsupervised learning usually
makes it more difficult to extract features from a large amount
of unlabeled data. However, it is essential to find the most sig-
nificant phenotypic features of fruits in spanning image transfor-
mation tasks with significant feature differences [31, 32]. There-
fore, a multi-dimensional phenotypic feature extraction method
based on potential space is proposed in this paper. The solution
space representation of salient features in the latent space is uti-
lized. The multi-dimensional feature maps of fruits are effectively
extracted, and they are input into the model together with the
original RGB images for training, which enables the GAN to better
extract the different phenotypic features of the fruit targets.

(ii) The existing image translation models are not accurate
enough for the description of fruitful features in the translation
of targets with large feature differences due to the problem of
functional singularity of the loss function, which leads to the loss
function not converging to a suitable interval during the training
process. Thus, the generation direction of the model in the multi-
dimensional features cannot be well controlled. Therefore, this
paper proposes a multi-dimensional loss function design method
based on the entropy weight method. By designing and adding
three different loss functions, they are used to accurately describe
the multi-dimensional phenotypic features of fruits in the train-
ing process. The weights of the loss functions are dynamically
controlled by the entropy weight method so that the generation
direction of the fruit images in the target domain can still be
controlled in the spanning fruit translation with large differences
in features, especially in shape features.

Materials and methods

In this paper, based on the previous studies of EasyDAM V1,
EasyDAM_V2 and EasyDAM_V3, we mainly design a GAN model,
Guided-GAN, for fruit target translation from the source domain
to the target domain with large feature differences. The overall
architecture of automatic labeling using the proposed method
is shown in Fig. 1, where the yellow boxes show the main inno-
vations of this paper. The details of each innovation point are
described as follows.

(i) In order to effectively extract essential phenotypic features
in different classes of fruit targets and improve the unsupervised
model in which it is more difficult to learn significant feature
information of targets, a multi-dimensional phenotypic feature
extraction method based on latent space is proposed in this paper
(see the Dataset introduction section for details). This is shown
in box 2 in Fig. 1. The method extracts fruit phenotypic features
using latent space and feeds the fruit images into a pre-trained
VGG16 backbone network. The set of shape as well as texture
feature vector solutions (i.e. solution space representation) is
highlighted. The guided back-propagation method [33] is used to
visualize the shape as well as texture information in the fruit
target to form a grayscale feature map. It is fused with the original
RGB image to achieve improvement of the input image signal of
the network model. It is also fed into the GAN as multimodal
solution space data to assist the network model to better learn
the phenotypic features of the fruit.

(ii) In addition, to address the problem that the EasyDAM_V2
method in the previous study chose to use cycle-consistent loss to
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Figure 1. Overall architecture of the EasyDAM_V4 method. The overall architecture of the proposed method involves seven main parts. The source

domain foreground fruit image represented by (1) and the labeled target domain fruit dataset represented by (7) are the input and output of the
method, respectively. Boxes (2) and (3) illustrate the main innovation points of this paper. (2) The shape texture feature map obtained by using the
latent space-based multi-dimensional phenotype feature extraction method. The fruit translation model is trained together with the original RGB

image after concatenation. (3) The multi-dimensional loss function module based on the entropy weight method, which is used to accurately describe
the phenotypic features of fruits during the training process. Rectangles of different colors indicate the fruit image translation results controlled by

different categories of loss functions.

describe the color as well as texture features of the fruit simulta-
neously, resulting in less accurate feature description, this paper
proposes a multi-dimensional loss function design method based
on the entropy weight method (see the Experimental strategies
section for details), as shown in box 3 in Fig. 1. One or more loss
functions are used to describe the phenotypic features of a single
category. The size of the difference between the single category
features of different fruits is calculated based on the quantifiabil-
ity description results of the phenotypic features of different cat-
egories of fruits. Finally, the weight relationship between different
loss functions is dynamically adjusted according to the difference
value using the entropy weight method. For the fruit texture fea-
tures, a texture loss function based on differentiable local binary
pattern (LBP) descriptors is introduced in this paper. The fruit
shape features follow the cross-loop multiscale structural simi-
larity loss function describing the shape features that performed
well in the previous study [8]. The color features are described
jointly using cycle-consistent loss as well as identity loss.

In our previous study [8], the source domain fruit images were
translated into simulated target domain fruit images by GANs
and were constructed as a synthetic dataset. Then, we input to
the anchor-free detector-based fruit detection model for feature
extraction and training learning of fruit targets to obtain pseudo-
labels of the target domain dataset. The label information is
updated in each cycle by using the pseudo-label self-learning
method with adaptive threshold selection strategy. Finally, the
fruit label information of the actual scene fruit dataset in the
target domain is obtained to achieve the purpose of automatic
labeling.

Multi-dimensional phenotype feature extraction
method based on latent space (box 2 in Fig. 1)

At this stage, it is difficult to extract essential semantic features
from the network effectively using unsupervised learning due
to the use of unlabeled data for training and learning, which
leads to poor target feature presentation capability of unsuper-
vised learning methods. As latent space techniques show strong
potential in more and more domains [34-36], applying them to
generative networks to extract essential features of targets in
different domains can further improve network performance.
Thus, some more complex tasks can be achieved. However, in the
field of agricultural fruits it is more difficult to extract features of
the surface arrangement structure of fruits. Therefore, we need
to focus more on the multi-dimensional phenotypic features of
fruits. Decomposing the features of fruit targets into multiple
interpretable attributes through latent space is used to better
extract shape and texture features.

To this end, as shown in Fig. 2, this paper utilizes a pre-trained
backbone network as an encoder to explore the latent space of
fruit images. Backward-guided feature visualization mapping is
utilized as a decoder to highlight the solution space representa-
tion of fruit features. The implementation uses an unsupervised
approach to discover potential features in the fruit target and
fuses them with the original RGB image to form a multimodal
input signal that is jointly input to the fruit translation net-
work. For the selection of the backbone network, considering that
the encoder should correspond to the decoder construction, this
paper chooses to use the serialization network VGG16 as the
encoder. In order to better decouple the image shape texture
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Figure 2. Flow chart of the multi-dimensional phenotype feature extraction method based on latent space.

semantic features, this paper chooses to extract its high-level
semantic information from the vectorized representation of the
output image of the deep convolutional layer of VGG16 in the
last layer. This vector value, y, is feature-decoupled using the
latent encoding z and the feature map mapping is performed by
the decoder. The gradient information y’ of each feature in the
deep convolutional layer is obtained, which can be expressed as
the contribution of each channel in the convolutional layer to y.
The larger the contribution, the more important the channel is
considered by the network. The contribution value of each chan-
nel is denoted as weight.. Back-propagation is then performed.
The activation gradient of the image is calculated by the ReLU
activation function and weighted summation. The advantage of
this is that no adjustment of the input image is required and the
deep and complex feature information can be learned effectively.
We also guide the back-propagation process to limit the back-
propagation of gradients less than 0. The importance of each
channel is obtained by normalizing y’ to the mean of the width
and height in the feature map. Doing so maximizes the high-level
semantic feature images in the activation target. Finally, the shape
texture feature map of each type of fruit image can be obtained
after spatial decoupling. The computational process of obtaining
the shape texture feature maps can be expressed as the following
equations:

. 1 ay
weight, = — (1)
¢ wxh Z; 3(Conv)!
FeatureMap = ReLU (Z weight, Com}c) 2)
c

where weight, denotes the weight share for the ¢ channels in
the feature layer Conv; y denotes the vector value obtained from
the original image after forward propagation of VGG16; w and h
denote the width and height of the feature image, respectively;
and (Conv){ denotes the data at coordinate position (i,j) in chan-
nel c for the feature layer.

Multi-dimensional loss function design method

based on entropy weight method (box 3 in Fig. 1)
In order to more accurately describe the phenotypic features
of fruits with large feature differences and to solve the prob-
lem of functional homogeneity of loss functions, this paper pro-
poses a multi-dimensional loss function design method based on
the entropy weight method. The generation direction of multi-
dimensional features is better controlled in the fruit image trans-
lation model. Finally, it achieves a better result even in the

spanning fruit translation task with large feature differences; see
the section Multi-dimensional loss function design and compari-
son method (in Guided-GAN), and the section Dynamic adaptive
weighting method based on the entropy weighting method.

Multi-dimensional loss function design and comparison
method

To address the problem that GANs have difficulty in accurately
describing features such as shape and texture, some researchers
[37, 38] proposed to introduce instance-level loss constraints to
better regulate the generation direction of foreground targets
in images. However, this approach is not applicable to unsu-
pervised learning-based approaches due to the introduction of
a manual labeling process. It is not suitable for the unsuper-
vised learning-based fruit automatic labeling task. In contrast,
our team improved a fruit conversion model, Across-CycleGAN,
based on the CycleGAN image translation algorithm in a previous
study [8]. By introducing a structural similarity loss function,
we achieved the conversion from circular to elliptical fruits. In
order to better improve the generalization of the automatic fruit
labeling method, methods need to be designed to precisely control
the model’s source-domain to target-domain fruit generation
direction in the spanning fruit image conversion task with large
differences in phenotypic features. In order to further improve the
performance of the unsupervised fruit translation model. Thus,
more kinds of target domain fruits can be automatically labeled
for a wider range of requirements.

Based on this, this method is designed to use multi-dimensional
loss functions to constrain the color, shape, and texture genera-
tion direction of fruits during the training of the fruit translation
model. The schematic design of the multi-dimensional loss func-
tion in the generator of the model is shown in Fig. 3. In this paper,
two generators and two discriminators are used to construct two
cycle training structures, Domain Cycle A and Domain Cycle B,
respectively. Two loss function comparison schemes are combined
with cross-cycle training (e.g. the Lspape&Lrexure parts on both
sides in Fig. 3) and within-cycle training (e.g. the Lcoor part in
the middle of Fig. 3) to accurately describe the color, shape, and
texture features, respectively.

The overall loss function Lgyiged_can Of the generator part of this
model can be expressed as:

Lguided—can = Ws ® LShape (Gst + Grs) + W @ Leglor (Gst + Grs)

+ Wt ° LTexture (GST + GTS) (3)
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Figure 3. schematic diagram of multi-dimensional loss function in the Guided-GAN model. The model contains two generators, Gs_,t and Gr_,s. There
are three types of loss functions involved, namely Loy, Lsnape, and Lrexture. The domain cycle is divided into two parts, Domain Cycle A and Domain
Cycle B, which are used to control the generation of color features of fruits. The cross-cycle comparison text box indicates the cross-cycle loss function
comparison path. In the training process of different domain cycles of the network, the real fruit image feature information is used to train the fitting
network to generate simulated fruit image data. It helps the model to learn better and constrain the generation of shape and texture features.

where Gsr denotes the generator that maps the source domain to
the target domain, Grs denotes the generator that maps the target
domain to the source domain, and Ws, W, and W; denote the
proportion of weights assigned to the shape, color, and texture loss
functions during model training using the entropy weight method,
respectively.

For the color feature loss function, in this paper we follow the
cycle-consistent loss function and identity loss in the CycleGAN
network. Its excellent coloring effect can help the fruit translation
model to better control the generation of color features. The cycle-
consistent loss can be expressed as:

Leotor (Gst + Grs) = Leycle (Gst + Grs) + Ligentity (Gst + Grs) — (4)

LCycIe (GST + GTS) = Es~pdata(s) ”GTS (GST(S)) - SH1

+ Et~pdatacy IIGst (Grs (D)) — tll1 (5)

The identity loss function can be expressed as:

Ligentity (Gst + Gr15) = Es~pdatact) IS — Gs1() 11 + Es~pdatacty It — Grs (D11
©)

where s ~ pdata(s) and t~ pdata(t) denote the data distribution
in the source domain and the target domain, respectively, and t
and s denote the image information in the target domain and the
source domain, respectively.

For the shape feature loss function, in this paper we choose
to use MS-SSIM [39] based on a multiscale structural similarity

index. Different size convolution kernels are used to adjust the
image perceptual field size and count the shape structure feature
information of the corresponding region of the image under dif-
ferent scale conditions. It can effectively distinguish the geometric
differences between different classes of fruit images and train the
model to better adapt to the variation of shape features between
different classes of fruits. In this paper, the original image is
compared with the translated image in another cycle by using the
cross-loop comparison method. Thus, the process of generating
fruit shape features is better constrained. It can be expressed as
follows:

Lshape (Gst + Grs) = (1 — MS_SSIM (Gsr(s), t))
+ (1 — MS_SSIM (Grs (1), 5)) )

where MS_SSIM denotes the calculation based on multiscale
structural similarity index loss.

For the texture feature loss function, because the texture
features in the fruit images are too detailed, the texture fea-
tures cannot be fully expressed if the comparison of the loss
function is performed only from the original RGB images. The
resolution of the fruit in the dataset is much smaller. The texture
features are even less well represented. It adds some difficulty
to the image translation model. Therefore, this paper designs a
texture feature loss function based on the local binary pattern
(LBP) descriptor to make it better highlight the texture of the
fruit and its regular arrangement of the texture loss calculation
method, and accurately describe its texture features, and to pro-
vide better performance of the image translation model. It can be
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expressed as:

Ltexture (Gst + Grs) = Pearson (LBP (Gsr(S), t) + Pearson (Grs(1), S))
(8)
where LBP (X,Y) = N (LBP (xc,yc)), LBP (X, Yc) =
lifx=0

0 else

;;})zps (ip — o),

and sx) = , Pearson denotes the magnitude of

variability among fruit texture features using the Pearson
correlation coefficient, N denotes traversal of all pixel values
in the whole image, x¢, yc denotes the central pixel, i denotes the
grayscale value, s is the symbolic function, and P denotes the P-
neighborhood selected from the central pixel point. The scale of
the input image in this study is 256 x 256, and it is experimentally
verified that P is best when it is 16 at this image resolution.

The distribution of the two image domains is highly discrete
and irregular in the absence of pairwise supervised information
constraints. In this paper, the multi-dimensional loss function is
designed to constrain the direction of visual attributes such as
color, shape, and texture of fruits during the training of the fruit
translation model. The multi-dimensional phenotypic features in
the fruit translation process can be described more accurately.

Dynamic adaptive weighting method based on the entropy
weighting method

In the section Multi-dimensional loss function design and com-
parison method, we designed the loss function part of the GAN
model. Adding a multi-dimensional feature loss function is used
to accurately characterize the fruit during the training process.
However, when designing a GAN network, it is not the case that
the higher the number of loss functions, the better trained the
model will be. If too many loss functions are added, the model
will not fit properly in the training phase and thus lose the
generative direction of describing the fruit features. In order to
balance the multi-dimensional loss functions added in the GAN
model, it is usually necessary to manually adjust the weights of
different loss functions based on empirical values so that they
can converge stably. However, the differences in the phenotypic
characteristics of different classes of fruits are very obvious. It is
difficult to precisely control the fruit generation direction from
the source domain to the target domain using the same weights,
which makes it more difficult to realize the spanning translation
between fruit phenotypic features. In order to balance multiple
feature loss functions concisely and effectively, a dynamic adap-
tive weighting method based on quantifiable fruit phenotypic
features is introduced in this paper. It is used to automatically
level the weights of multi-dimensional loss functions among mul-
tiple categories of fruits. It gets rid of the drawback of not being
accurate and efficient enough when setting empirical values to
level the weights.

In this paper we directly compare the magnitude of variability
of shape, color, and texture descriptors of all samples of the two
types of fruits when performing the conversion between the two
types of fruits. The specific values of the variability between their
fruits are automatically calculated. It also dynamically adjusts
the weight ratio of the multi-dimensional loss function at each
training session. Thus, it better assists the network model for
fitting and accelerates the convergence process. This results in
better quality of the generated fruit images in the target domain.

The specific process of the method is as follows. First, the quan-
tifiable descriptor values of the ith fruit shape, color, and texture
features in the source and target domains are calculated in turn,
and normalized. They are denoted as S;, C;, and T, respectively.
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Next, the specific weight P; is calculated for each fruit sample
under different eigenvalue labels. It is used to describe the mag-
nitude of variability in the values of different feature descriptors,
as shown in Equation (9).

Py =Y/ >, Yy ©)

where j takes the three characteristics of S,C,and T in turn as
three different indicators.

Next, according to the definition of information entropy in
information theory, the larger the value of the descriptor variance
of different fruit samples, the more information can be provided in
the training of the GAN model. Therefore, more weights need to be
assigned to them during the model training process. At this time,
the information entropy of a set of data is calculated as shown in
Equation (10).

E}' =-In (]’1)71 Z?:l PU lnPU (10)

Finally, the weight of each index is obtained according to the
formula of information entropy:

wj:%(j:s,c,T) (11)

Experiments and results

In the experimental part of this study, we followed the conclusions
related to the optimal source domain selection in EasyDAM_V3
from the previous study. The optimal source domain dataset
for most fruits, i.e. pear fruit images, was used as the source
domain. Three fruits with large differences in phenotypic char-
acteristics, i.e. pitaya, cucumber, and eggplant, were selected as
target domains. Phenotypic feature spanning fruit translation and
label generation experiments were conducted. The accuracy of
label frame generation was calculated. This can not only verify
the generalization of the automatic fruit labeling method in this
paper, but also verify the feature conversion performance of the
proposed fruit translation model in fruits with large differences
in phenotypic features.

Dataset introduction

In our prior research, we conducted experiments involving the
automatic labeling of various fruit types. In EasyDAM_V1 [7],
we assessed apples and tomatoes, which share a similar shape
to the source domain fruit (orange). EasyDAM_V2 [8] involved
the evaluation of mangoes and pitayas, exhibiting minor shape
differences from the source domain fruit (orange). Recognizing
the issue of random fruit type selection from the source domain
in the previous studies [7, 8], we introduced EasyDAM_V3 [9],
utilizing pears as the optimal source domain while evaluating
oranges, apples, and tomatoes. In this study, we extended our
investigation to cucumbers, eggplants, and pitayas, which present
substantial shape disparities compared with the source domain
fruit. These choices pose a more formidable challenge to the
algorithm. In this study, two fruit datasets are used: a transparent
background fruit dataset and an actual orchard scene dataset
in the target domain. The transparent background fruit dataset
is used to train the Guided-GAN to translate the source domain
fruit images to the target domain images. After obtaining the
generated target domain transparent background fruit images,
the synthetic dataset of the target domain is constructed using
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Table 1. Collection information on three types of target domain fruit datasets.

Type of dataset Collection locations Number of unlabeled Number of
images labeled images
Pitaya A picking garden in Fangshan District, Beijing, China (latitude and longitude 265 112
115.968, 39.615)
Eggplant Fruit-262 public dataset [41] 380 136
Cucumber A picking garden in Fangshan District, Beijing, China (latitude and longitude 297 83

115.968, 39.615)

the synthetic dataset construction method with excellent perfor-
mance in the previous study [8] and the pseudo-label self-learning
method with adaptive threshold selection, and input to the fruit
detection model for training as well as iterative update. The label
information of the target domain fruits is obtained in the actual
orchard scene dataset of the target domain.

Transparent background fruit dataset

In order to enhance the domain adaptation of the automatic label-
ing method in different target domain scenarios and different
classes of fruits, we choose to use the method of transparent back-
ground fruitimage translation and synthetic dataset construction
in the previous study. The source domain fruit we choose is pear,
and the target domain fruits are pitaya, eggplant, and cucumber.
Compared with other commercially available fruit species, the
phenotypic features of these three types of fruit are more different
and discrete in distribution. Source domain fruit images with
similar feature distances could not be selected. The selection of
dataset is very suitable for the validation of the proposed method
,and can also provide a new solution to the scenario where the
best source domain can never be selected for the image trans-
lation task. The resolution in our dataset is uniformly 256 x 256
to allow feature analysis and deep learning model training. The
images in the dataset are obtained from the public dataset Fruits-
360 [40], actual fruit collections, and internet searches (no copy-
right restrictions). The fruit images of pear, pitaya, eggplant, and
cucumber are shown in Supplementary Data Fig. S8.

Actual orchard fruit dataset

To verify the effectiveness of the proposed method in this paper,
we collected and photographed the datasets of the actual scenes
of fruits in the three target domains mentioned above, as shown
in Supplementary Data Fig. S9. In order to ensure the diversity
of image samples collected in actual orchards, this study utilized
the actual scene shooting combined with internet images. There
are certain differences in shooting scenes, shooting environments,
shooting distances and shooting angles. These images were cap-
tured in the orchard field, with different shooting distances and
angles, and under different lighting conditions, such as the exis-
tence of near-field, far-field, backlight, etc., which made the fea-
tures, scales, and occlusion of different targets in the images vary
greatly and produced problems such as shape distortion and loss
of details. Moreover, most of the cucumber image targets are
extremely similar to the background color characteristics. All of
the above factors pose significant challenges for this study. The
datasets used in this paper have a wide range of applications and
richness, and their evaluation can demonstrate the generalization
capability of the proposed algorithm in this study.

The details of the three different fruit datasets are shown in
Table 1. For each dataset the details are presented as follows:

(i) Pitaya dataset. The images of this dataset were collected
from a picking garden in Fangshan District, Beijing, China. The

shooting method was handheld using a Samsung GalaxyS8 cell
phone (Samsung Electronics Technology, South Korea). To ensure
data diversity, we also collected pitaya data from other scenes
on the internet, including images from different scenes such as
distant, close,indoor, and outdoor. The dataset contains 377 pitaya
images. Among them, 265 unlabeled images were used as the
training set for the pseudo-labeling self-learning method, and 112
labeled images were used as the test set to verify the effectiveness
of the proposed automatic labeling method.

(ii) Eggplant dataset. The dataset images were mainly obtained
from the Fruit-262 public dataset [41] and eggplant images were
downloaded through an internet search. To ensure the scale
size of the target and the diversity of aspect ratios, this dataset
contains 516 eggplant images of different varieties from different
angles. Among them, 380 unlabeled images were used as the
training set for the pseudo-label self-learning method, and 136
labeled images were used as the test set.

(iii) Cucumber dataset. In this paper short-stalked Eurasian
cucumbers, which are commonly available in the market, were
used as the experimental samples. The images were collected
from a picking garden in Fangshan District, Beijing, China, and
from the internet. There are 380 images of cucumbers with white
spines and without spines. Among them, 297 unlabeled images
were used as the training set for the pseudo-labeling self-learning
method, and 83 labeled images were used as the test set.

Experimental strategies

In this study two parts of experimental training were conducted
for fruit image translation and fruit image detection, respec-
tively. For the fruit image translation part, the concept of optimal
source domain in the fruit auto-labeling task was demonstrated
in our previous study. This led to a decrease in the difficulty of
image collection and an increase in the fidelity of model training.
However, for some fruits with large differences in phenotypic
features, the best source domain fruits can never be selected,
so the Guided-GAN fruit translation network proposed in this
study can be used to achieve the leapfrog translation between
fruits with large differences in phenotypic features. To verify the
performance of the model proposed in this study, we selected
pear as the source domain and pitaya, eggplant, and cucumber
as the target domain for fruit image translation. For the fruit
image detection part, we complete the automatic fruit labeling
by the target detection algorithm CenterNet [42], and finally
output the labeled frame information of the fruit images in the
target domain. In the training process, we use the synthetic
dataset construction method in the previous study to construct
a large synthetic dataset of the target domain by establishing
the knowledge graph of the component synthesis rules to make
a detection model with better domain adaptation, and also use
the unlabeled target domain fruit images in the above dataset
to iteratively update the detection model by the pseudo-label
self-learning method of adaptive threshold selection to filter out
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low-quality imprecisely labeled frames to further extract the tar-
get fruit features and enhance the generalization of the method.
No manually labeled label information is used in the overall
training process to achieve the automatic fruit labeling task with
zero labor cost.

This experiment deployed a deep learning framework for
model training and testing on a computer platform with an
Intel Core i7-10700K CPU processor (64 GB of RAM), a GeForce
RTX 3090 GPU graphics card (24GB of video memory), and an
operating system with ubuntu 18.04 LTS, using the Python 3.6.5
programming language to implement the construction, training,
and validation of network models under the Pytorch 1.0.0 deep
learning framework.

For Guided-GAN model training, the network was trained using
a mini-batch adaptive moment estimation (Adam) optimizer with
a momentum factor of 0.5 and a batch size of 1. The learning rate
for the first 100 training epochs was set to 0.0002, and the learning
rate for the next 100 training epochs was set to zero with linear
recession.

For CenterNet model training, batch size was set to 4 and the
initial learning rate to 0.000125 for 100 training epochs and the
learning rate was decreased by a factor of 10 at the 90th training
epoch.

Evaluation metrics

The ultimate goal of the proposed method in this paper is to gener-
ate accurate label information for the target domain fruit dataset.
Therefore, we input the target domain fruit images obtained by
Guided-GAN translation into the detection model to obtain label
information. The accuracy of the label frames obtained by the
detection model was used as an evaluation index to measure
whether the label frames obtained by the method were accurate
enough. Thus, the performance of the proposed model in this
paper was verified. There were three main metrics used. They
were precision (P), recall (R), F1 value, and average precision (AP).
Higher values of the corresponding metric indicated higher qual-
ity of tag generation in the target domain scenario. In addition,
the precision, recall, and F1 values used in this paper were taken
from the values at the equilibrium point. The P, R, and F1 values
were calculated using Equations (12)-(14), respectively:

P= TPTEFP (12)
R=1 (13)
F1= ZPR (14)

where TP indicates the number of true-positive samples. In the
target domain, the fruit dataset indicates the number of fruits
with correct automatic labeling results. FP indicates the number
of false-positive samples. In the target domain, the fruit dataset
indicates the number of samples in which the non-fruitful targets
are incorrectly labeled. GT indicates the number of fruitful sam-
ples in the test set obtained by the manual labeling method. The
formula shows that we expect a high TP value as well as a low FP
value. The average accuracy AP is used as a standard measure to
evaluate the sensitivity of the network in detecting fruit targets
with respect to the target object. It is used in this experiment to
synthetically represent the performance of the automatic labeling
method. Its physical meaning is the area of the P-R curve, which is
the average of the precision P as the recall R varies in the interval
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0-1. It can be calculated using Equation (15):
AP = [tP®/dR (15)

where P, represents the precision P as a function of recall R at
different confidence levels. Since the performance comparison
results are not the same for different confidence levels, the per-
formance of different networks will be determined mainly by the
value of AP in this paper. Meanwhile, the rest of the evaluation
values will be given in the paper for further study and analysis.

Results

In the experimental part of this study, we implemented unsuper-
vised automatic labeling tasks for pitaya, eggplant, and cucumber
datasets in the following two experimental parts:

(i) Based on Guided-GAN, a fruit image translation network,
spanning fruit image translation with large differences
in phenotypic features was achieved. Foreground images
of large batches of pitaya, eggplant, and cucumber were
obtained using pear image translation. The three parts of
the experiments are denoted as pear2pitaya, pear2eggplant,
and pear2cucumber (described in detail in the Fruit image
translation results section).

(ii) The synthetic dataset is constructed using the simulated
fruit foreground images of the target domain generated
by the translation. It is subsequently input to the anchor-
free target detection algorithm CenterNet [42]. The detec-
tion network is updated cyclically using a pseudo-label self-
learning method with adaptive threshold selection to opti-
mize the network model. The obtained training weights of
the network model can be expressed as Mpitaya, Meggplant, and
Mcycumber, @nd finally the label information of the actual
scene dataset in the target domain is output (described in
detail in the Automatic fruit labeling results section).

Fruit image translation results

The translation results of fruit images will directly determine the
accuracy of the automatic labeling task. The main goal of this
study is to achieve spanning translation between fruit phenotypic
features, so we verify the effectiveness of the proposed method
by using duck pear as the source domain and performing the
translation of pitaya, eggplant, and cucumber images to achieve
the translation between fruits with large feature differences. We
also compare with the fruit translation models CycleGAN and
Across-CycleGAN, which performed well in the previous studies
EasyDAM_V1 and EasyDAM_V2.

In this paper, we used 561 pear images with transparent back-
ground to train three models, Guided-GAN, CycleGAN, and Across-
CycleGAN. To better match the target domain dataset, we con-
ducted two pear2cucumber experiments. The images of cucum-
ber with and without white tubercle spines were generated by
translation. Figure 4 shows the visualization results of translating
pear images to pitaya, eggplant, and cucumber images using
different models in this study in turn. It can be seen that there
are extremely obvious differences between the source domain
fruit images and the real target domain fruit images in terms of
features such as shape, texture, and color. Thisis a great challenge
for the image translation model.

For the pear2pitaya experiment, the pitaya sample exhibits
extremely complex texture and shape features in the 2D image
due to the presence of a large number of scale structures. This is

920z Arenigad |z uo 1sanb Aq £92G1.52/2009BYN/E/L L/aIo1ME/IY/WO0"dNO"0jWapede//:sdny Woly papeojumoq



10 | Horticulture Research, 2024, 11: uhae007
Input source . Across-
domgingmeges I Guided-GAN CycleGAN CycleGAN I Ground truth
1 1
1 |
VRN I
o @ -
1 - 1
1 1
1 1
1 1
1 1
\ 1 1
1 1
1 1
1 1
1 1
1 1
(A)
Input source ; Across-
dometin iimages : Guided-GAN CycleGAN CycleGAN : Ground truth
1 |
AL ]! !
I J i
4 1 |
| |
| |
| 1
1 |
.\ 1 |
1 |
1 |
1 |
_ | |
Input source : Across-
I —— : Guided-GAN CycleGAN CycleGAN : Ground truth
1 |
( I I
G5\ | |
1 |
J 1 1
1 1
| |
| |
1 |
-\ 1 |
1 |
1 |
1 |
_ | |

Figure 4. Visualization results of fruit translation performed by different models. A is the translation result of the pear2pitaya experiment, B is the
translation result of the pear2eggplant experiment, and C is the translation result of the pear2cucumber experiment.

a major challenge for the GAN to accurately characterize the fruit
features. As can be seen in Fig. 4A, the CycleGAN model generates
images that are more realistic in terms of color. However, the
shape information of the original image is retained, resulting in
less than ideal translation results. In contrast, Across-CycleGAN
adds a structural similarity loss function across cycles. It shows
a large difference in shape compared with the source domain
image. But there is also the problem of image distortion.

For the pear2eggplant experiment, the texture features of the
eggplant image are not complex; however, the color and shape

features differ significantly from the pear image in the source
domain. It can be seen in Fig. 4B that the CycleGAN model, which
performs well in coloring, has distortions in color. This is mainly
due to the fact that the CycleGAN model is not sufficient to
support it for feature translation across a large span of time. This
ultimately leads to unsatisfactory results. The Across-CycleGAN
model, on the other hand, ensures that the color features are
successfully transformed with a large variation in shape. But the
translated results have some noise interference. This is mainly
because the problem of weight leveling of different loss functions
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Figure 5. Target domain synthesized dataset images by EasyDAM_V2. A Cucumber synthesized image. B Eggplant synthesized image.

can have some impact on the generated images. This is not ideal
for unsupervised automatic labeling tasks.

For the pear2cucumber experiment, this study conducted
translation experiments for thorny cucumber and thorn-
less cucumber. As can be seen from Fig. 4C, the cucumber
images generated by both the baseline method CycleGAN and
Across-CycleGAN have different degrees of distortion. Although
Across-CycleGAN enables large changes in shape features, the
constraints of the model do not guarantee that it generates
realistic images in the spanning fruit image translation task.

In addition, the number of our proposed Guided-GAN parame-
tersis 12.83 MB with 119.83 GFLOPS, and 4 GB of RAM. Meanwhile,
the number of Across-CycleGAN parameters is 13 MB with 124.62
GFLOPS, and 4GB of RAM. The number of CycleGAN parameters
is 11.38 MB with 116.45 GFLOPS, and 4GB of RAM. The number
of Guided-GAN parameters is slightly larger than that of the
CycleGAN used in EasyDAM_V1. With a slightly smaller number
of parameters than the Across-CycleGAN used in EasyDAM_V2, it
achieves better experimental transformation results.

In summary, it can be seen that we cannot achieve satisfactory
results using other baseline schemes in the spanning fruit transla-
tion task with large differences in phenotypic features. In contrast,
the Guided-GAN model proposed in this paper can accurately
characterize the phenotypic features of fruits during the training
process by introducing a feature map of shape textures and a
multi-dimensional feature loss function. Constraints are placed
on the process of generating images, thus achieving results in

multi-class fruit translation with large differences in phenotypic
features.

Automatic fruit labeling results

In this section of experiments, we implement an unsupervised
automatic labeling task for pitaya, eggplant, and cucumber
datasets. We construct synthetic datasets using the target domain
simulated fruit foreground images generated by the translation.
Subsequently, they were input to CenterNet [42], an anchor-
free-based target detection algorithm. The detection network is
updated cyclically using a pseudo-label self-learning method with
adaptive threshold selection to optimize the network model. The
obtained training weights of the network model can be denoted
as Mpitaya, Meggplant, @aNnd Mcycumver- The final output is the label
information of the actual scene dataset in the target domain.

We then input the syntheticimages and their label information
into the CenterNet detection model for pre-training. The label
frame information is optimized using a pseudo-label self-learning
method with adaptive threshold selection strategy. The trained
models Mpitaya, Meggplant, ad Meycumper are input to the actual
orchard images for testing detection accuracy. The visualization
results of label generation in this study are shown in Fig. 7.

For the Mpitaya experiment, the automatic labeling EasyDAM
series method from the previous study was used as the baseline
method for comparison in this study. For the eggplant and cucum-
ber datasets, due to the large differences in phenotypic features
between the source and target domain, it is more difficult for

920 Areniga4 Lz uo 1senb Aq £92G1G/2//009BUN/E/L L /A[01HE/1U/Wod"dNo"dlWapedE//:sdny wouj papeojumoq



12 | Horticulture Research, 2024, 11: uhae007

Figure 6. Synthetic dataset images in the target domain. A is the synthetic image of pitaya, B is the synthetic image of eggplant, and C is the synthetic

image of cucumber.

the method in the previous study EasyDAM_V2 (8] to generate
complete fruit images in large batches. As shown in Fig. 5, the
converted cucumber and eggplant images differ greatly from the
real images and lack fidelity, which makes it difficult to carry out
subsequent experiments. Therefore, the EasyDAM series methods
are not used for comparison in this study. Figure 6 shows the
synthetic dataset images in the target domain. Figure 7 shows
the visualization results of our automatic labeling in the three
datasets. As can be seen from the figure, for the pitaya labeled
boxes, the confidence is mostly above 0.5, indicating that the
algorithm has a high degree of certainty about the labeling results.
In contrast, the confidence for the cucumber and eggplant labeled
boxes is mostly below 0.5, indicating that the algorithm lacks
a high degree of certainty about the labeling results for these
targets. So pitaya has a higher labeling accuracy.

Table 2 shows the results of the automatic labeling method
proposed in this study compared with the previous research
methods. In this table, ‘EasyDAM_V2’ method denotes the base-
line method used for the comparison experiments. ‘Synthetic
dataset method’ denotes the labeling accuracy obtained by train-
ing the detection network using synthetic dataset only. ‘Proposed’
denotes the final label generation accuracy obtained by training
with the pseudo-labeling self-learning method after fruit image
translation using Guided-GAN.

We have analyzed and discussed the following results. In three
different experiments, we achieved better results in four met-
rics—precision, recall, F1 value, and average precision—using the
method proposed in this study. The average precision in the Mpitaya
experiment is 0.878, which is a 5.7% improvement compared with
the baseline method. This is a 25% improvement compared with
the synthetic dataset-only method. The average precision in the
Meggplant €Xperiment is 0.870, which is a 17.88% improvement over
the synthetic dataset-only method. The average precision in the
Mcycumber €Xperiment was 0.807, a 15.9% improvement compared
with the synthetic dataset-only method. Because the phenotypic
characteristics of eggplant and cucumber differed significantly

from those of pear fruit images, the pre-baseline method Easy-
DAM_V?2 was unable to achieve the desired results, so it was not
compared with them in these two parts of the experiments.

In addition, it can be seen that in the Mpitya €xperiment the
improvement of label generation accuracy is more obvious after
using the pseudo-label self-learning method. This is mainly due to
the presence of a large number of prominent scales in the pitaya
samples. The detection model would predict the scales as sepa-
rate fruit samples, leading to a decrease in detection accuracy.
This part of the noisy labels can be effectively filtered out by
the pseudo-label self-learning method. Thus, a higher detection
accuracy is achieved. A significant performance improvement is
achieved.

In addition, the number of CenterNet parameters is 32.66 MB
with 70.12 GFLOPS, and 4 GB of RAM. The confidence is 0.1 when
visualizing the analysis.

In summary, the automatic labeling task of fruits with large
differences in phenotypic characteristics across target domains
can be achieved very effectively using the method proposed in this
study. Excellent performance was achieved in pitaya, eggplant,
and cucumber datasets. The method can also help agricultural
researchers to achieve realistic fruit image translation when the
fruit feature distribution is too different to select the most suitable
source domain dataset for fruit translation tasks. The method can
be better applied to downstream tasks.

Discussion and conclusions

As summarized in Table 3, we proposed the EasyDAM series, aim-
ing for a zero-cost fruit automatic labeling task. EasyDAM_V3 [9]
analyzes the fruit phenotype by quantitatively analyzing multiple
dimensions, including shape, texture, and color. Then it compares
the variability between different fruits to determine the most
suitable source domain for target domain transformation. Thus,
the model transformation effect is improved. In this paper a new
fruitimage transformation model, Guided-GAN, is proposed based
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(A)

(B)

©)

Figure 7. Visualization images of pitaya, eggplant, and cucumber label generation effects under different shooting angles and environments. The
number of labeled boxes in the figure is the confidence of that labeled box. A Image of pitaya scene. B Image of eggplant scene. G Image of cucumber

scene.

Table 2. Label generation results obtained in the actual scene datasets of the three target domains and compared with the

EasyDAM_V2 method. (mAP: Mean Average Precision).

Experiment Test set Method Precisiont Recallt F1 score mAP}
EasyDAM_V2 method 0.782 0.778 0.780 0.821
Actual orchard pitaya .

Mpitaya . Synthetic dataset method 0.682 0.682 0.682 0.628

images
Proposed 0.871 0.868 0.869 0.878
Meggpiant Actual orchard eggplant Synthetic dataset method 0.711 0.719 0.715 0.6912
images Proposed 0.834 0.838 0.836 0.870
M Actual orchard Synthetic dataset method 0.637 0.637 0.637 0.648

cucumber .

cucumber images Proposed 0.738 0.753 0.777 0.807

on EasyDAM_V3 [9], which transforms more significant pheno-
typic differences, especially in terms of shape. When the most
suitable source domain fruit cannot be selected, realistic fruit
images can also be obtained in the target domain, thus further
improving fruit label generation. A new fruit image translation
model, Guided-GAN, is mainly designed to be able to obtain realis-
tic fruit images in the target domain even when the most suitable
source domain fruit cannot be selected for image translation.
It is also possible to obtain realistic fruit images in the target
domain. The method can correspond to a wider range of target
domain fruit classes in automatic labeling tasks. The difficulty
of source domain fruit selection is greatly reduced. It has better
performance for all fruits with large feature differences. We also

compare it with the EasyDAM series method in the previous study
and demonstrate the effectiveness of the proposed method in this
study.

To validate the effectiveness of the method in this study for
the task of automatic labeling of spanning fruits with large differ-
ences in phenotypic features, we chose to use the pear dataset
as the source domain and the pitaya, eggplant, and cucumber
datasets as the target domains. The Guided-GAN model was used
for fruit image translation, and we compared it with the CycleGAN
and Across-CycleGAN models. It can be seen from Fig. 7 and
Fig. S1-2 in Supplementary Data that the Guided-GAN model
achieves the best results. The other methods cannot achieve
satisfactory results in the fruit translation task with large feature
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Table 3. Summary of the study.

Method Type of fruit

Algorithm characteristics

EasyDAM_V1 [7] Source domain: orange

Target domain: apple, tomato

Based on the image transformation model CycleGAN, it achieves high-precision
automatic annotation of fruit scenes with similar fruit shapes in the source

domain and fruit in the target domain.

EasyDAM_V2 [8] Source domain: orange

Target domain: mango, pitaya

Design the Across-CycleGAN. Through the MSSSIM structural consistency loss
function and the cross-cycle loss function comparison path, it achieves

high-precision automatic annotation of fruit scenes with miniature deformation
of fruit in the source domain and fruit in the target domain.

EasyDAM_V3 [9] Source domain: pear
Target domain: orange, apple,

tomato

Propose the concept of optimal source domains for the first time. The most
suitable source domain fruit dataset is selected for the target domain using a
multidimensional spatial feature model. And propose a large-volume dataset

construction method, which can obtain fruit labeling information automatically.

EasyDAM_V4 Source domain: pear
Target domain: pitaya, cucumber,

eggplant

Design the Guided-GAN. Through the multi-dimensional phenotype feature
extraction method based on latent space and multi-dimensional loss function
design method based on the entropy weight method, it achieves high-precision

automatic annotation of fruit scenes with large deformation of fruit in the
source domain and fruit in the target domain.

differences. Therefore, the Guided-GAN fruit image translation
model proposed in this paper can achieve realistic image trans-
lation with large differences in features, especially in shape fea-
tures. Subsequently, in order to demonstrate the effectiveness
of the automatic labeling method more intuitively, we use a
synthetic dataset construction method and a pseudo-label self-
learning method for automatic labeling of the target domain
dataset for the translated images. Average precision of 87.8% was
achieved in the pitaya dataset using the method of this study,
which is a 5.7% improvement compared with the previous study
method. Average accuracy of 87.0% was achieved in the eggplant
dataset. In the cucumber dataset, the average precision of 80.7%
was achieved. It has certain value and significance in practical
production life. In summary, it can be seen that the Guided-GAN
fruit translation model proposed in this study can achieve more
realistic leapfrog fruit target translation with large differences in
phenotypic characteristics while ensuring the diversity of gen-
erated samples. It provides more realistic and effective target
foreground features for the subsequent fruit detection models.
Thus, the labeling accuracy of the automatic fruit labeling task
is improved. In addition, since this study can achieve large shape
translation, it significantly improves the applicability of the auto-
matic labeling method and reduces the difficulty of fruit selection
in the source domain. The EasyDAM_V4 method is also able to
perform the automatic labeling task accurately and efficiently
when the best source domain dataset cannot be selected due to
the discrete feature distribution.

Meanwhile, from the results, we found that the automatic
labeling accuracy of eggplant and cucumber is lower compared
with pitaya. This is due to the fact that both eggplant and cucum-
ber targets are long. The detection frame is relatively large in
length and width. The color characteristics of the cucumber
target are very similar to the background. All these factors make
it more difficult to train the detection network. The detection
accuracy is slightly reduced compared with pitaya samples. When
applying our method, there are several points to consider. During
the image acquisition and processing stage, incorrect operation
in photographing should be avoided. Make the fruit as clear as
possible in the image and reduce blurring caused by camera
movement. During the image selection stage, try to select the
fruit images with less occlusion to avoid serious mutilation or
deformation of the fruit. In recent studies, we have noticed that

some studies have used anchorless frame detectors and balanced
positive and negative samples to improve the detection perfor-
mance of fruit targets with relatively large aspect [43, 44]. We will
subsequently study and discuss this research idea to improve the
fruit detection model and improve the performance of automatic
labeling methods.

Several substantial challenges persist in practical orchard
applications, such as yield estimation and fruit harvesting,
including the complexities associated with implementing deep
learning algorithms and the protracted duration required for
fruit phenotypic parameter analysis [45, 46]. Notably, within
these challenges, the extensive training times demanded by
deep learning models and the prohibitive expenses linked to
manual labeling emerge as pivotal determinants [47, 48]. The
automatic labeling method introduced in this study demonstrates
adaptability to diverse orchards and variable environmental
conditions. It effectively streamlines the construction of deep
learning models, significantly mitigating the burdensome
time investments typically associated with training. Further-
more, it circumvents the exorbitant costs linked to manual
labeling procedures. Consequently, this method expedites the
observation and analysis of essential fruit attributes such
as shape and color, thus furnishing a robust foundation of
data and innovative technical support for fruit phenotypic
analysis.

To promote the widespread use and implementation of our
method, we have made the dataset, as well as the model weights,
and the test code publicly available in Github. The download
link is available. Meanwhile, we plan to develop an online
automatic labeling platform to provide other researchers with
convenient, efficient, and accurate automatic labeling tools in
the future. The platform will enable researchers to upload fruit
images to be labeled on demand and with guided manipulation.
Thus, the task of automatic labeling of different fruit images is
accomplished.
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