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Abstract. Nowadays deep networks provide excellent results in the con-
text of object segmentation. Available models have been trained on com-
mon objects and are not designed to segment speci�c objects such as
fruits or vegetables. In order to help breeders to accelerate and to mod-
ernize the process of agriculture products phenotyping, it is necessary
to �ne tune general models on speci�c species. Nevertheless, a minimum
amount of annotations are required for this retraining step. In this pa-
per, we propose a solution to minimize the annotation workload for each
specie. The main idea consists in leveraging the annotations of one specie
A in order to �ne tune a model on a specie B with few annotations. For
this purpose, we propose an Instance-based CycleGAN (ICG) that cre-
ates synthetic images of specie B along with corresponding annotations.
By �ne tuning a segmentation network with these synthetic images and
annotations, we show that this network can obtain very good perfor-
mance on the new specie B, without requiring to manually annotate a
large amount of images for this speci�c specie B.

Keywords: CycleGAN, Instance segmentation, Unsupervised, Synthetic anno-
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1 Introduction

Proper detection and localization of agriculture products, such as fruits and veg-
etables, are critical for the growth of the economy in the Agri-food sector [1].
Particularly fruit detection is essential in agriculture products phenotyping due
to the bene�ts it brings to crop breeding activities. Digital, automatic, and re-
liable phenotyping technologies are highly important to boost the advancement
of genetic gain in breeding programs [2]. In fact, Computer Vision, Deep Learn-
ing, and Image-based Technologies applied to plants phenotyping aid to reduce
the workload of scienti�c researchers by automatically measuring phenotypic in-
dicators which accelerates the progress toward crop breeding optimization [3,
2]. Moreover, plant phenotyping involves challenging computer vision tasks that
require advanced image segmentation models that distinguish between diverse
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instances of objects in an image [2]. In recent years seeds companies started to
develop Deep Learning models for precise fruit detection and segmentation of
images acquired under uncontrolled conditions for the purpose of phenotyping.
However, the annotation process required to build training datasets constitutes
a bottleneck considering the change in varieties and typologies of species every
year.

Since experts have already spent time to annotate images of few species, in
this paper, we are trying to leverage this annotation to automatically annotate
images of new species. Considering that we have a good amount of images and
annotations for one specie, called A, and only few images and annotations for
a second specie B, we propose a solution to create additional synthetic images
of specie B along with accurate mask annotations, as illustrated on Fig. 1. And
we show that this additional data can clearly boost the segmentation results on
specie B.

Instance-based
CycleGAN 

(ICG)

Real cucumbers
with annotations

Fake carrots
with annotations

Supervised
training of carrot

Segmentation

Fig. 1. Our Instance-based CycleGAN is able to independently transform each instance
from one specie to another one while preserving the background. Thus, starting from
a labeled dataset of cucumbers (specie A) and few carrot images (specie B), we can
create many fake carrot images with accurate synthetic masks to train a new network.

Generative adversarial networks [4] are good solutions to create realistic syn-
thetic images of a new specie, and specially to solve the problem of image-to-
image translation [5, 6]. In this case, it is possible to provide images from two
species and learn to translate from one specie to another. While Pix2Pix requires
paired images where the objects have to be located at the same position in the
images [5], CycleGAN can be trained with unpaired data thanks to a cycle con-
sistency process [6]. This network is more adapted to real applications where
we have images of two di�erent species acquired under uncontrolled conditions.
Nevertheless, the classical training of a CycleGAN can't solve our problem of
missing annotations for the second specie B. Indeed, Fig. 2 illustrates the image
translation process when using a classical CycleGAN transforming a cucumber
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(specie A) image to a carrot (specie B) image. The network is able to provide
realistic carrot images but without any mask annotations for these fake images.

Fig. 2. Example of CycleGAN failed experiments.

In order to solve this problem, we propose a new approach called Instance-
based CycleGAN (denoted ICG, hereafter) that preserves the background of
the input image (specie A) and transforms individually and independently each
instance of this image to the second specie B. With this solution, we can control
the image location where we paste our new fake object and hence accurately
deduce the mask annotations of each instance of specie B (see. Fig.1).

The main contributions of this work are the following:

� We show that CyceGAN is a good solution to create synthetic images in the
context of fruits/vegetables segmentation.

� We propose an Instance-based version of CycleGAN, that is able to transform
independently each instance of one specie to a second specie.

� We run extensive experiments on real data showing that our solution helps
in segmenting carrots in real images acquired under uncontrolled conditions.

� We �ne tune and test the classical Mask R-CNN [7] on our synthetic images.

The rest of the paper is organized as follows: the related works are presented
in section 2 while section 3 is devoted to our proposed CycleGAN pipeline. The
experiments and results are described in section 4 and �naly, we conclude and
propose future works in section 5.

2 Related works

Generative Adversarial Networks (GANs) GANs were introduced in [4],
and since their appearance in the �eld of Deep Learning they have achieved
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outstanding results in many domains, such as image colorization [8], super-
resolution [9], image inpainting [10], and image-to-image translation [5, 6]. Con-
ditional GANs (CGANs) were proposed to guide the data generation process by
conditioning it to a given input variable [11]. In fact, CGANs were employed
for Image-To-Image translation tasks, where the generation of output images
is conditioned to a given input image, as in Pix2Pix [5] and CycleGAN [6].
While Pix2Pix works with paired training data, CycleGAN handles unpaired
image-to-image translation, which gives much wider possibilities to experiment
with translation models between domains and scenarios where paired correspon-
dences are simply not available, such as when transforming zebras to horses,
apples to oranges, or cucumbers to carrots. Given that there are no pair corre-
spondences in CycleGAN, the generation process is regulated by incorporating
a cycle consistency constraint in the translation, which is inspired by the idea
that when translating from one domain to another, and then back to the original
domain, the initial information must be preserved [6].

It has been reported that the cycle consistency loss in CycleGAN does not
necessarily ensure structural consistency between input and generated image
[12], which can be problematic in the case of data generation for segmentation
purposes since the corresponding segmentation mask of the input image (from
domain A) would not match the structure of the generated image (from domain
B). In order to solve this, some approaches have been proposed in the literature,
which include: SECLEGAN [13], CySGAN [14], and the model proposed by Yang
et al. [12]. However, these previous approaches [13, 14, 12] do not change the
shape of objects (object trans�guration) during translation, since they impose
structural constraints to ensure consistency between input and generated images.
In contrast, InstaGAN [15] does allow object trans�guration but it increases the
complexity of the network by including a context preserving loss.

Our method is di�erent since we leverage the capacity of CycleGAN to change
the shape of instances during translation without increasing the complexity of the
network. Furthermore, our method ensures that the network sees single instances
of each domain during training, and thus is able to learn features on the instance
level with higher details, which enhances the realism of the generated instances
and allows to work with domains that highly di�er in color, texture, and shape,
and therefore to perform unpaired instance-to-instance translation. Moreover,
we will show in section 4 that by working on an instance level, the network
generates instances of another domain with a clean background, which allows
the estimation of the corresponding groundtruth segmentation mask.

Segmentation Mask R-CNN was proposed in [7], it extends Faster R-CNN
[16] by including an additional output branch to predict segmentation masks,
in parallel with the existing branch for classi�cation and bounding box regres-
sion. In our research work, we use the Detectron2 [17] framework developed by
Facebook, which is a state-of-the-art library for object detection and segmenta-
tion algorithms; it includes di�erent architectures such as Faster R-CNN, Mask
R-CNN, RetinaNet [18], Panoptic FPN [19], and DensePose [20]. Recently, De-
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tectron2 has been used in the agriculture sector in [21], where the authors worked
on instances segmentation of olive trees, soil, and shadow areas.

3 Instance-based CycleGAN

Our main task consists in creating synthetic images of carrots with mask anno-
tations, so that we are able to train a carrot segmentation network. Assuming
that we have a large image dataset of cucumbers with mask annotations and
a small dataset of carrots with mask annotations, we propose to supplement
the carrot dataset with fake images that are transformed versions of cucumber
images. For this purpose, we train an instance-based CycleGAN (ICG) from a
subset of the cucumber dataset and the full set of real carrot dataset. The idea
is to train our ICG with balanced data between cucumbers and carrots. This is
illustrated in Fig. 3, where we can see that the cucumber dataset is split in two
subsets Cc1 and Cc2. Our ICG is trained with the set Cc1 and the real carrots
RC1. Then, the trained ICG is used for inference on the Cc1 subset to create the
fake carrots FC1, while the subset Cc2 is giving birth to the fake carrots FC2.
These two sets of fake carrots (FC1 and FC2) are considered di�erently in the
experiments, since FC1 is obtained from Cc1 which has been used for training
ICG while FC2 is obtained from completely new cucumber images Cc2, not used
for ICG training.

ICG
training

ICG
inference

Real
carrots

Fake
carrots

Fake
carrots
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u
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RC1
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Fig. 3. The exploitation and creation of the cucumber and carrot images. All the
cucumber images are real images with mask annotations.

The training step of our ICG is detailed in Fig. 4. The inputs are from
both side cucumbers (Cc1) and carrots (RC1) along with the corresponding
mask annotations. The provided masks are used to extract each instance of
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the images and to paste it in a single image with black background. Since the
size of both datasets Cc1 and RC1 are low, we apply classical geometrical data
augmentation to each single image before feeding the network. Then, we apply
the classical CycleGAN training process with cycle consistency and unpaired
instance images [6].

To be precise, let consider the species (domains) A and B (which are cu-
cumbers and carrots, in our illustration). We have two generators GA and GB

creating fake images of specie A and B, respectively, and two discriminators DA

and DB which are trained to di�erentiate true from fake images of specie A and
B, respectively. The complete loss we are minimizing while training our ICG is
the following:

L(GA, GB , DA, DB) = LGAN (GA, DA, A,B)
+LGAN (GB , DB , B,A)
+λcycLcyc(GA, GB)
+λidLid(GA, GB),

(1)

where the GAN losses LGAN are the classical adversarial losses that control
that the transforms from A to B and from B to A are correct. The cycle loss
Lcyc controls that the model can transform one specie to another and back
(A → B → A and B → A → B). And the identity loss Lid regularizes the
generators to be near identity mappings when real samples of the target domain
are provided as the input to the generator. This regularization has been shown
to improve color composition in the mappings. λcyc and λid control the balance
between the losses.

The inference stage is detailed in Fig. 5. For this step we just consider the
transform from cucumber to carrot, and not the inverse since our aim is to
supplement the carrot dataset. Thus, the inputs are a cucumber image and
the corresponding mask image. The �rst step consists in the extraction of the
instances from the image and to paste it on a small image with black background.
Then our trained ICG is used to transform each cucumber instance into a fake
carrot. A simple thresholding on the result image can provide the corresponding
mask annotation. Finally, given the input original image and annotations, the
created fake carrots and their masks, we can paste the fake carrot on top of the
original cucumber image and provide the corresponding mask annotation. Note

...
...

... ...

...
...

CycleGAN

Instance
extraction

+
Data aug.

Instance
extraction

+
Data aug.

Instance-based CycleGAN
ICG

Fig. 4. Training step of our Instance-based CycleGAN.
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that the masks for the fake carrots are di�erent from the masks of the input
cucumbers since ICG is free to change the shape of the vegetables, depending
on the shapes of the trained images (cucumbers and carrots).

Real cucumbers
with annotations

Fake carrots
with annotations

CycleGAN Mask
creation

Instance
extraction

Fake
image
and

mask
creation

Fig. 5. Inference step of our Instance-based CycleGAN.

The fake carrots and their annotations are used to train a segmentation
network in a supervised way.

3.1 Implementation

The images used in all the experiments were captured by breeders and varietal
selection technicians. For the CycleGAN experiments, we used the CycleGAN
Tensor�ow 2 implementation available in [22]. Similarly as in [6], in all our
experiments we used a batch size of 1, a learning rate of 0.0002 with a linear
decay after the �rst 100 epochs, and a maximum total of 200 epochs. The weights
of cycle consistency and identity losses were set to λcyc = λid = 10 (eq. 1) for
all the experiments.

For the segmentation experiments, we used Detectron2 [17] framework ver-
sion "v0.6" and Mask R-CNN with feature pyramid network (FPN) built with
Resnet-101 as the backbone for instance segmentation (RESNETXT-101-FPN-
3X). We used this architecture in all our segmentation experiments. For the
transfer learning we used the pre-trained weights on ImageNet [23] and then re-
train the network for carrot segmentation. All segmentation models were trained
for 1000 epochs, with a learning rate of 0.0025, and the evaluation period was
set to every 100 epochs, where the evaluation during training is done with the
test images. Moreover, during inference and test, we used a threshold of 0.5 as
the minimum value for a prediction to be considered positive.

4 Experiments

4.1 Instance-based CycleGAN

Creating fake carrots. Since our objective is to use a small amount of anno-
tated data, we selected only 265 annotated carrots (RC1 dataset from Fig. 3)
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and 273 annotated cucumbers (Cc1 dataset from Fig. 3). We applied the pre-
processing steps of our CycleGAN pipeline, and in this case, 3 random rotations
were applied to each original image from each domain in order to achieve at least
1000 training examples per domain.

Figure 6 show examples of our CycleGAN pipeline, illustrating that it is
possible to generate realistic carrots, with variety in texture and color. The shape
is also modi�ed during CycleGAN translation and the segmentation annotations
of the fake carrots are estimated correctly. Moreover, the results of inference on
cucumbers not seen during training are satisfactory, which shows the robustness
of CycleGAN inference on new data.

Fig. 6. Illustration of the creation of fake carrot images.

Squashes and peppers. In order to show that this approach can be ap-
plied to many di�erent vegetables, we also train an ICG between peppers and
squashes. For this ICG, the di�erence between the shapes of the two species is
more important than between carrots and cucumbers. We train the ICG with
133 original pepper and 240 original squash annotations, with random rotations
to reach 1200 training images on each domain.

Figure 7 shows examples of transform between the two species. As we can see
our ICG is able to generate fake squashes and fake peppers which are realistic in
shape even with variations in texture and color. Figure 8 shows examples for the
full pipeline, creating images with several fake instances and their corresponding
annotations. As we can see, the instance segmentation annotations are estimated
correctly in both cases.
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Fig. 7. Examples of Squash/Pepper in-
stance transforms.

Fig. 8. Examples of Squash/Pepper
images and annotations transform.

4.2 Segmentation

For the segmentation experiments, we used real and fake carrot data (RC1,
FC1 and FC2 presented in Fig. 3) for training the segmentation network. For
testing, we have created a dataset of 1928 annotated carrots, acquired with
di�erent cameras under uncontrolled environments, with diversity in illumination
conditions and backgrounds. Moreover, the carrot images are also challenging
for a segmentation task regarding the number of instances per image, with a
minimum of 52, a maximum of 218, and an average of 122 carrots per image.

Evaluation Metrics We measured the performance of the segmentation
models with the following metrics: precision, recall, IoU [24], F1 score [25, 26],
and Average precision (AP). For COCO metrics [27], AP is the average across
multiple IoU levels (the minimum IoU value to consider a prediction as positive),
in fact, AP is measured as the average AP for IoU from 0.5 to 0.95 with a step
size of 0.05. Moreover, AP50 and AP75 are measured at IoU of 0.5 and 0.75,
respectively. In our research context, we use the COCO AP metric included in
Detectron2. In this work, the main idea is to create synthetic data to train a
network and not to provide realistic images. Consequently, we don't assess the
realism and quality of the generated images.

Results. Table 1 shows the results of the evaluation on the real carrot images
(1928 annotated carrots). Note that these images are from real carrots (no fake
image) and have never been seen during the segmentation network training.
They are real unseen test images. We provide the results on these images for
three di�erent sets of training data:

� Training on RC1 : 265 annotated carrots, the ones used for training ICG.
� Training on RC1 + FC1. FC1 is constituted by 273 fake carrots, outputs of
our ICG by transforming the cucumbers Cc1, which have been used to train
ICG.

� Training on FC2 : FC2 is constituted of 513 fake carrots, outputs of our ICG
by transforming the cucumbers Cc2, which have not been used to train ICG.

The results in Table 1 clearly show the improvements provided by our ap-
proach. Indeed, by using only the few real annotated data (RC1) to train the
segmentation network, we get an Average Precision (AP) of 70.52. If we supple-
ment this training set with fake carrots provided by our ICG, the AP increases
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Table 1. Segmentation results on real carrot images. Note that the 273 fake carrots
with an "*" are the transformations of the 273 cucumbers used to train our ICG, while
the 513 carrots of the last row are the transformations of 513 cucumbers not seen
during the ICG training.

Training data AP AP50 AP75 Precision Recall IoU F1

Original carrots RC1 (265) 70.52 86.32 83.87 94.90 89.01 84.80 91.66

Original carrots RC1 (265)
+ 72.46 86.50 84.17 95.44 90.09 86.39 92.58

Fake carrots FC1 (273)

Fake carrots FC2 (513) 74.56 89.29 88.07 93.79 92.18 86.88 92.93

to 72.46, showing that fake carrots can be used to train a segmentation network
and improve the results on real carrots. Finally, if we consider only fake carrots
(FC2) for training the network, we outperform the two previous results and get
74.56 as AP. This shows that fake data is not only useful to supplement a small
training set, but can be used to train a network without requiring any real data.

Consequently, we can conclude that our ICG has two main advantages:

� Annotation reduction. The experiments show that we can train a Cy-
cleGAN with only around 250 annotations from each domain and use real
and fake images to improve the results over a network that has been trained
only on real images. So without new annotations, the accuracy is boosted
by adding fake data.

� Robustness. The experiments show that our ICG can be fed with new cu-
cumbers (not seen during the ICG training) to provide fake carrots with
annotations that can be used to train a segmentation network that outper-
forms all the other networks trained with real data. This shows that ICG
can generalize to new images.

5 Conclusion

We have developed a CycleGAN pipeline that allows the network to perform
unpaired instance-to-instance translation and create a synthetic dataset for in-
stance segmentation. Thanks to this work we are able to leverage annotated
data from one domain and use it for the bene�t of a second domain with less
available data. Furthermore, we created a carrot segmentation model of images
acquired under uncontrolled conditions and increased the segmentation accuracy
by including fake data during training.

In addition, we show that our ICG is able to generate realistic instances,
with diversity in color, texture, and shape, both for cucumbers/carrots and pep-
pers/squashes dataset.

During our experiments, we have pasted each fake instance on the same back-
ground and similar location than the input real image, but it's clear that every
new created fake instance could have been pasted on any new background with
geometric augmentation applied to the object and the corresponding annotation.
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This would open the door to in�nite number of training data. This is the aim of
our future works.
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