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Abstract— Robotic waste sorting poses significant challenges
in both perception and manipulation, given the extreme vari-
ability of objects that should be recognized on a cluttered
conveyor belt. While deep learning has proven effective in
solving complex tasks, the necessity for extensive data collection
and labeling limits its applicability in real-world scenarios
like waste sorting. To tackle this issue, we introduce a data
augmentation method based on a novel GAN architecture
called wasteGAN. The proposed method allows to increase the
performance of semantic segmentation models, starting from
a very limited bunch of labeled examples, such as few as
100. The key innovations of wasteGAN include a novel loss
function, a novel activation function, and a larger generator
block. Overall, such innovations helps the network to learn from
limited number of examples and synthesize data that better
mirrors real-world distributions. We then leverage the higher-
quality segmentation masks predicted from models trained
on the wasteGAN synthetic data to compute semantic-aware
grasp poses, enabling a robotic arm to effectively recognizing
contaminants and separating waste in a real-world scenario.
Through comprehensive evaluation encompassing dataset-based
assessments and real-world experiments, our methodology
demonstrated promising potential for robotic waste sorting,
yielding performance gains of up to 5.8% in picking contam-
inants. The project page is available at https://github.
com/bach05/wasteGAN.git.

I. INTRODUCTION

Robotic waste sorting systems aim to recognize and sep-
arate materials (such as paper, plastic, metal, and glass) in a
chaotic waste stream with industrial robots [1]. Beyond mere
automation, this technology can make an impact at multiple
levels. It not only relieves humans from highly repetitive and
burdensome tasks but also supports the advancement of a
more circular economy. Consequently, there is a growing in-
terest among companies [2] and the research community [3],
[4] in developing robotic waste sorting technologies.

However, industrial waste sorting presents numerous chal-
lenges, including the irregular shapes of objects, high vari-
ability, and cluttered environments, all of which pose signif-
icant hurdles for perception and manipulation. Furthermore,
the availability of comprehensive public datasets tailored
for industrial waste management remains limited. To the
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Fig. 1: A general overview of the proposed pipeline for
robotic waste sorting.

best of our knowledge, ZeroWaste [5] is the only extensive
dataset, collected from a paper sorting facility in the US.
However, leveraging such data effectively poses significant
challenges due to the inherent variations in object classes
across sorting plants and the differing appearances of ob-
jects based on geographical locations [6]. This challenge
is particularly evident when dealing with dense annotations
such as semantic segmentation masks, despite their ability to
accurately represent irregular object boundaries compared to
other annotation techniques like bounding boxes.

To reduce the dependency on large training sets and boost
the applicability in waste sorting facilities, our work investi-
gates the opportunity of leveraging synthetic data. Previous
attempts using procedural data generation [7] proved ineffec-
tive. Therefore, we propose to use Generative Adversarial
Networks (GANs) to generate a large amount of synthetic
examples and augment the real-world data to train semantic
segmentation models. GANs have been preferred due to
the possibility of being trained with limited computational
resources and faster compared to other generative models,
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such as Diffusion Models [8]. Additionally, GANs have
proven successful in data augmentation, although primarily
in the contexts of image classification [9], [10], [11], [12] and
object detection [13], [14] tasks. While there have been some
efforts in applying GANs to semantic segmentation tasks,
such as SemanticGAN [15], these approaches have not been
extensively explored in industrial settings characterized by
unstructured object clusters, such as waste sorting facilities,
and constrained by data scarcity.

In response to these challenges, we introduce a novel GAN
architecture called WasteGAN. Building upon SemanticGAN,
our architecture is specifically tailored for rapid conver-
gence with minimal labeled data in the training set. Unlike
traditional GANs, our focus is not on producing photo-
realistic samples, but rather on generating synthetic sam-
ples that enhance the generalization capabilities of semantic
segmentation models in real-world scenarios. Experimental
results demonstrate the effectiveness of the proposed GAN-
based augmentation method when used to train different off-
the-shelf semantic segmentation models on the ZeroWaste
dataset [5], the most popular benchmark for waste sorting.
Compared to the baseline SemanticGAN [15], our approach
demonstrates superior performance across most cases.

To further showcase the effectiveness of the augmentation
achieved through WasteGAN in improving waste segregation,
we integrated a semantic segmentation model trained on the
augmented datasets into a real-world waste sorting system,
composed of an industrial robot equipped with a vacuum
gripper. Leveraging semantic segmentation of the scene, we
determine optimal grasping points for target contaminant
objects, enabling a robot equipped with a vacuum gripper to
remove them from the waste stream. Notably, our approach
addresses cluttered scenarios akin to those encountered in
actual waste sorting facilities, distinguishing it from previous
studies [16] that usually assume well-separated objects. The
overall scheme of the proposed approach is illustrated in
Fig. 1, starting from the top you can appreciate our data
augmentation technique based on WasteGAN and the conse-
quent grasping point generation for robotic sorting.

In summary, our contributions are (1) the introduction of
WasteGAN, a GAN architecture designed for data augmenta-
tion to address the constraints of limited annotated data and
cluttered unstructured scenes inherent of the waste sorting
domain; (2) an extensive validation of the proposed approach
by evaluating different state-of-the-art segmentation mod-
els trained on wasteGAN output, demonstrating an overall
improvement in semantic segmentation performance when
compared with other GANs synthetic outputs; (3) integration
of the proposed augmentation model in a real robotic waste
sorting system, exploiting the segmentation mask to extract
a suitable grasping point for an industrial manipulator; (4)
evaluation of the entire proposed methodology in a real paper
sorting application developed in a mockup environment in
our laboratory, highlighting the robustness and generalization
capabilities of the model trained with wasteGAN when used
in a different setting than the one of the training data.

II. RELATED WORKS

A. Robotic Waste Sorting Systems

A Robotic Waste Sorting System (RoWSS) is composed
of two key elements: (1) a perception system tasked with
identifying various types of waste within the working area
and (2) a robotic arm to physically pick and segregate
waste. RoWSS can be broadly categorized into (a) mobile
platforms [3] able to collect waste from the environment
and (b) industrial sorters intended for installation in waste
management facilities [2].

Our focus in this study is primarily on the latter category.
Koskinopoulou et al. [17] acknowledges the challenge posed
by data scarcity and the difficulty of generalizing to new
scenarios. The proposed solution involves a data augmenta-
tion technique that randomly pastes patches of waste images
onto random backgrounds. Despite the promising results,
their testing scenario lacks cluttered scenes and the variance
of objects remains limited to those present in the original
dataset. Conversely, Kiyokawa et al. [18] design a semi-
automatic data collection procedure, but again applicable
for single object detection. Using a generative model, we
want to go beyond these limitations, dealing with cluttered
scenarios and increasing the variance of the original dataset.
In addition to perception, manipulating waste poses a sig-
nificant challenge due to the large variability in the shape
and dimension of objects. Ku et al. [19] propose to use
depth images from an RGB-D camera to sample grasp poses,
represented as grasp rectangles [20], and score them with a
neural network to extract the most suitable one. However,
this method is effective only when the target object is clearly
distinguishable from the background in the depth image, thus
impractical for highly cluttered scenarios. Um et al. [16]
instead focuses on suction gripper technology, introducing a
scoring algorithm to evaluate the quality of grasping poses
on irregular surfaces. Despite the good results, this method
passes over the semantics of the scene and solely focuses
on computing the most suitable grasping pose. Recognizing
the importance of waste classification in the sorting process
alongside grasp success rate, we propose leveraging semantic
segmentation masks to compute suitable grasping poses in
our work.

B. Data Augmentation with GAN

Generative Adversarial Networks (GAN) have been in-
troduced by Goodfellow et al. [21]. The proposed model
was meant to generate new samples that were indistin-
guishable from a set of training examples. Many milestone
improvements have been developed, such as Conditional
GAN (C-GAN) [22], Wasserstein GAN [23], Progressive-
Growing GAN [24] and StyleGAN [25], [26]. These models
have demonstrated the capability to generate good-quality
images in various scenarios, inspiring data augmentation
techniques based on GANs. Most of the works are focused
on classification because applying GANs in this domain is
straightforward: it is possible to train multiple networks on
different classes to generate per-class synthetic samples and
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train a classifier [27]. However, this approach is very time-
consuming when the number of classes increases. Condi-
tional GAN solves the issue by using the label as a prior to
synthesize images of a specific class, allowing to generate
a labelled classification dataset [28], [29]. When it comes
to more complex tasks, such as semantic segmentation,
GANs have been applied in different ways. In the agriculture
scenario, Fawakherji et al. [30] used segmentation labels to
condition a C-GAN in order to generate new samples of
crops of the rare classes in the dataset to reduce the class
imbalance. However, this strategy is not suitable in the waste
sorting scenario where many objects of different shapes
and classes are cluttered. Li et al. [15] proposed a Style-
GAN-based architecture, named semanticGAN, to achieve
weak supervised semantic segmentation. Since images and
labels are strictly correlated, the authors wanted to exploit
the knowledge accumulated by the GAN trained on the
unlabelled dataset to ease the generation of labels for an
unknown query image. To do that, authors performed GAN
inversion [31] to map the query image into the latent space
of StyleGAN and then they drove the network to reconstruct
the original image alongside a coherent segmentation mask.
While this strategy has been demonstrated effective, it is slow
in inferring segmentation masks, reducing its applicability
in waste sorting scenarios where real-time processing is
required. To overcome these limitations, in this work we
investigate several architectural changes to SemanticGAN,
focusing on generating images and segmentation masks to
be used as training data for semantic segmentation models.
A similar approach was explored in DatasetGAN [32], where
the latent code of a StyleGAN-based architecture was used
to generate semantic segmentation labels using a lightweight
ensemble of classifiers. However, this idea relies on the
assumption that the latent code reflects certain structures in
the image (e.g., the position of eyes in a face) and fails in
unstructured scenarios, such as randomized clusters of waste.

III. METHOD

Our hypothesis posits that by augmenting a small set
of labeled data (e.g., 100) with generated samples, we can
alleviate the burden of data collection while simultaneously
improving model performance. In pursuit of this objective,
the proposed wasteGAN introduces architectural innovations,
including an optimized activation function, an enhanced
generator, and a novel loss function. Leveraging semantic
segmentation masks, we compute grasping poses to effec-
tively separate waste with an industrial robot.

A. GAN Architecture

We designed a GAN architecture, evolved from previous
work [15], [26], to effectively leverage limited amount of
real-world data. The architecture of the proposed wasteGAN
is shown on Fig. 2. Starting from SemanticGAN [15], we
refine the architecture of the generator G(w) : W →
XG × YG , where w is a latent variable and XG , YG are
the synthetic image-label couples. Since we do not need to
reconstruct the original image, we removed the unnecessary

GAN-inversion encoder while retaining the fully connected
mapping network FC : Z → W introduced in [26]. Instead,
we enhanced the generator’s capabilities by augmenting the
size of its blocks, achieved by stacking an additional style
layer atop the original two. This refined generator is denoted
as GenXL.

We made use of two discriminators as in Semantic-
GAN [15]: (1) Drgb : XR ∪ XG → R takes real (XR) or
generated (XG) images and gives a score to discriminate
between them; (2) Dseg : (XR,YR) ∪ (XG ,YG) → R takes
the concatenation of images and labels. While Drgb favors
the generation of high quality images, Dseg encourages the
generation of consistent image-label pairs. We used a residual
architecture for both discriminators, as in [26].

Originally, the last layer was a simple linear combination
of previous layer’s activations. Since discriminators are bi-
nary classifiers, the higher the confidence in the prediction,
the larger the output score. Linear activation implies a
quicker divergence and the overfitting of the discriminator,
especially when the training set is small. To reduce this effect
it is possible to use bounded activation like tanh(), which
however suffers of the zero-gradient problem. For these
reasons, we designed the Symmetric Logarithm function,
defined as:

slog(x) =

{
log(ax+ 1) x ≥ 0

− log(−ax+ 1) x < 0
, (1)

where a > 0 is a hyperparameter. The slog() function
is differentiable in R, and it better controls divergence in
case of large input activation since it follows a logarithm
trend, while mitigating the zero-gradient problem because
the gradient never goes to zero.

B. Loss Function

The WasteGAN adversarial loss comes from the hinge
loss [33], [34], we refer to this as cADV. For the discrimi-
nators, we introduce the following hinge losses:

LDrgb
= E

x∈XR

[
ReLU

(
k −Drgb(x)

)]
+

E
x∈XG

[
ReLU

(
k +Drgb(x)

)]
, (2)

and

LDseg
= E

x∈XR∪YR

[
ReLU

(
k −Dseg(x)

)]
+

E
x∈XG∪YG

[
ReLU

(
k +Dseg(x)

)]
, (3)

with k ∈ [0, 1]. The optimal value of L is D∗(x) =
sign(PR(x) − PG(x)) = ±k. Usually k is set to 1, such
that the discriminator tends to converge to the D∗(x) = ±1.
We instead set k to 0.5 to shift the equilibrium point towards
D∗(x) = ±0.5 to stay further from the low-gradient area.

For the generator, we used a loss composed of 3 terms:

LG = Lh + Lq + Limc, (4)

where Lh is an hinge adversarial loss, Lq is the quality
loss and Limc is the image-label correlation loss. The first
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Fig. 2: The overall structure of the proposed wasteGAN. In particular, we highlight the usage of the newly proposed methods,
i.e.,the improved generator (GenXL), the image-label correlation loss (Limc), the custom adversarial loss (cADV) and the
quality loss (Lq).

term in Eq 4 is an hinge loss, taking in account of both
discriminators.

Lh = −α E
x∈XG

[
Drgb(x)

]
+ (1− α) E

x∈XR

[
Drgb(x)

]
+

− α E
x∈XG∪YG

[
Dseg(x)

]
+ (1− α) E

x∈XR∪YR

[
Dseg(x)

]
.

(5)

The hinge loss Lh, expanded in Eq 5, penalizes the
generator when the discriminator correctly classify an image,
whether it is real or synthetic. we employed an unbalanced
hinge loss to better manage overfitting on the real data. We
empirically set α = 0.8, placing more emphasis on the first
term to achieve a better balance in training.

The second loss term in Eq. 4, Lq or quality loss, is
used to encourage high quality on synthetic images and is
composed of two terms: Lq = Lp+Ls. The first term Lp is
a perceptual loss [35] based on VGG features. Since GAN
tends to generate image with smooth edges, we also added
Ls = MAE

(
S(xR)−S(xG)

)
, where MAE(·) is the mean

absolute error and S(x) =
√
(x⊛ Sx)2 + (x⊛ Sy)2 is a

measure of the sharpness through Sobel operator.
Finally, Limc or image-label correlation loss has been de-

signed to promote the correlation between synthetic images
and labels. It is defined as a mean absolute error as follows:

Limc = MAE
(
PR(pi | lj)− PG(pi | lj)

)
, (6)

where the conditional distributions describes the probability
that a pixel with value pi is assigned to the label lj ,
respectively in the real and generated image-mask couples.

By minimizing Limc loss, we aim to maintain the rela-
tionship between labels and masks we have in real samples
also in the generated samples. Since PG(pi | lj) cannot be

computed a priori, we compute on the fly the probability
distributions using the image-mask couples in each mini-
batch and then we updated the actual distribution estimations
with exponential moving average (EMA). This term in the
loss function is also meant to retain annotations for the
infrequent classes, balancing the convergence to produce
more varied labels.

C. Training procedure

Our model has been implemented in PyTorch, starting
from the implementation of StyleGAN2 [26] from [36]. We
trained our GAN model with ADAM optimizer with learning
rate 10−4 for the discriminators and the generator and 10−6

for the mapping network W . At each training iteration, we
update discriminators Drgb and Dseg first and generator
G afterwards. Since discriminators are updated using the
weights of G, in Eq. 5 the gradient of second and forth
terms is non-zero.

We trained our model for 80K steps on a single NVIDIA
RTX 4090 GPU. We did not apply gradient penalty [37] since
the architectural changes proposed in Sec. III can control
gradients, avoiding the slow down in training time. It is
worth noticing that in the previous work of Li et al. [15],
the gradient propagation from Dseg to G was stopped since
the authors aimed to align the generated label with the
synthesized image, as opposed to altering the image creation
process to fit the labels, in order to generate a correct label
for the input image. In our case, however, we do not need
this constraint since we want to generate both images and
labels.

We trained the proposed wasteGAN architecture on a
dataset of 100 labeled examples taken from ZeroWaste [5].
The dataset contains images from a real-world paper sort-
ing plant and manually labelled with semantic segmenta-
tion masks of 5 classes (background+paper, rigid plastic,
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(blue) and the dataset with only 100 real samples. Black values are the performance gains of wasteGAN with respect to
semanticGAN. Red values are the performance gains with respect to training on 100 samples.

cardboard, metal, soft plastic). For comparison, we trained
semanticGAN [15] too. Since it requires a weakly supervised
setting, we prepared an additional unlabelled set of data of
11780 images obtained gathering the rest of ZeroWaste [5]
and part of ZeroWaste-v2 [7] dataset. The latter is acquired
in a paper sorting plant as well, but it does not provide any
label.

D. Grasp Point Inference
The generator G produces synthetic samples

(xG, yG) ∈ XG ∪ YG, which are combined with a limited
amount of real-world data to train state-of-the-art real-
time semantic segmentation networks to obtain better
performance. The segmentation masks derived from this
process are subsequently employed to determine suitable
grasping points for a robot equipped with a suction cup,
enabling the effective segregation of contaminants.

To compute grasping points, we considered two require-
ments: (1) the grasping point has to belong to the contami-
nant with high confidence and (2) the grasping point should
be near the center of the object to facilitate a stable grip. To
fulfill these requirements, we design a simple yet effective
algorithm. To optimize the positioning of the suction cup
within each segmented object, we apply erosion to the
boundaries of the segmentation mask using a kernel size
matching the radius of the suction cup. This ensures that the
cup is accurately placed within the object boundaries. Next,
to determine the centroid of irregularly shaped objects, we
iteratively applied an erosion morphological operator until
all clusters in the mask were reduced to single pixels. We
associate a score to each point based on the logits predicted

by the network. The final grasping point prediction will be
the point with the highest score i.e., the point with the higher
confidence in category prediction. Some examples are shown
in Fig. 6. Note that it is also possible to consider the top-k
points with the highest scores to compute grasping points for
k objects.

IV. EXPERIMENTS

To evaluate the effectiveness of WasteGAN for data aug-
mentation from limited annotated samples, we articulated
experiments both on ZeroWaste [5] dataset and in real-world.

A. Evaluation on Dataset

The evaluation pipeline on dataset is composed of four
phases: (A) the training of a GAN model on the small set
of 100 random examples from ZeroWaste [5] training set;
(B) the creation of a synthetic dataset by random sampling
from the GAN generator G; (C) the training of several off-
the-shelf semantic segmentation models [38] with different
augmentation ratios (i.e., the ratio between the synthetic
and real examples used in training process); (D) the test-
ing of the trained models on a set of unseen examples.
For the latter, we employed the test set of ZeroWaste [5]
and the mIoU as a metric. For testing, we considered
8 different segmentation models combining the popular
Unet [39] and DeepLabV3+ [40] heads with Resnet50 [41],
EfficientNet [42], MobileNetV3 [43] and MobileViTV2 [44]
backbones, pretrained on ImageNet-1k [45].

Following the aforementioned evaluation procedure, we
trained the semantic segmentation models, with augmenta-
tion rates ranging from 0 (i.e., only 100 real examples) to
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Aug Mode AC AG FPR

No Aug 0.44 0.29 0.3
semanticGAN [15] 0.32 0.18 0.7

wasteGAN (ours) 0.45 0.35 0.2

TABLE I: Comparison of the impact of different augmen-
tation modalities on a real-world pick and place task. Bold
indicates best scores. No Aug indicates a model trained on
100 real world samples. While semanticGAN and wasteGAN
indicates that the model has been trained also with synthetic
data.

25 (i.e., 2500 synthetic examples in addiction to the 100 real
samples already available). We trained semanticGAN [15]
on ZeroWaste [5] for comparison. The semanticGAN archi-
tecture is one of the few works which rely on GANs to
improve semantic segmentation performance under our same
hypothesis of having only a few labelled data. Nevertheless,
authors in [15] made use of an additional set of unlabelled
samples which our wasteGAN does not require. After train-
ing semanticGAN with the additional unlabelled data, we
followed the aforementioned pipeline from point (B).

Once completed, we collected the results in Fig. 3. Despite
that the effect of the augmentation depends on the underlying
architecture, we can observe that in most of the cases our
wasteGAN performs better with an average gain of 2.2% with
respect to semanticGAN and a 5.8% improvement against
training on real samples only.

Evaluation on different semantic segmentation models
showed the generalization capability of our approach while
providing better results than state-of-the-art GAN-based so-
lutions. We tried to investigate the reason behind this success
by analyzing the label distribution in the real and synthetic
datasets. In Fig. 4 we depict the label frequencies of the
full training set of ZeroWaste [5] and of the datasets gen-
erated with wasteGAN and semanticGAN. It is easy to see
that the proposed method can better reproduce the original
distribution, even for less frequent classes of contaminants
like “metal” or “rigid plastic”.

The precise label distribution in wasteGAN is a key factor
contributing to the improvements demonstrated by models
trained on wasteGAN synthetic images. This advantage over
semanticGAN primarily stems from the two modifications
implemented in the wasteGAN generator. Firstly, the inclu-
sion of an additional style block in the GenXL generator
enhances the expressiveness of synthetic images. Secondly,
the introduction of quality loss and image-label correlation
loss terms in the generator’s loss function enables a more
accurate capture of the label distribution, especially for
underrepresented classes.

Finally, it is worth to highlight that the absence of the
encoder to perform GAN inversion in wasteGAN brings to
a significant 20x speed-up in generation time, from 2.2s to
0.12s, reducing the time needed to create new synthetic data
and boosting the applicability in the real world scenarios.

10 5

10 4

10 3

10 2

10 1

100

Dataset

Fig. 4: Frequencies of the labels in the real-world dataset
(ZeroWaste [5]) and the generated datasets with semantic-
GAN [15] and the proposed wasteGAN. Scale is logarithmic.
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INDUSTRIAL ROBOT WITH 
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Fig. 5: Our experimental setup.

B. Evaluation with a Robotic Waste Sorting System

The experiments with the real robot had the objective to
validate the grasping point prediction, in particular evaluating
the impact of the GAN-based augmentation pipeline on the
success rate of a pick and place task. The experiments
have been held using a custom 3D-printed vacuum gripper
applied to a UR5 robot and a KinectV2 RGB-D camera.
We used the model showing best performances evaluated
on ZeroWaste [5] i.e., a DeepLabV3Plus + MobileViTV2
model.

After predicting the grasping point in the image space,
we use the depth map to project the point into the robot
space and execute the motion. Mirroring the composition of
ZeroWaste [5], we collected real samples of waste belonging
to the same five categories of the dataset. The sorting task
consists in removing contaminants from paper waste in a
cluttered scenario and drop into the place area, see Fig. 5.

For each run, we randomly place some paper waste as
a background in the robot’s workspace and we placed a
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contaminant of specific category inside the clutter. To fairly
compare the 3 different augmentation modalities, we replace
the target object in the same position without changing the
background. To evaluate each run we take in account of (1)
the accuracy in recognizing the contaminant and its category
through the semantic segmentation model (AC) and (2) the
accuracy in picking it and drop it in the place bin (AG). We
performed a total of 58 × 3 runs with different contaminants.
Additionally, we performed 10 × 3 runs with solely paper
waste in the working space to evaluate the false positive rate
of the models (FPR).

Results are shown in Table I, alongside prediction ex-
amples in Fig. 6. It can be appreciated how the proposed
augmentation method significantly enhances both recognition
and grasping accuracy. While the quality of the images
generated by semanticGAN seems to penalize the perfor-
mance of the model, our wasteGAN is able to increase the
generalization capabilities of the segmentator on a different
scenario. Although the performance in recognizing the target
object are comparable between wasteGAN-augmented and
not augmented model, the higher mask quality provided by
the former lead to a better grasping point prediction and so an
higher accuracy for the whole pick and place task. Notably,
the augmentation process with the proposed pipeline is also
able to reduce the FPR which is important for real-world
application in order to avoid useless robot working cycles.

V. CONCLUSIONS

This work presents an innovative approach for robotic
waste sorting, addressing challenges of data scarcity and clut-
tered scenes. Our focus lies in optimizing a GAN architecture
to facilitate training with limited data while preserving
real distribution characteristics. By leveraging augmented
datasets with synthetic samples, we train a semantic seg-
mentation model and utilize the generated masks to compute
semantic-aware grasping poses. This enables the deployment
of a real robotic waste sorter, allowing us to evaluate both
the model’s generalization capabilities in real-world scenar-
ios and the performance of the proposed semantic-aware
grasping pose computation. The results confirm that the
data augmentation process through wasteGAN significantly
improve the performance in the real-world experiments,
highlighting the capabilities of the proposed approach to
tackle the domain shift between different settings.

Despite the promising results, we acknowledge the poten-
tial for further enhancements. To improve the effectiveness
of data augmentation, our plan is to shift the augmentation
process from the image space to the feature space. Working
in a latent space has demonstrated a successful strategy
with others generative models [8]. Additionally, we intend
to explore advanced grasping point computation techniques,
for example integrating our semantic-aware approach with
existing class-agnostic methods [16] and better leveraging
the degrees of freedom of a robotic arm.
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