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Jacquard V2: Refining Datasets using the Human In the Loop Data
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Abstract—In the context of rapid advancements in industrial
automation, vision-based robotic grasping plays an increasingly
crucial role. In order to enhance visual recognition accuracy,
the utilization of large-scale datasets is imperative for training
models to acquire implicit knowledge related to the handling of
various objects. Creating datasets from scratch is a time and
labor-intensive process. Moreover, existing datasets often con-
tain errors due to automated annotations aimed at expediency,
making the improvement of these datasets a substantial research
challenge. Consequently, several issues have been identified in
the annotation of grasp bounding boxes within the popular
Jacquard Grasp Dataset [1]. We propose utilizing a Human-
In-The-Loop(HIL) method to enhance dataset quality. This ap-
proach relies on backbone deep learning networks to predict ob-
ject positions and orientations for robotic grasping. Predictions
with Intersection over Union (IOU) values below 0.2 undergo an
assessment by human operators. After their evaluation, the data
is categorized into False Negatives(FN) and True Negatives(TN).
FN are then subcategorized into either missing annotations
or catastrophic labeling errors. Images lacking labels are
augmented with valid grasp bounding box information, whereas
images afflicted by catastrophic labeling errors are completely
removed. The open-source tool Labelbee was employed for
53,026 iterations of HIL dataset enhancement, leading to the
removal of 2,884 images and the incorporation of ground truth
information for 30,292 images. The enhanced dataset, named
the Jacquard V2 Grasping Dataset, served as the training data
for a range of neural networks. We have empirically demon-
strated that these dataset improvements significantly enhance
the training and prediction performance of the same network,
resulting in an increase of 7.1% across most popular detection
architectures for ten iterations. This refined dataset will be
accessible on One Drive and Baidu Netdisk, while the associated
tools, source code, and benchmarks will be made available on
GitHub (https://github.com/Iqgh12345/Jacquard_V2).

Index Terms—dataset refinement, human in the loop, robotic
vision grasping, Pseudo-Label generation

I. INTRODUCTION

In robot visual grasping, object recognition by computer
vision is pivotal. A high-quality dataset is vital for training
effective predictive models, directly influencing their accu-
racy. Deep learning networks rely on ground truth grasp box
coordinates in datasets to optimize the model weights. As the
entire robotic arm’s trajectory hinges on these coordinates,
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Lacks other spatial distributions of griping point labels

Fig. 1. Challenges arise within the Jacquard Grasp Dataset [1]. The
green markers represent the dataset labels, while the red markers indicate
predictions. Although the predictions are frequently accurate, they may
sometimes be incorrectly labeled as incorrect due to discrepancies with the
incomplete annotations.

even a tiny pixel error in ground truth can determine success
or failure. Precision in ground truth annotations is paramount,
as only accuracy ensures reliable model training.

Creating new grasping datasets is typically demanding
and costly. While computer-aided methods [2], [3] offer
speed, they are prone to errors. Manual annotation [4],
on the other hand, reduces errors but demands more time
and resources. In both approaches, some degree of error is
unavoidable. Therefore, improving the accuracy of ground
truth annotations in existing datasets is crucial, particularly
when the current dataset exhibits biases in object handling,
such as the case with sticks, as depicted in Figure. 1.

To address these challenges, we present a rapid HIL
approach to enhance the Jacquard V2 dataset swiftly and ef-
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fectively. Without altering the network architecture, we focus
solely on improving annotations. This refinement results in a
notable 5-8 % average increase in performance. To validate
the efficacy of our proposed solution, we evaluate it using
various open-source architectures. The contributions of this
paper can be summarized as follows:

e« We propose an innovative HIL method to improve
the Jacquard Grasp Dataset [1]. By quickly selecting
pseudo-label annotations generated from backbone mod-
els, this approach corrects errors, enhances data consis-
tency, and ensures accurate grasping box information,
all without manual drawing actions.

« We thoroughly benchmark all popular methods to prove
that better annotation can consistently improve the per-
formance of various networks throughout all improve-
ment iterations. Our research also unveils the influence
of network complexity on learning outcomes.

o Our approach involves error correction, incorporates hu-
man intelligence, and streamlines dataset refinement for
cost and time efficiency. We will release the improved
dataset as open-source, along with benchmark codes, to
encourage collaboration and advancements in the field.

A. Dataset Issues Characterization

The Jacquard Grasp Dataset [1] is generated using Auto-
matic CAD verification methods. In this study, we visually
examined the annotated results of the Jacquard Grasp Dataset
and identified three significant issues:

Lack of other possible griping orientations: One promi-
nent issue is that a subset of images exhibits a single-
directional grasp box orientation. For instance, some images
only depict horizontal grasping, while others exclusively
show vertical grasping. This discrepancy introduces erro-
neous information into the learning process of the network,
hindering the training of generalizable intelligent agents. The
underlying cause of this problem lies in the failure of the
computer network responsible for generating ground truth
annotations to effectively capture the diversity of graspable
objects.

Lacks other spatial distributions of griping point labels:
Another issue manifests in certain images where the grasp
box coverage is incomplete. Due to the inherent uncertainty
in the computer-generated positioning of grasp boxes, large
areas in some images that should have been covered by grasp
boxes remain unannotated. Such incomplete coverage renders
the dataset incomplete and inadequate for training purposes.

Wrong action groups: In Fig. 2, some images in the
dataset contain incorrect grasp boxes. For instance, objects
such as pens or chopsticks have parallel grasp boxes, which
contradicts the logical placement for grasping. Consequently,
the end position of the robotic arm needs to penetrate these
objects to lift them, which is inconsistent with practical
scenarios. These errors create a mismatch between the neural
network and the dataset, requiring the network to adapt to the

B £

How Dataset Teaches Grasping via Generative Label

How Human really grasp and missing in dataset

Possible Ways Excluded from Datasct;:

Fig. 2. Top left corner: Dataset annotations, Top right: Visualization of
how this dataset translates to real robot manipulation, Bottom left: Human
interaction with the same classes, Bottom right: Verification that the human
native approach is correct.

annotation preferences specific to the Jacquard Grasp Dataset
to achieve high scores. To address these issues, it is crucial
to remove datasets with a significant number of erroneous
labels.

The manual annotation of datasets yields high precision
but suffers from slow implementation, making it unsuitable
for large-scale dataset annotation.

II. RELATED WORK

In the field of robotic visual grasping, several publicly
available datasets have been developed, including the Dex-
Net 2.0 Dataset [5], YCB-Video Dataset [6], Willow Garage
Object Dataset [7], Willow Object Dataset [8], Big Bird
Dataset [9], TUM Kitchen Dataset [10], JHU-ISI Gesture
and Skill Assessment Working Set [11] and Jacquard Grasp
Dataset [1]. These datasets have played a crucial role in
training neural networks for robotic grasping tasks. However,
to maximize the effectiveness of these datasets, various data
augmentation techniques have been proposed.

Although commonly used data augmentation methods can
partially expand the dataset and mitigate the impact of dataset
limitations, they are inadequate in addressing issues such as
erroneous labels and missing annotations. These problems
persist even after the implementation of data augmentation
methods and continue to affect the accuracy of the dataset.

Numerous automated approaches have been proposed for
generating annotations [3], [12], primarily tailored to well-
defined problems like semantic segmentation and tracking.
In contrast, the challenge of object grasping is inherently
ambiguous, with an infinite range of ways to manipulate
objects, making it a complex problem to define precisely.
While various weakly supervised methods [13] have also
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Fig. 3. Overall Workflow of the Data:
been suggested, these solutions are not readily applicable to
the complexity of grasping.

One potential approach to tackle this ambiguity is through
label fusion techniques [14], although these methods require
prior knowledge of the objects involved. Another avenue ex-
plored involves training feasible paths applicable to grasping
[15], but this approach may falter when dealing with datasets
containing thousands of unknown scenes.

Some researches [16], [17] have advocated for the utiliza-
tion of simulations to generate potential dataset annotations.
Nonetheless, it’s worth noting that errors in the dataset may
have originated from the simulation itself, raising questions
about its reliability. Alternatively, some have suggested lever-
aging crowd-sourced knowledge to train neural networks
for annotation tasks [18]. However, placing full trust in the
quality of crowd-sourced information can be a precarious
endeavor.

Other works [19] have introduced a technique that links
camera motion with RGBD images to label objects automat-
ically. Nevertheless, this method may not readily suit pre-
existing static image datasets. Furthermore, various genera-
tive models have been proposed as potential solutions to the
annotation challenge [20]. However, it is important to note
that these generative models commonly face the well-known
issue of hallucination. Addressing this concern is imperative
to ensure the models can produce valid annotations rather
than generating more erroneous labels.

In many real-world engineering applications, achieving
objectives with limited datasets is a common challenge. In
such cases, deep neural networks often suffer from insuf-
ficient training data, leading to overfitting on the training
set and poor generalization on the test set. Over the years,
various techniques have been developed to mitigate the issue
of overfitting, including geometric transformations, color
transformations, masking, dropout [21], batch normalization
[22], batch renormalization [23], and layer normalization
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set Refinement Method based on HIL.
[24]. While these methods can reduce the occurrence of
overfitting and mitigate the impact of imperfect datasets
to some extent, they are unable to address the problems
of erroneous labels and missing annotations. These issues
persist even after the implementation of the aforementioned
techniques and continue to affect the accuracy of the dataset.

Tian Tan et al. [25] introduced a novel dataset refinement
method for robotic grasping. It involves human-robot interac-
tion to improve grasp efficiency by obtaining numerical grasp
quality input from humans. Deep learning and computer
vision are used to detect objects, and human operators
rate grasp points. However, this method, while addressing
erroneous labels, is intricate and resource-intensive, with
varying criteria for grasp point scoring, potentially affecting
its practical effectiveness. Additionally, it is susceptible to
subjective human bias, as each person may have preferences
for different grasping points.

In comparison to the aforementioned approaches, our
proposed method addresses the issues of erroneous labels
and missing annotations in the dataset. Moreover, human
operators only need to judge the grasping ability of the
objects in each image and assess the accuracy of the ground
truth annotations for the grasp bounding boxes. This data
refinement process is simple, yields stable results, and is
easier to learn from.

III. PROPOSED METHOD

A. Overall Overview of the Dataset Refinement Method
based on HIL

Despite the growing availability of robotic grasping
datasets, researchers have encountered challenges in achiev-
ing high accuracy due to variations in the regions of interest
within the main network and erroneous ground truth annota-
tions. When experimental results are affected by the imper-
fections in the dataset, it hampers the accurate evaluation of
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the performance of new networks. To address this issue, we
propose a HIL dataset refinement method.

We propose a HIL dataset refinement method that directly
operates on the dataset, aiming to significantly enhance the
recognition performance of models. The proposed system
initially trains a model using the original dataset and gen-
erates grasp bounding boxes for each image. Subsequently,
images with generated grasp bounding boxes having an
Intersection over Union (IOU) less than 0.2 with the ground
truth are selected and labeled as “False”. Human operators
then categorize all False images into two categories: False
Negatives(FN) and True Negatives(TN), based on simulation
and their own expertise. If an image is classified as an FN,
human operators further categorize it into "Missing Label” or
”Annotation Error”. For images classified as Missing labels,
valid grasp bounding box information is supplemented into
the dataset. For images categorized as Annotation Errors,
they are entirely removed from the dataset. Once all False
images have been traversed, the dataset updating process is
considered complete. A new model is then trained using the
updated dataset, and the aforementioned steps are repeated,
enabling cyclic improvement and updates to the dataset.
Our proposed method offers a simpler and more efficient
operational workflow, directly impacting the dataset and
significantly improving the recognition effectiveness of the
models.

B. Training Losses Formulation

Regarding the loss formulation, our approach largely aligns
with the guidelines established by GG-CNN [26], with some
slight adjustments. Instead of predicting multiple parameters
such as grasping center, grasp angle, grasp width, and grasp
quality, we focus on predicting only the center, angle, and
width. We define a grasp point g as

g=(0,6,w)

where o represents the grasping point’s center, ¢ defines
the orientation of the manipulator end effector, and w denotes
the width of gripper. To ensure a smoother and more manage-
able distribution for the network to learn from, we decompose
the angle into both a cosine term and sine terms, both in
the range of [—1,1]. This decomposition [27] effectively
eliminates any potential discontinuities in the data that would
otherwise occur when the angle wraps around +7 if the raw
angle was directly used. In this case, the grasp point that the
network learned can be defined as:

g =(0,¢4,5¢,w)

The losses are defined as the sum of squared differences
between predicted and target values. This entails calculat-
ing the squared difference for each corresponding element,
summing the entire tensor, and dividing by the number of
elements to obtain the mean squared error.

Loverall = Lo + Lc¢ + Ls¢ + Lw

The angle is recalculated from the sine and cosine terms
to generate the grasping points.

IV. EXPERIMENT

This section describes the experimental setup and experi-
mental procedure used in this study.

A. Experimental Design

All experiments in this paper were conducted under the
following environment:

Operating System: Ubuntu 16.04.7 LTS

CPU: Intel(R) Xeon(R) Silver 4210R CPU @ 2.40GHz

GPU: 1 x 3090TI on Cuda 11.1

Python Version: 3.7.12

Torch Version: 1.10.0

Torchvision Version: 0.11.0

For the HIL iteration process, we utilized the MobileNet
V2 [28] as the backbone network to generate the pseudo-
labels. Each training session consisted of 100 epochs, with
a batch size 32. The initial learning rate was set to 0.0005,
and a dropout rate of 0.05 was employed.

For this dataset, we performed ten iterations of the HIL
revisions process. After several revisions, images in the
dataset that were labeled with serious inaccuracies have been
removed. However, due to the diverse nature of grasping
methods for most objects, the overall FN error rate did
not reach zero after ten iterations, primarily because we
introduced new pseudo-generated labels. The accompanying
figure clearly illustrates that with each subsequent iteration,
the number of images erroneously categorized by the network
decreases. This reduction in falsely labeled images can be
attributed to the ongoing enhancement of the dataset. Initially,
there were approximately 10,000 mislabeled images, eventu-
ally reduced to fewer than 4,000. These leftover 4,000 im-
ages represent objects with multiple interaction possibilities,
highlighting the complexity of the NP-hard grasping problem.
Overall, there is a diminishing trend in falsely labeled images
as the number of iterations increases. Consequently, the time
required for each iteration decreases as the dataset quality
improves. These findings collectively suggest a favorable
advancement in the overall predictive performance of the
network as the iterations progress.

B. Result and Analaysis

We provide a visual representation of the iterative analysis
aimed at enhancing accuracy for various neural networks
throughout the dataset refinement process. The figure il-
lustrates each network performance on the test set using
the dataset generated at each iteration, thereby validating
the generalization capability of our method. Specifically, we
trained and evaluated the following networks: MobileNet V2
[28], MobileNet V2pping, Squeeze [29], GG-CNN [26], GG-
CNN2 [26], ShuffleNet [30], Xception [31], ResNet50 [32],
ResNet101 [32], and ResNet152 [32].
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Fig. 4. Iterative Process Flowchart for Quantity Variation Chart of False
Images during Dataset Refinement.
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Fig. 5. Iterative Process Flowchart for Proportion Chart of False Negative
and True Negative during Dataset Refinement.

TABLE I
ITERATIVE PROCESS DATA GRAPH FOR ACCURACY ENHANCEMENT OF
VARIOUS NETWORKS DURING DATASET REFINEMENT (UNIT: %). THE
BEST RESULT IS HIGHLIGHTED IN BOLD, WHILE THE SECOND-BEST
RESULT IS HIGHLIGHTED WITH AN UNDERLINE.

Accuracy at each HIL iteration(%)

Network

Oth 2nd 6th 8th 10th
ResNet50 8427 | 86.6 | 89.46 | 91.03 | 91.37
ResNet101 84.59 | 86.19 | 87.44 | 89.63 | 91.35
ResNet152 84.26 | 85.01 | 87.17 | 88.73 | 90.3
Squeeze 91.97 | 92.92 | 9335 | 94.75 | 94.76
ShuffleNet 91.24 | 91.78 | 9293 | 93.6 | 94.85
Xception 89.03 | 92.52 | 93.00 | 94.36 | 95.27
GG-CNN 91.34 | 9292 | 93.11 | 94.51 | 94.54
GG-CNN2 9476 | 95.03 | 96.10 | 96.72 | 97.24
MobileNetV2 88.85 | 89.76 | 90.54 | 91.39 | 93.05
MobileNetV2pryping  91.89 | 92.51 | 93.86 | 95.35 | 96.12

Observing the Jacudar dataset from Table I, it becomes ev-
ident that more network layers do not necessarily yield better
performance. For instance, ResNetl52 achieves only 90%
accuracy, while its less complex variant, ResNet50, attains
91.37% accuracy. This suggests that the standard ResNet152
architecture proves excessively deep for this dataset of 50,000
images, resulting in a substantial degree of overfitting . Most
other datasets achieve approximately 95 percent accuracy as
a benchmark, while GG-CNN2, optimized for this smaller
dataset, achieves a remarkable 97 percent accuracy.

To assess the potential of slight overfitting, we pruned
the MobileNetV2 backbone by removing redundant con-
volution layers, resulting in a variant method named
MobileNetV2pping. The newer punning version resulted in a
three % performance improvement compared to the original
MobileNetV2. In summary, while this dataset demonstrates
limited compatibility with deeper networks, our proposed
solution consistently enhances accuracy through improved
annotation and label learning. However, when dealing with
datasets featuring complex backgrounds, we believe Mo-
bileNetV2 can outperform the GG-CNN series of models.
However, that will be left for some further work to verify.

1.00

MobileNet V2 pruning - Squeeze
— GGCNN GGCNN2
ShuffleNet Xception
0.97 A ResNet101 ResNet152
ResNet50 MobileNet V2
0.94 A
2091 1
0.88 A
0.85 A
0.82 T T T T T T T T T

Tteration

Fig. 6. Iterative Process Flowchart for Accuracy Enhancement of Various
Networks during Dataset Refinement.

In Fig. 6, trend lines depict that, without modifying the
network structures, all networks demonstrate improved ac-
curacy compared to their performance before the iterations.
However, it’s essential to acknowledge that network training
accuracy can be influenced by factors like computer hard-
ware, learning rate adjustment strategies, etc. As a result,
there may be cases where the scores after specific iterations
are lower than before.

Due to constraints in our GPU resources, conducting
multiple experiments and averaging the results for each net-
work and iteration was not feasible. Instead, we present the
outcomes of a single experiment along with the fitted curves.
We believe that achieving more robust visualization results
could be attainable by incorporating multiple experiments
and averaging the outcomes.
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Fig. 7. Iterative Process Flowchart for Loss Reduction of Various Networks
during Dataset Refinement.

This iterative analysis focuses on loss reduction for various
networks during the dataset refinement process. We employ
neural networks similar to those depicted in Fig. 7 and track
the loss on the training set. The results reveal a common trend
among most networks, demonstrating a gradual decrease in
loss as the number of iterations increases. However, the GG-
CNN network, characterized by its simple and less mature
network structure, remains in an underfitting state. This
hinders its ability to capture updated knowledge, resulting
in a lack of a discernible downward trend in the loss curve.

Fig. 8. In the left image set, annotations from the original dataset are
displayed. In the right image set, after ten rounds of improvement, it becomes
evident that many possible grasping directions have been added, aligning
them more closely with the human nature approach to grasping.

In summary, after ten iterations, we have observed substan-
tial enhancements in label quality, with the addition of new
labels and the correction of serious mistakes, as illustrated
in Figure 8. This signifies our effective efforts in creating an
improved dataset for the entire research community.

V. KNOWN ISSUE AND LIMITATIONS

While our approach shows promise, it is important to
acknowledge its limitations. During the HIL reviewing phase,
we had to remove poorly annotated image portions, resulting
in irreversible information loss. Additionally, our system’s
performance evaluation is based on a single dataset, and
issues may vary with newer datasets. Furthermore, the vast
diversity of grasping methods available makes it challenging
to eliminate FN entirely. Our method reduces errors but
does not entirely eliminate them. One potential avenue for
improvement could involve using large language models to
incorporate prior knowledge, though this falls outside the
scope of our current work.

VI. CONCLUSION

This paper presents a novel HIL approach to creating
the Jacquard V2 dataset, employing a meticulous selec-
tion and annotation process that enhances data quality and
consistency. We conducted manual examinations to verify
the accuracy of negative predictions and removed 2,884
images that violated grasping principles, resulting in a refined
dataset with precise ground truth labels totaling 51,601. This
dataset, trained with the same network architecture, led to a
remarkable 7.1% increase in test set accuracy compared to
the original Jacquard Grasp Dataset [1]. Our method not only
rectifies the shortcomings of incomplete annotations through
the HIL approach but also sheds light on the balance between
data volume and model complexity in grasping tasks. These
contributions significantly advance the field of robotic visual
grasping and enhance machine perception and manipulation
capabilities. To facilitate further progress, we are committed
to open-sourcing both the benchmark and the refined dataset
for the research community.
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