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Abstract -
Workers often spend significant time locating tools on con-

struction sites, resulting in productivity losses. With the
continuous advancement of robotic technologies, robot-to-
human handover offers a potential solution to address this
issue. However, existing robot handover methods face chal-
lenges in handling the irregular shapes and dangerous na-
ture of tools, as well as the dynamic and complex envi-
ronments of construction sites. To tackle these challenges,
this research proposes a method that enables robots to ef-
fectively predict and grasp construction tools while ensuring
safety. A grasp dataset consisting of four commonly used con-
struction tools—pliers, screwdrivers, wrenches, and safety
glasses—was generated in a simulation environment. Dur-
ing the annotation process, grasping areas for robots and hu-
mans are distinguished to reduce potential risks in handover
processes. The dataset includes multi-angle RGB-D images
and detailed annotated grasp poses specifically designed for
robotic grasps. This proposed dataset provides a foundation
for training and validating grasp prediction models, enabling
robots to handle tools with irregular shapes in various sce-
narios. The proposed approach integrates data annotation,
scene generation, grasp pose prediction, and motion planning
to achieve safe and efficient handovers. Validation experi-
ments conducted in a simulation environment using a UR5
robotic arm equipped with a parallel gripper demonstrate a
92.5% success rate. This research provides a foundation for
the application of robot-to-human handovers on construction
sites and highlights the potential of using virtual datasets to
address real-world challenges.
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1 Introduction
The construction industry is facing labor shortage [1],

and workers on construction sites often spend significant
time searching for tools, further reducing productivity [2].
With the continuous advancement of robotic technolo-
gies, more construction sites are adopting automation and

robotic systems to improve efficiency [3]. For example,
an increasing number of construction robots have been
deployed on construction sites [4]. In this context, robot-
to-human handover has become a critical approach to ad-
dressing this issue.

Robot-to-human handover consists of three main steps:
object searching, localization, grasping, and delivering
tools. The entire process must ensure both efficiency
and safety [5]. However, construction sites are highly
dynamic and complex environments. Most current con-
struction robots perform pre-programmed tasks, making
them less adaptable to the variability of construction sites
[6]. Compared to the operational environments of exist-
ing robot-to-human handover methods, construction sites
present greater challenges in terms of environmental com-
plexity, requiring robots to adapt to diverse scenarios and
respond flexibly [7]. In addition, construction tools vary
widely in size and shape, often exhibiting irregular ge-
ometries and potential hazards. Ensuring safety during
the handover process is therefore critical.

To address the issues mentioned above, this paper pro-
poses a grasp prediction method for hazardous construc-
tion tools. We develop a 6-DOF grasp pose dataset and
introduce a method to distinguish between robotic and hu-
man grasping regions. The proposed method integrates a
grasp dataset from GraspNet [8], grasp pose prediction,
and motion planning, enabling robots to effectively grasp
handheld tools while ensuring safety. The rest of this pa-
per is organized as follows. Section 2 reviews related work
on grasp pose prediction and robot-to-human object han-
dover, identifying research gaps. Section 3 describes the
proposed model architecture. Section 4 outlines the ex-
perimental setup. Section 5 presents the results. Section
6 concludes the paper and discusses future work.

2 Related Work

This study addresses the challenges of safe and efficient
grasping and handover in human-robot interaction, partic-
ularly on construction tools, which involve higher safety
risks. Consequently, two main research areas are reviewed:
(1) Grasp Pose Prediction and (2) Robot-to-Human Han-
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dover. We focus on these domains because the quality
of a robot’s initial grasp directly influences the risk of
subsequent handovers—an issue of critical importance in
high-risk environments such as construction sites. By ex-
amining previous methods, we establish a foundation for
our proposed approach to ensure efficient tool handovers
through accurate and context-aware grasp prediction.

2.1 Grasp pose prediction

Grasp pose prediction is a critical component of robotic
manipulation, especially in tasks that require safe and sta-
ble object handovers. Several methods have been proposed
to tackle this problem in recent years. Traditional meth-
ods often rely on geometric heuristics or predefined rules
[9]. However, these methods are limited in their ability
to generalize to objects with complex geometries. To ad-
dress these limitations, some researchers have leveraged
CNNs and deep learning techniques, enabling the model to
adapt to various shapes [10][11][12]. While deep learning
has shown promising results, these methods typically lack
context-awareness. Recent research such as Co-Grasp [13]
incorporates human preferences in the grasping process,
enhancing collaboration between robots and humans.

2.2 Robot-to-Human Handover

Robot-to-human handover refers to a collaborative in-
teraction where one party, the giver, transfers an object to
another, the receiver. This process requires precise coor-
dination of both cognitive and physical actions to ensure
a smooth exchange [5]. Therefore, researchers have de-
veloped a range of approaches to address the difficulties
involved in robot-to-human handovers.

Some studies rely on heuristic rules, such as position-
ing the robotic arm’s grasping point on the opposite side
of the object from the human hand pose [14]. How-
ever, such approaches are not suitable for all types of
objects. Other methods remove potential collision-prone
grasp points from the human affordance map [15]. While
these methods are effective for objects with regular shapes,
the inherent risks associated with construction tools place
a greater emphasis on safety considerations during the
handover process. Additionally, some researchers have
proposed using tactile and auditory cues to ensure safety
during handovers [16]. However, their work does not
address the prediction and selection of optimal grasping
points.

In this paper, we propose a method for robotic arms
to predict grasping positions specifically for construction
tools. Our approach prioritizes safety and provides a foun-
dation for secure and efficient handovers after the grasping
phase.

3 Methodology

While traditional grasping methods often rely on sim-
ple geometric heuristics or rectangular grasp annotations,
they tend to fall short in handling objects with irregular ge-
ometries and in providing the necessary context-awareness
for dynamic environments. In contrast, GraspNet lever-
ages 6-DOF grasp pose annotations, which allow for more
precise and adaptable grasp predictions. This capability
is particularly crucial for our application on construction
tools, which frequently exhibit complex shapes and po-
tential safety hazards. Therefore, despite the existence of
simpler strategies, we chose GraspNet as our baseline due
to its demonstrated robustness and superior performance
in generating accurate grasp poses for irregular objects.

Based on the limitations in existing studies, we devel-
oped a comprehensive workflow to achieve safe construc-
tion tool handovers. The proposed methodology is com-
posed of four main components: data annotation, assem-
bly scene generation, grasp prediction, and robot motion
planning. These components are designed to work in syn-
ergy, enabling safe robot-to-human tool handovers. The
proposed framework is shown in Figure 1.

For tool selection, we chose tools commonly found on
construction sites. Additionally, the shape of the tools was
an important consideration; the selected tools exhibit sig-
nificant diversity and irregularity in their shapes. In the
annotation process, we differentiated between human and
robotic grasping regions. This distinction ensures that the
predicted grasp poses are focused on designated locations.
After annotating the data, we generated the scenes using
a Realsense D435 camera to capture images in a simula-
tion environment. Each scene includes RGB-D images,
object 6D poses, and masks. For grasp prediction, we em-
ployed the GraspNet-baseline [8] model as our prediction
framework. We fine-tuned it using the generated dataset
and conducted experiments in a simulation environment
to verify the reliability of the predicted grasp poses. This
approach ensures that the workflow effectively addresses
safety in robot-to-human handover.

3.1 Data Annotation

We selected four tools from the Occupational Safety and
Health Administration (OSHA) Hand and Power Tools
Manual classified as hazardous during operation: ad-
justable wrench, screwdriver, pliers, and safety glasses.
This highlights the importance of ensuring safety during
the handover process. The selected tools are illustrated
in Figure 2. The screwdriver and adjustable wrench are
sourced from the YCB dataset [17], while the pliers and
safety glasses are newly introduced objects in this dataset.

Among the selected tools, wrenches, pliers, and screw-
drivers are widely used handheld tools on construction
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Figure 1. The overview architecture of the proposed handover strategy

(a) screwdriver (b) wrench

(c) safety glasses (d) plier

Figure 2. Commonly used construction tools on con-
struction sites

sites. These tools were specifically chosen for their di-
verse shapes and sizes, providing a comprehensive evalu-
ation of the versatility of the proposed handover method.
Additionally, safety glasses, as an essential protective tool
on construction sites, are included to assess their grasping
and handover performance in the construction site sce-
nario.

The annotation process consists of two steps. First,
based on the tool’s usage scenario, we manually annotate
the grasping areas for both human and robot interactions.
The annotated data is then saved for grasp label generation.
For example, in the case of a wrench, humans typically
hold the handle for operation, while the other end may
pose safety risks due to its sharpness. Therefore, the robot
grasping area is annotated on the sharp end of the wrench,
while the human grasping area is annotated on the handle.

The second step involves annotating the grasp labels.

Various grasp datasets employ different annotation meth-
ods based on their intended usage. Examples of well-
known datasets, such as Jacquard [18] and Cornell grasp-
ing dataset [19], are shown in Table 1. These datasets
use rectangle annotations for grasp labels, which are less
flexible compared to GraspNet. GraspNet employs anno-
tations in the form of 6-DOF poses, which are particularly
advantageous in complex construction environments. The
additional precision provided by 6-DOF annotations en-
hances the robotic arm’s ability to execute accurate and
reliable movements in such challenging settings. As a re-
sult, we chose GraspNet as the annotation format for our
grasp labels.

The annotated data are stored as point clouds, with green
areas representing human grasping regions and red areas
representing robot grasping regions. This separation not
only ensures that the robot and human grasping positions
are distinguished during the grasp prediction process but
also facilitates safe handling by enabling humans, as re-
ceivers, to take the object securely from the handle. This
dual focus enhances safety in robot-to-human handover
scenarios. The annotation for each tool is shown in Figure
3.

3.2 Assembly Scene Generation

In order to construct a dataset for model training, we
placed the tools flat on a table and selected the Realsense
D435 camera for data collection. Camera calibration was
performed prior to data collection to ensure accurate cam-
era poses. The camera captured RGB-D images from
33 different poses, allowing us to gather more information
about the tools from various angles. Corresponding masks
were manually annotated, and both the camera and object
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Table 1. Properties of public grasp datasets
Dataset Grasp label 6D pose Total images Modality Data source

Cornell [19] Rect. No 1035 RGB-D 1 Camera
Jacquard [18] Rect. No 54K RGB-D Sim
GraspNet [8] 6-DOF Yes 97K RGB-D 1 Camera

Ours 6-DOF Yes 132 RGB-D Sim

(a) screwdriver (b) wrench

(c) safety glasses (d) plier

Figure 3. Visualization of annotated 3D models of
every tool

6D poses were recorded. The dataset included a total of
132 images, along with their corresponding camera and
object 6D poses.

3.3 Grasp Prediction

After preparing the training data, we used GraspNet-
baseline as the model to predict grasp poses. The structure
of the model is shown in Figure 4. During training, the
initial learning rate was set to 0.01, and the batch size was
4. The learning rate was reduced to half its value every 5
epochs.

Once the training was completed, we first visualized
the predicted grasp poses to verify their validity. Next,
the RGB-D images from the simulation environment were
used as input to the model, which generated the predicted
grasp poses. In the following step, motion planning was
employed to test the accuracy of these predicted grasp
poses.

3.4 Robot Motion Planning

Once the dataset and scene setup were complete, we
employed a fine-tuned model that takes RGB-D images
as input and predicts multiple candidate grasp poses in
6-DOF, each accompanied by a confidence score. Among
these predicted grasp poses, we select the one with the
highest score as the optimal grasping position. The UR5

robotic arm then executes the grasp at this selected pose.
This ensures stable and precise grasping by leveraging the
model’s scoring mechanism to identify the most reliable
pose for each tool.

4 Experiment

To evaluate our approach, we compare its performance
against the original GraspNet model, which serves as a
benchmark. Specifically, the benchmark uses the offi-
cial GraspNet implementation with the original pretrained
weights, without being fine-tuned on our newly collected
dataset. In contrast, our model starts from the same
pretrained weights but is then fine-tuned on a custom
construction-tool dataset containing domain-specific an-
notations. By juxtaposing the benchmark and our fine-
tuned model, we can measure the impact on grasp predic-
tion performance.

We first conduct robotic experiments to demonstrate that
our predicted grasp poses can align well with simulation-
world grasping. The success rate is calculated as the ratio
of successful grasps to total attempts. A grasp is consid-
ered successful if the robot securely holds the tool without
slippage, avoids collisions during both grasping and re-
turning to the home position, and remains in stable contact
with the tool throughout the entire motion. Failures are
categorized into three primary types: (1) slippage during
the grasping process, (2) collisions with the tool or envi-
ronment, and (3) the tool dropping while the robot returns
to the start pose.

4.1 Experimental Setup

The experiments were conducted in the Gazebo simula-
tion environment using a UR5 robotic arm equipped with a
parallel gripper. A RealSense D435 camera was employed
for visual input, providing RGB-D data. The detailed ex-
perimental setup is depicted in Figure 5. All tools were
placed flat on a table to simulate realistic conditions.

4.2 Evaluation Procedure

We tested both the benchmark and our fine-tuned model
by predicting the top ten grasp poses (based on each
model’s grasp scores) for each tool, then executing each
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Figure 4. The overview of Graspnet-baseline [8] network

pose in simulation. To determine whether a grasp was
successful, we checked:

1. Whether the predicted grasp pose lay within the des-
ignated “robot grasp region” of the annotated tool
model.

2. Whether the grasp was maintained without slippage
throughout the approach and retraction phases.

3. Whether no collision occurred between the robot and
the tool (or the environment) at any point.

Any violation of these conditions such as grasping out-
side the annotated region, colliding with the tool, or drop-
ping the tool during motion was recorded as a failure. In
addition to evaluating the top 10 highest-scoring grasp
poses, we also tested the highest-scoring pose specifically
to check if the model’s top-ranked grasp was valid. This
procedure provides insight into each model’s robustness
and flexibility for a range of grasp candidates.

Figure 5. The experiment scene in Gazebo

5 Results
5.1 Benchmarking with GraspNet-baseline

Tables 2 summarizes the results of the benchmark
model. The benchmark model achieve a success rate of
30% . For certain objects such as the screwdriver and

plier, it exhibits a high collision failure rate. Specifically,
with the screwdriver, half of the top 10 grasps failed due to
collisions. In particular, when using the original GraspNet
model, many predicted grasps lie outside the designated
robot-grasp region and often result in collisions with the
object, which reduces the overall success rate.

Table 2. Benchmark results: Success rates for the
original GraspNet-baseline (top 10 grasp scores)

Object Success rate
Screwdriver 20%

Adjustable wrench 40%
Plier 20%

Safety glasses 40%

5.2 Performance of Our Fine-Tuned Model

The predicted grasp poses were visualized and are
shown in Figure 6, demonstrating the fine-tuned model’s
ability to generate feasible and collision-free grasp pre-
dictions. The model consistently produced grasp poses
within the annotated regions for all tools, ensuring that
the predictions were both accurate and aligned with safety
requirements. The next section presents the results of
the experiments, evaluating the predicted grasp poses in
successfully grasping the objects.

The predicted grasp scores for each tool are summarized
in Table 3. The success rates of the two experiments
are detailed in Tables 4 and 5. For the highest-scoring
grasp poses, all tools achieved a success rate of 100%,
indicating that the proposed dataset and the trained model
can generate highly reliable grasp poses. For the top 10
scoring grasp poses, the success rates were 100%, 80%,
90%, and 100% for the screwdriver, adjustable wrench,
pliers, and safety glasses, respectively, with an overall
average success rate of 92.5%. These results demonstrate
the effectiveness of the proposed dataset in training the
model to predict accurate grasp poses.

Despite the overall high success rates, some failure cases
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(a) screwdriver (b) wrench

(c) safety glasses (d) plier

Figure 6. Qualitative results of the predicted grasp
poses (top 10 highest-scoring grasps)

Table 3. Predicted grasp scores from fine-tuned
model

Object Highest Top 10 average
Screwdriver 0.446 0.241

Adjustable wrench 0.680 0.467
Plier 0.385 0.376

Safety glasses 0.665 0.550

Table 4. Success rate of grasps with the highest grasp
scores (fine-tuned model)

Object Success rate
Screwdriver 100%

Adjustable wrench 100%
Plier 100%

Safety glasses 100%

Table 5. Success rate of grasps with top 10 grasp
scores (fine-tuned model)

Object Success rate
Screwdriver 100%

Adjustable wrench 80%
Plier 90%

Safety glasses 100%

were observed, particularly with the adjustable wrench,
which achieved a success rate of 80% in the top 10 grasp
experiments. Two failure cases occurred: one involved a
collision between the robotic arm and the wrench during
the grasping process, while the other involved slippage
from the gripper. Figure 7 illustrates these two failure
cases, with the left image showing a collision and the right
image showing slippage.

The primary cause of these failures is the wrench’s low
height (1.4 cm) and flat geometry, which makes accu-
rate grasp planning challenging. When the robotic arm
executes the motion planning for grasping, the reduced
thickness of the wrench can lead to misalignment, result-
ing in slippage or collisions. Similarly, the pliers slipped
when lower-scoring grasp poses were tested. To further
mitigate collisions and slippage, we plan to adopt a more
rigorous collision detection strategy that discards grasp
poses likely to cause interference. During the handover
process, we will integrate reinforcement learning to opti-
mize grasp stability and minimize the human operator’s
joint torque and displacement. By enhancing the robot’s
ability to adaptively maintain a secure grip while simul-
taneously reducing strain on the human arm, we aim to
improve both safety and convenience in the tool handover
process.

(a) collision (b) slippage

Figure 7. Failure cases of robotic arm grasping
wrench

The computational efficiency of the approach is a criti-
cal factor for practical applications. The inference process
requires an average of 1.6 seconds, while the motion plan-
ning process, including moving to the object, executing a
stable grasp, and returning the arm to its home position
takes 10.4 seconds. Although the current motion planning
process takes longer to test the grasp stability. Integrating a
reinforcement learning strategy during the handover phase
will help reduce the overall planning time and enhance the
system’s for real-world deployments.

Overall, the experimental results confirm that the pro-
posed dataset enables the GraspNet-Baseline model to
predict reliable grasp poses. Despite occasional failures
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with specific tools like the adjustable wrench, the dataset
demonstrated its ability to adapt to diverse tool shapes
and sizes. These results validate the applicability of the
dataset and model for safe and accurate robotic grasping
in construction tool handover scenarios.

6 Conclusion and Future Work
In this paper, we proposed a method for robot-to-human

hand tool handover grasp prediction and developed a
dataset that includes four types of handheld tools com-
monly used in the construction industry. The dataset
consists of multi-angle RGB-D images and detailed an-
notations. During the annotation process, we introduced a
method to distinguish between human and robotic grasp-
ing regions, ensuring that the robotic arm predicts grasp
poses concentrated on the potentially dangerous end of the
tool. This approach minimizes safety risks during human
handling by keeping the safer end of the tool accessible.
Furthermore, we trained the dataset using the GraspNet-
baseline model and validated the predicted grasp poses
in a simulation environment. The experimental results
demonstrated that our dataset aligns well with grasping
requirements.

Despite the promising results, there are several limita-
tions. First, the study is based on simulation experiments
with a relatively limited dataset. The dataset doesn’t cap-
ture the diversity of tools in real-world construction sites
(e.g., variations in covers, handles, and materials), which
may affect the model’s generalizability. We plan to ex-
pand the dataset by incorporating a wider range of tool
types and shapes, and to conduct real-world experiments
to validate the transferability.

Finally, while the study focuses solely on grasp predic-
tion, we acknowledge that human-robot interaction fac-
tors such as grip force control and handover timing are
critical for ensuring safe tool handover in dynamic con-
struction environments. In our future work, we plan to
integrate sensor-based feedback (e.g., tactile sensors for
grip force and vision-based human motion tracking) and
adaptive control algorithms to dynamically adjust the han-
dover process. This approach will not only enhance the
grasp prediction module but will also optimize the overall
handover process, providing a more robust and practical
solution for real-world applications.

Overall, by addressing these limitations, our work aims
to advance the state-of-the-art in robotic tool handover
and bring the approach closer to practical deployment in
real-world human-robot collaborative tasks.
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