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Abstract. In this paper, we propose a method to implement a robotic arm for
grasping transparent objects and apply it to the grasping of transparent test tubes.
Test tubes are one of the frequently used experimental equipment in the chemical
industry, and many steps in the experimental process require the use of test tubes
to hold reagents. However, as a transparent object, the test tube has unique visual
characteristics, which makes it difficult for general-purpose RGB-D cameras to
capture its complete depth information. To solve this problem and improve the
grasping quality, we propose a robotic arm grasping system using depth comple-
tion combinedwith point clouds. Specifically, we propose a depth learningmethod
to complement the original depth image of transparent objects. In addition, the
coordinate transformation relationship between the camera and the robotic arm is
obtained by a hand-eye calibration system, while the grasping is performed based
on a point cloud map generated from the complementary depth image. Experi-
ments show that our method can significantly improve the depth complementary
performance of the transparent object images and achieve accurate grasping by
the robotic arm.
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1 Introduction

In order for a robot to accurately perform its tasks, traditional robot programming requires
strict designation of start and stop positions,whichmakes the robot extremely demanding
for the working environment. With the rapid development of computer vision, robots are
no longer limited to fixed and repetitive tasks, but can achieve automatic identification
and grasping of different target objects by processing the images acquired by cameras
[1, 2].

Although there are many methods to achieve object recognition [3–6], the unique
visual characteristics such as reflectivity and refraction of transparent objects [7] lead
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to the fact that most algorithms are still ineffective in recognizing transparent objects.
Recent work based on deep learning has achieved good results in depth completion [8, 9],
by introducing features such as surface normal and occlusion boundaries to complete the
original depth [10]. However, most of the depth-completion methods ignore transparent
objects and predict their true depth only from the approximation of the surface or distor-
tion behind the transparent region, which cannot recognize the transparent object, and
the lack of depth information can cause serious errors in the robot grasping system [11].
Sajjan et al. [7] optimize the initial depth estimation for the transparent object surface
by introducing a mask of the transparent object, and use parallel jaws to achieve 72%
grasping success rate. However, this cannot satisfy the accuracy and stability required
for industrial application scenarios.

In this paper, we improve the depth complementation model for transparent objects
to generate a more complete depth map, and combine the point cloud data generated
from the complete depth map to obtain the position of the transparent objects in the
world coordinate system [12, 13], and apply it to the robotic arm grasping system.

The main contributions of this paper are as follows:

(1) The clear grasp algorithm is improved to optimize the depth map of transparent
objects to obtain the complete point cloud data, and applied to the robotic arm
operating system.

(2) By processing the test tube point cloud data and combining the cubic non-uniform
B-sample interpolation, the path of the robotic arm in Cartesian space is planned
to achieve stable grasping of the transparent test tube. Our grasping system can
achieve nearly 93% grasping success rate for transparent test tubes.

2 Related Work

2.1 Detecting Transparent Objects

The recognition of transparent objects has been a challenge in computer vision and
physical fields, and traditional detection methods rely on the unique optical properties
possessed by transparent objects, such as the use of charge-coupled devices [14], ground-
separated stereo techniques [15], and visual shell refinement [16]. Recent methods are
to predict the boundary range of transparent objects by deep learning models for their
accurate localization, such as SSD models [17] and RCNN models [18]. Agastya et al.
[19] proposed a transparent object segmentation method combining multimodal images
and deep learning by using polarization cameras to capturemultimodalmaps. Sajjan et al.
[7] proposed a 3D shape of transparent objects estimation method by predicting surface
normal, masks and occlusion boundaries, using Cholesky optimization to estimate the
3D geometry of transparent objects in a single RGB-D image. However, the depth maps
produced by these methods may not meet the stable grasping requirements of a real
robot arm operating system for transparent objects. Tang et al. [20] proposed to use
Generative Adversarial Networks to complement the depth maps of transparent objects,
however, it requires retraining all surface normal, occlusion boundaries, and masks,
which is time-consuming.
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2.2 Depth Completion

With the development of depth sensing technology, commercial RGB-D cameras can
achieve accurate estimation of depth, but when the surface of the object is too smooth
and influenced by light, the camera obtains a depth map with a part of the data missing.
Depth complementation aims to predict the missing depth data to generate a complete
depth image. Zhang et al. [10] obtained geometric information of the target by predicting
surface normal and occluded boundaries of RGB images, which is still insufficient for
predicting depth images of transparent objects. Sajjan et al. [7] removed all depth pixels
from the surface of transparent objects in the original depth map and used a linear system
based on geometric constraints for depth prediction, which still had a portion of depth
missing in the original depth map except for transparent objects due to the illumination
environment, which was not conducive to depth reconstruction. We further processed
the original depth map with a fast depth complement module (FDC) [21] to improve the
accuracy of the depth complement of transparent objects.

Fig. 1. Part A is the overall hardware of the robot system and part B is the end effector model of
robot.

2.3 Robot Grasping

Point clouds have been applied in several ways for motion trajectory planning. Krusi
et al. [22] achieved autonomous navigation in complex 3D terrain bymeans of unordered
point cloud maps. Kuntz et al. [23], used point clouds to represent anatomical structures
inside the patient’s body, enabling the robot to automatically reach the surgical target
inside the body while avoiding obstacles. We propose the use of point clouds to locate
specific location information of transparent test tubes, and the grasping system mainly
considers the trajectory based on themotion of the end gripper jaws, including the inverse
kinematic solution of the robot arm based on Jacobi matrix, and a Fourier series based
approximation of the robot’s kinematic.
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The waypoints of the grasping system are generated by the sampling-based Rapid
ExplorationRandomTree (RRT) algorithm [24],while the smooth trajectory is optimized
by the cubic non-uniform B spline interpolation and TOPP algorithms [25]. Our system
is shown in Fig. 1.A. The end-effector used by the robot arm to implement the grasping
is a PGI motorized gripper, whose model is shown in Fig. 1.B.

3 Method

3.1 Depth Refinement Model

As shown in Fig. 2, given a single RGB-D image of a transparent object, surface normal,
occlusion boundaries, and masks of transparent objects are first obtained from the color
image. Then, the original depth image is quickly depth-complemented by a classical
image processing algorithm, and the processed multiple features are used as input for
global optimization to further refine the globally optimized output depth estimate.

Fig. 2. Overview of our model.

Data Preprocessing. Depth complementation of transparent objects requires the use of
surface normal and occlusion boundaries to provide geometric information about the
object. Where the ground truth of the surface normal of a transparent object is estimated
by obtaining point cloud data of an opaque object that has exactly the same shape as
the transparent object and is located at the same position, while the ground truth of the
occlusion boundary is predicted by the depth and mask of the same opaque object.
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Initial Depth Complement. For the visual properties of transparent objects, Sajjan
et al. [7] modified the original depth map by removing the masks of transparent objects.
Considering the efficiency and accuracy, we first perform a fast preprocessing of the
original depth map by using the classical image processing method [21] to repair the
missing depth in it due to factors such as lighting environment except for transparent
objects.

The process of the original depth map processing can be described as finding a
function f ′ to approximate the true function:

f (I ,Draw) = Ddense (1)

where I ∈ RM×N is the original color image, Draw ∈ RM×N is the original depth map,
and Ddense ∈ RM×N is the processed depth map, which is the same size as I and Draw.
The process can be formulated as:

min
∣
∣
∣
∣f ′(I ,Draw) − f (I ,Draw)

∣
∣
∣
∣2
F = 0 (2)

The function f ′ can be implemented by the image processing operation as shown in
Fig. 3.

Fig. 3. Preprocess of depth map.

where Dintered denotes the inverted depth map, and max
(

Dinput
)

denotes taking the
maximum value of the depth of the input depth map. Considering the application sce-
nario, we removed the module that extends to the top of the frame, making it more
focused on the immediate target.

Point Cloud for Grasping. We use transparent test tubes as the experimental object
and first obtain the position of the transparent test tube in space from the complete depth
map and generate a point cloud map. Since the test tube is placed on the test tube holder,
we traverse all the point cloud data to find the highest point and use to search all the
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Fig. 4. Robot coordinate system.

points near the highest point that are in the same plane as the top of the test tube. Then
we use the center point (x,y,z) of that plane as the grasping position of the end-effector
of the robot arm.

To express our grasping method, we assume that the coordinate system of the base
of the robot arm is BC, the coordinate system of the end-effector is EC, the coordinate
system of the camera is DC, the coordinate system generated at the point cloud is PC, and
the distribution of the coordinate systems is shown in Fig. 4. According to the established
model and the hand-eye calibration system, we can infer the spatial position information
of EC and DC relative to BC, and according to the point cloud information, we can
obtain the spatial conversion relationship between DC and PC, so as to obtain the spatial
position of DC relative to BC.

We set the spatial position and pose of the camera relative to the base as t �BBD and
RB
D, and the spatial position and pose of the grasping position relative to the camera as

t �DDP and RD
P , then the transformation matrix of the grasping position relative to the base

coordinate system of the robot arm is as follows:

⎧

⎪⎪⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎪⎪⎩

BTP = BTE
ETD

DTP

DTP =
[

RD
P t

−→
D
DP

0 1

]

BTE
ETD =

[

RB
D t

−→
B
BD

0 1

]

(3)
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4 Experiments

4.1 Experimental Environment and Dataset

The hardware and software environments for the experiments are as follows: a server
with Ubuntu 20.04, GTX3070 GPU, deep learning framework Pytorch1.11.0, Python
3.8.

We use Clear Grasp’s dataset for evaluation, which contains more than 50,000 syn-
thetic RGB-D images, as well as 286 real-world images of transparent objects. Opaque
objects are used to overlay transparent objects to obtain realistic depth information. The
ground truth of occlusion boundaries is generated from the depthmaps of opaque objects
as well as masks, and point cloud data are generated from the depth maps to obtain the
ground truth of surface normal for training. We use 5 known real-world objects in Clear
Grasp’s dataset as testing set.

4.2 Performance Metrics

For depth-completion, we use the same metric as in the previous work: the RMSE, REL,
MAE and the percentage of pixels of the ground truth where the predicted depth falls
within the threshold percentage error called δ [26, 27]:

δ = |predicted − true|/true (4)

where δ is 1.05, 1.10 or 1.25.
For grasp detection, we use multiple depth completion methods for grasping, and

each method is repeated 100 times, and we calculate the grasping success rate:

rate = successful picks

picking attempts
(5)

as the evaluation metric.

4.3 Comparison with Other Depth Completion Algorithm

We compare the performance of Fast Depth Completion (FDC) [21], Deep Depth Com-
pletion (DDC) [10], Clear Grasp [7] and our method, and the performance of depth
completion is shown in Table 1.

We can observe that the poor performance of the model using the traditional depth-
completion algorithm alone, which reasons may be that it does not consider the unique
visual properties possessed by transparent objects, ignoring its local details and contour
boundaries. Compared to the aforementioned methods, Clear Grasp obtains a larger
performance improvement due to the geometric information obtained from the RGB
image prediction and the correction of the input depth map. The best performance of our
proposed method is obtained due to the further processing of depth information, which
eliminates a large amount of uncertain depth information in the input depth map and
achieves a more accurate optimization.

The results of depth complementation are shown in Fig. 5, and it can be observed
that our method obtains relatively complete depth information. As shown in the figure,
the shapes and contours of transparent objects in the circles can be well.
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Table 1. Depth completion results of the approaches.

Error Metrics Accuracy Metrics

Model RMSE ↓ (m) REL ↓ (m) MAE ↓ (m) δ1.05 ↑ (%) δ1.10 ↑ (%) δ1.25 ↑ (%)

FDC 0.127 0.142 0.078 48.04 66.63 88.24

DDC 0.054 0.081 0.045 44.53 69.71 95.77

Clear Grasp 0.039 0.051 0.029 72.86 86.99 95.63

Ours 0.035 0.046 0.026 75.81 89.04 96.19

Fig. 5. Comparison of depth completion effects of multiple approaches.

4.4 Ablation Study

The preprocessing module of the depth image uses depth inversion, hole closure and
fill methods to complement the depth information. We compare the effects of using
different hole methods and eliminating depth inversion in the preprocessing module,
and we denote the method without the depth inversion module as Ours-I, the method
without small hole closure as Ours-Shc, the method without small hole fill as Ours-Shf
and themethodwithout large hole fill asOurs-Lhf. Table 2 summarizes the preprocessing
performance of various variants of the module.

Table 2. Ablation results of the preprocessing module.

Error Metrics Accuracy Metrics

Model RMSE ↓ (m) REL ↓ (m) MAE ↓ (m) δ1.05 ↑ (%) δ1.10 ↑ (%) δ1.25 ↑ (%)

Ours-I 0.064 0.085 0.048 49.87 74.85 92.66

Ours-Shc 0.035 0.046 0.026 75.73 88.98 96.18

Ours-Shf 0.036 0.047 0.027 75.55 88.72 95.85

Ours-Lhf 0.037 0.048 0.027 74.92 88.4 95.53

Ours 0.035 0.046 0.026 75.81 89.04 96.19

The depth map after the variant complementation by our method is shown in Fig. 6,
it can be observed that the model after depth inversion obtains a clearer outline of
transparent objects, while hole closure and hole fill also play a certain role.
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Fig. 6. Comparison to the variants of our method.

Fig. 7. Part A is camera internal parameters calibration and part B is Camera external parameters
calibration.

4.5 Eye-to-Hand Calibration System

In order for the robotic arm to obtain the position of the object in the image in space, the
camera needs to be calibrated. This includes the calibration of the internal parameters
of the camera and the calibration of the external parameters. The internal calibration is
used to correct the distortion of the image due to the distortion of the camera lens, and
the external calibration is used to reconstruct the 3D scene. We use Zhang Zhengyou
calibration method [28] for internal calibration, as shown in Fig. 7.A. Using a 9x7
checkerboard calibration plate of size 20 mm to calculate the internal parameters and
aberration coefficients of the camera by shooting from multiple angles.

For external calibration, we use the eye-in-hand calibration method, as shown in
Fig. 7.B.Wemove the robot arm to different positions while keeping the calibration plate
within the field of view of the camera, and obtaining the motion samples of multiple
points for the calculation of parameters. The specific parameters of the camera are shown
in the Table 3.

4.6 Accuracy of Grasp System

We use the acquired complete depthmap as input to the robot grasping system to observe
the effect of depth complementation on the grasping performance of transparent objects.
In this experiment, we place transparent test tubes on an experiment-specific test tube
rack, capture RGB-D images by a Realsense D435i camera, and control the robotic
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Table 3. Camera calibration parameters.

Internal parameters fx 614.367

fy 614.705

x0 325.077

y0 240.572

T Position x 0.409

Position y 0.466

Position z 0.516

R Orientation x 0.840

Orientation y −0.520

Orientation z 0.043

Orientation w −0.149

arm to achieve the grasping of transparent test tubes by point cloud information. The
point cloud maps obtained before and after depth complementation using our method
are shown in Fig. 8, and the snapshots of the UR5 grasping transparent test tubes are
shown in Fig. 9. We tested different methods to grasp the test tube 100 times, and if the
error between the robot’s end-effector coordinate system position and the predicted test
tube coordinate position is less than 0.1 cm, the grasping is successful, and the success
rate is shown in the Table 4. It can be observed that our method has the best grasping
performance.

Fig. 8. Part A is the raw point cloud map and part B is the processed point cloud map

Fig. 9. UR5 grasping transparent test tube process
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Table 4. Performance of grasping test tube

Method Success rate (%)

Raw Depth 4

FDC 53

DDC 67

Clear Grasp 87

Ours 93

5 Conclusion

In this paper, we obtain more complete depth information of the transparent object
by preprocessing the original depth map using the fast depth complement method, and
obtain the point cloud data of the transparent object by the complete depth information to
obtain its position information in the real world and control the robotic arm for grasping.
The results show that the system can achieve stable grasping of transparent objects. This
study is beneficial to advance the intelligence of chemical laboratory and reduce the
labor cost. In future work, we will try to use the dual-arm robot to perform the tasks in
chemistry experiments for test tube manipulation and to improve the robustness of the
predictive occlusion boundary algorithm in complex laboratory environments.
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