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Abstract: Robotic grasping in unstructured environments poses a significant challenge, demanding
precise estimation of gripping positions for diverse and unknown objects. Generative Grasping
Convolution Neural Network (GG-CNN) can estimate the position and direction that can be gripped by
a robot gripper for an unknown object based on a three-dimensional depth map. Since GG-CNN uses
only a depth map as an input, the precision of the depth map is the most critical factor affecting the
result. To address the challenge of depth map precision, we integrate the Segment Anything Model
renowned for its robust zero-shot performance across various segmentation tasks. We adjust the
components corresponding to the segmented areas in the depth map aligned through external
calibration. The proposed method was validated on the Cornell dataset and SurgicalKit dataset.
Quantitative analysis compared to existing methods showed a 49.8% improvement with the dataset
including surgical instruments. The results highlight the practical importance of our approach,
especially in scenarios involving thin and metallic objects.
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[Fig. 1] Proposed grasping pipeline for the unstable depth map. Segmentation Anything Model (SAM)
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2.1 Generative Grasping Convolution Neural Network
(GG-CNN)
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[Fig. 2] (a) Generative Grasping Convolution Neural Network
(GG-CNN) and (b) definition of robotic grasping pose
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[Fig. 3] Comparison of the depth maps using three different types
of sensors; (a) color map, (b) Realsense D455 (Stereoscopy), (¢)
Azure Kinect (ToF), and (d) Zivid One+ M (SL)
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[Fig. 4] (a,c) Pointcloud before and after adjustment, (b) color
image and (d) segmentation mask using SAM

[Fig. 5] (a) Segmentation mask using SAM, (b,c) depth map and
grasping quality map with A=1.05, (d) color map, and (e,f) depth
map and grasping quality map with A=1.4
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[Fig. 6] Examples of images from the SurgicalKit dataset
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[Table 1] Comparative accuracy [%] results on several grasping
datasets

Dataset
Method -
Cornell Surgical
GG-CNN 73.0 -
GG-CNN2 84.0 282
Refined GG-CNN2 93.0 78.0
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[Fig. 7] Comparison of the depth maps and grasping quality
maps of the GG-CNN2 model, (a,d) Azure Kinect, (b,e) our
results with Azure Kinect, (c,f) Zivid One+ M
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[Fig. 8] Comparison of the results of robotic grasping pose using
(a) GG-CNN2 and (b) GG-CNN2 with mask using SAM
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[Fig. 9] Comparison of the (a) grasping pose in the color map

and (b) grasping quality maps of the GG-CNN2 model across
three different environments
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