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I. I NTRODUCTION
This work utilizes a 3D Convolutional Neural Network
(CNN) to enable 3D geometric reasoning by incorporating
both tactile and depth information to infer occluded geometries. Despite recent advances [13][14] accomplishing robotic
manipulation tasks based on data captured from a single depth
sensor remains difficult. The difficulty arises from the fact that
a single depth image does not always provide enough information to accurately predict occluded geometry. For instance
the partial view of an egg from Fig. 1a is very difficult to
discern from a bowl which was also present during training.
The idea of integrating additional sensory information from
tactile and force sensors to reduce geometric uncertainty from
vision alone is not new [11]. Several recent approaches to
integrate multi-modal data for robotic manipulation tasks and
geometric reasoning have focused on the use of Gaussian
Process Implicit Surfaces (GPIS) [15][3][16][2][5][8][12][10].
Unfortunately these approaches have difficulty making predictions in regions far from tactile observations. Others recent
approaches based on heuristics [7][6][1] do not easily extend
to more sophisticated geometries.
We present a data-driven approach utilizing a CNN as shown
in Fig. 2. In our approach, a pointcloud of the visible portion of
an object is captured, and used to provide an initial hypothesis
of the object’s geometry via [14]. This initial hypothesis is
used to plan a grasp or exploratory action. The hand is then
moved to the planned position via a guarded move, stopping
when contact with the object occurs. At this point, the newly
acquired tactile information is combined with the original
partial view and sent through a CNN to create an updated
object geometry hypothesis. This new hypothesis incorporates
both the depth and tactile information. Fig. 1 shows how the
completion quality is improved by the fusion of depth and
tactile information over depth information alone.
II. V ISUAL -TACTILE G EOMETRIC R EASONING
A. Half-Shapes Dataset
In order to first evaluate our system, it was trained on a
Half-Shapes dataset. This dataset consists of conjoined shapes.
Both front and back halves of the objects were randomly
chosen to be either a sphere, cube, or diamond. Next, synthetic
sensory data was generated for these example shapes. Depth
information was captured in addition to tactile information
collected using both a tactile exploration (3 points from the
back), and a tactile grasp (2 points from the back, 1 from the
front). An example shape with tactile exploration sensory data
is shown in Fig. 3.
Four networks with the exact same architecture were trained
on this dataset using different sensory data as input. The results
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Fig. 1: Egg completion from the YCB and grasp database
holdout model set. It is hard to determine how far back the
completion actually goes, and it is hard to differentiate what
object this is as the dataset contains both eggs and bowls.
The Tactile + Depth Completion is better as it uses the tactile
information to alleviate both concerns.
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Fig. 2: Both Tactile and Depth information are independently
captured and voxelized into 403 grids. These are merged into
a shared occupancy map which is fed into a CNN to produce
a hypothesis of the object’s geometry.

are shown in Fig. 4. One network was only provided the tactile
grasp information during training, and performed poorly. A
second network was given only the depth information during
training, and performed better than the first network, but still
encountered many situations where it did not have enough
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Fig. 3: A Half-Shape dataset example. (a) The red dots
represent the tactile exploration readings. The blue dots on
represent to occupancy map from the depth image. (b) The
ground truth 3d geometry.
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Fig. 5: Jaccard similarity for two CNNs, one (Red: Depth)
trained with depth alone, the second (Blue: Tactile + Depth)
trained with tactile and depth information. While training, the
CNNs were evaluated on inputs they were being trained on
(Train Views) and novel inputs from meshes they have never
seen before (Holdout Models). In both evaluations the network
provided with both depth and tactile is able to do a better job,
this is especially true for Holdout Models demonstrated by the
widened performance gap between the two networks.
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Fig. 4: Different runs of the shape completion system trained
on the Half-Shape dataset. Input was provided from: Depth,
Depth + Tactile Exploration, Depth + Tactile from Grasp, and
only from a Tactile Grasp. When using both tactile and depth
the system is able to complete the object almost 100% of
the time. While depth or tactile alone are not sufficient to
successfully reason about object geometry in all cases.

information to accurately complete the back half of the object.
The other two networks were given the depth and tactile
information. One in the form of a tactile grasp and the other
from a tactile exploration. These networks were able to learn
the task to completion. They successfully utilized the tactile
information to differentiate between plausible geometries of
occluded regions.

two.
The completions were created using the post-processing
code from [14] which merges the CNN output with the
observed pointcloud of the object. An example completion
from this dataset using our CNN is shown in Fig. 1. The
tactile information allows the system to correctly predict how
far back the completed object should extend and disambiguate
between objects used in training that have similar depth maps
but very different completions. Fig. 5 shows how completion
quality improves as training progresses for two networks one
trained using depth alone, and the second trained using depth
and tactile information. It is interesting to note that difference
in performance between the two networks is much larger on
Holdout Models than on Train Views. This can be interpreted
to mean that the additional tactile information is more useful
on novel objects, while depth alone maybe sufficient for good
completions if the object was used during training.

B. YCB and Grasp Dataset
After demonstrating on the Half-Shape dataset, we trained
two additional models using 486 of the grasp[9] and YCB[4]
dataset objects. These models come from the open-source
dataset of voxelized training data provided by [14]. This
dataset consists of approximately half a million pairs of
oriented voxel grids. Where one grid’s voxels are marked
as occupied if visible to a camera, and the second grid’s
voxels are marked as occupied if the object intersects a given
voxel, independent of perspective. This dataset was augmented
with information about up to three additional occupied voxels
marking where each finger intersects the object from a tactile
exploration action done in the same manner as with the HalfShape dataset. For training the network, we used a similar
architecture to [14], but with three dense layers rather than

III. C ONCLUSION
This work demonstrates an architecture for utilizing depth
and tactile information to reason about object geometry. This
is done via a CNN trained with both depth and tactile information. The CNN predicts object geometry, filling in the occluded
regions of an object. At runtime, an initial object hypothesis
can be generated using depth alone. Then the framework
shown here can provide an improved understanding of the
object’s geometry by using newly collected tactile information.
We have demonstrated that the system is able to produce better
predictions of object geometry when utilizing both tactile
and depth information as opposed to using depth information
alone. This improved object geometry understanding can then
be utilized for other robotic manipulation tasks.
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