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Abstract

Simulators perform an important role in prototyping, debugging and benchmarking
new advances in robotics and learning for control. Although many physics engines
exist, some aspects of the real-world are harder than others to simulate. One of the
aspects that have so far eluded accurate simulation is touch sensing. To address
this gap, we present TACTO – a fast, flexible and open-source simulator for vision-
based tactile sensors. This simulator allows to render realistic high-resolution touch
readings at hundreds of frames per second, and can be easily configured to simulate
different vision-based tactile sensors, including GelSight, DIGIT and OmniTact. In
this paper, we detail the principles that drove the implementation of TACTO and
how they are reflected in its architecture. We demonstrate TACTO on a perceptual
task, by learning to predict grasp stability using touch from 1 million grasps, and on
a marble manipulation control task. We believe that TACTO is a step towards the
widespread adoption of touch sensing in robotic applications, and to enable machine
learning practitioners interested in multi-modal learning and control. TACTO is
open-sourced at https://github.com/facebookresearch/tacto.

Figure 1: We open-source TACTO – a simulator of vision-based tactile sensors. TACTO produces
high-resolution and high-fidelity reading from tactile sensors at high-frequency (>100Hz). Its
modular structure allows to model different vision-based tactile sensors and to be integrated with
different physics engines. We believe that such tool can benefit the touch sensing and robotic
community, as well as researchers in machine learning that can now access a new sensor modality.

1 Introduction

Simulators play an important role in prototyping, debugging and benchmarking new advances in
robotics. One aspect that has proven so far to be difficult to simulate is tactile sensing, and in
particular vision-based tactile sensors [Yuan et al., 2017, Padmanabha et al., 2020, Lambeta et al.,
2020] which provide rich high-resolution measurements. This is because to accurately model this
family of tactile sensors it is necessary not only to model the dynamics of the contact, but also to
model the optical properties of the sensors and the corresponding illumination to obtain realistic
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Figure 2: Software Architecture. TACTO bridges between physics simulator and back-end rendering
engine, and can be con�gured to model different sensor designs through con�guration �les.

Figure 3: Example images of simulated DIGIT imprints. TACTO is able to generate color and depth
images at the same time with details of the local geometry at high speed.

perceptual outputs. All of this while keeping the simulator �exible enough to implement various
sensors with different form factors, and fast enough to be of practical use.

To �ll this lack of touch sensing simulators, we introduce TACTO – a simulator of vision-based tactile
sensors explicitly designed to be fast and �exible. Fig. 1 shows examples of TACTO in different
scenarios.

We believe that TACTO can be of practical value for different communities: 1) To hardware designers,
it provides a preliminary way of to simulate and evaluate their design choices for future sensors; 2)
To the robotic community, it provides a way to simulate and study the integration of touch sensing
into control scheme; 3) To the machine learning community, it can provide an easy-to-use tool to
generate multi-modal inputs which would otherwise require real-world hardware.

2 Related Work

While there is a large number of physics engines available to robotic practitioners [Erez et al., 2015],
the choice when simulating tactile sensors is more limited. This is mostly due to the dif�culty of
accurately and ef�ciently simulating touch.

Several traditional low-dimensional sensors have been simulated in the literature, including Bio-
Tac [Ruppel et al., 2018] and fabric-based tactile sensors [Melnik et al., 2019]. We aim to simulate
high-resolution vision-based tactile sensors, which can possess millions of tactels. Exploiting the
nature of high-resolution vision-based tactile sensors, it is possible to use ray-tracing models from
computer graphics to render sensor output. Recent simulators for vision-based tactile sensors based
on Unity [Ding et al., 2020], Gazebo [Gomes et al., 2019] and �nite elements models [Sferrazza
et al., 2020] are not openly available (e.g., open-source) to the community. With TACTO, we aim
to provide an open-source simulator that is fast, �exible, and can be integrated with several physics
engines for experimenting with different learning and control algorithms with touch modality.

3 Our Approach

3.1 Overview of the Software Architecture

Fig. 2 shows the overall software architecture of TACTO. TACTO leverages Pyrender [Matl], a
python graphics library using OpenGL[Shreiner et al., 2013], to apply various ray-tracing techniques
with minimal efforts. TACTO takes the responsibility of bridging between the physics simulator and
the back-end rendering engine. To avoid I/O bottleneck of loading depth into renderer in real time,
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Figure 4: Example images of a simulated OmniTact [Padmanabha et al., 2020] touching a sphere.
We show only 3 of the 5 cameras mounted on the sensor. It is visible how the speci�c light/camera
placement in the OmniTact results in more pinkish images also in our simulator.

TACTO pre-loads the object meshes in the renderer and synchronizes the poses of objects and sensors
during physics simulation.

TACTO includes three major phases (for simplicity, we here assume PyBullet as the underlying
physics engine). 1) Initialize: TACTO loads the sensor con�guration, and setup up the sensor (camera,
lights, gel mesh) in the rendering engine. 2) Create scene: PyBullet loads object URDF into the
scene, and TACTO parses the URDF (by urdfpy package in our case), and add the analyzed mesh
into the rendering engine. 3) Step simulation: PyBullet �rst calculates physics simulation. Then
TACTO loads the poses of each link from PyBullet, synchronizes the poses of objects and sensors in
the rendering engine, and fetches the rendered tactile imprints.

3.2 Salient Features
Resolution # contact / # objets

1 / 1 1 / 100 10 / 100
160� 120 220 200 80

GPU 320� 240 140 100 60
640� 480 90 90 50
160� 120 60 60 40

CPU 320� 240 30 30 30
640� 480 10 10 10

Table 1: Frames per second rendered by TACTO
(excluding physics simulation time) when simulat-
ing a DIGIT sensor with multiple objects (each
mesh with 12K faces) in the scene. Appendix 6.5
shows breakdown time and machine speci�cations.

Fast: TACTO is very fast for being a tactile
sensor simulator. Table 1 shows the speed of
TACTO. When interacting with an object mesh
with 12K faces, TACTO is able to render a sin-
gle DIGIT sensor at 200 frames per second on
GPU with output resolution of 160x120 pixels.
We optimized the TACTO so that only the num-
ber of objects in contact in�uences Pyrender's
speed, making it maintain a high speed even in
a cluttered environment.

Flexible: TACTO can adapt to different sen-
sor designs by changing con�guration �les eas-
ily. Besides rendering DIGIT [Lambeta et al.,
2020] signals, as shown in Fig. 3, we also demonstrate the possibility to render OmniTact [Padman-
abha et al., 2020] signals, as shown in Fig. 4, which has a substantially more complicated sensor
structure including round surface, 5 cameras, and 11 light sources.

Force dependent:TACTO can simulate the dynamics range of the gel by mapping the force measured
in the physics engine to different deformation of the gel. This means that light forces will yield to
less deformations, and higher forces to more deformation of the gel. The forces are generated from
rigid-body contact models currently for stability. It is also possible to set an lower threshold before
forces results in deformations and a upper saturation limit over which increases in force will not
results in more deformation.

See appendix for more features, includingCalibration from real sensors(Sec. 6.1), andRendering
from depth (Sec. 6.2).

4 Results

We demonstrate TACTO on a perception task and a control task: 1) learning grasp stability from
vision and touch readings. See results in Fig. 5, and details in Appendix 6.8. 2) learning to roll a
marble to a target location in the sensor. See results in Fig. 6, and details in the Appendix 6.9.
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