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Abstract
We present a dataset of 3304 trials of a food manipulation task using human subjects. This food manipulation task
focuses on acquiring different food items and bringing it near the mouth of a target. Each trial is a time-series of 6D-
wrenches of physical interaction with food collected using an instrumented fork, 6D-poses during fork motion collected
using a motion capture system and their rates of change. Additionally, we also provide a sequence of time-stamped
RGBD images of the scene during task execution for each trial. We provide python scripts to download and visualize
the data. The data is available at http://dx.doi.org/10.7910/DVN/8TTXZ7.
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Introduction

The food manipulation dataset is a collection of 3304 trials
of humans acquiring food items of various shapes, sizes,
and compliance and bringing it near the mouth of a target.
The dataset focuses on the mechanics of manipulating food.
Each trial tracks a user as they manipulate food and is a
time-series of forces, torques, positions, orientations, and
their rates of change. We also provide sequences of RGBD
images of the scene during task execution. We present the
first dataset of food manipulation relevant to a feeding task
that captures wrenches of physical interaction with food,
motion captured human fork motion, and RGBD imagery
during task execution.

Feeding is an activity of daily living Lawton and Brody
(1969) and there is a need for autonomous robotic systems
to assist people with activities of daily living such as
feeding Chen et al. (2013). Although there are some
commercial automated feeding systems in the market obi
(2016); mys (2015); mea (2015b,a, 2018); win (2008) and
some non-commercial ones Nylander et al. (2012); Bien
et al. (2004); Tejima (1996), they have lacked widespread
acceptance as they use minimal autonomy, demanding
a time-consuming food preparation process Gemici and
Saxena (2014), or pre-cut packaged food. Our dataset can
be used to better understand the manipulation strategies
used for a generic feeding task Bhattacharjee et al. (2018b),
which can potentially help in developing systems that can
assist (feed) people with disabilities in the real world. For
example, the dataset can be used to learn control policies
for the manipulation of food items of varying size, shape
and compliance and develop data-driven algorithms for
classification of food items Bhattacharjee et al. (2018b).

Although datasets recording the manipulation of food
items are rare, there are a few datasets which cap-
ture images of food items themselves. For example,
Pouladzadeh Pouladzadeh et al. (2015) created FooDD, a
dataset of 3000 food images for measuring calories from

Figure 1. Experimental setup

images. Foroni et al. Foroni et al. (2013) created FRIDa, a
dataset of 877 images with both food and non-food related
categories. Farinella et al. Farinella et al. (2016) presented
the UNICT-FD1200 dataset consisting of 4754 food images
of 1200 distinct dishes during real meals. The dataset con-
sists of 8 categories: appetizers, main course, second course,
single course, side dish, dessert, breakfast, and fruit. Matsuda
et al. Matsuda et al. (2012) collected a dataset of food images
of 100 kinds of Japanese food-items and named it UEC
FOOD 100. The Beijing dataset Xu et al. (2015) has images

All authors are with the Personal Robotics Lab, Paul G. Allen Center for
Computer Science and Engineering, University of Washington, USA

Corresponding author:
Tapomayukh Bhattacharjee, Paul G. Allen Center for Computer Science
and Engineering, University of Washington, 185 E Stevens Way NE,
Seattle, WA - 98195, USA
Email: tapo@cs.washington.edu

Prepared using sagej.cls [Version: 2017/01/17 v1.20]

http://dx.doi.org/10.7910/DVN/8TTXZ7


2 Journal Title XX(X)

of 701 dish classes from 187 Chinese resturants. Chen et
al. Chen et al. (2009) created PFID, a dataset of 101 fast-
food items with 4545 RGB images, 606 stereo pairs, and
303 360◦ videos for structure from motion and 27 videos of
eating events. NTU-FOOD Chen et al. (2012) has a dataset
of images for 50 food-items, ETHZ Food-101 Bossard et al.
(2014) and UPMC Food-101 Wang et al. (2015) are datasets
of 100,000 images for the same 101 food items. These
datasets were used either for classifying them into different
foods, recipes, dishes etc. or for measuring the quality of
food such as its calorie content.

One dataset which captures physical interaction forces
with food items is by Gemici and Saxena Gemici and Saxena
(2014). They collected this dataset of haptic information
through 941 experiments from 12 different categories of
food. However, their dataset was collected using actions
executed by a robot. The actions such as vertical splits,
lateral splits, circular bend, vertical cut etc. used to collect the
dataset were designed to get information about the physical
properties of the food items and the actions may not be
representative of actions used to manipulate food for any
real-world tasks. Our dataset on the other hand focuses on
the strategies used by humans to manipulate food on a plate,
bowl, or cup for a feeding task and collects the relevant
physical interaction data.

Sensor Setup
We use a fork instrumented with a force-torque sensor, a
motion capture system, and an RGBD camera for collecting
the multimodal information.

Forque: A Force-Torque fork sensor
We selected an ATI Nano25 F/T sensor and Net F/T interface
for 6-axis force/torque (F/T) measurements. The sensor, by
itself, was calibrated in US-25-25 method. We reconfigured
the Net F/T interface system to provide force and torque
values in SI units. The F/T sensor resolutions are given by

Fx = Fy = 0.020 N, Fz = 0.060 N

τx = τy = 0.0007 Nm, τz = 0.00035 Nm
(1)

and the sensor ranges are given by

Fx = Fy = [0.0, 111.206] N, Fz = [0.0, 444.822] N

τx = τy = τz = [0.0, 2.825] Nm
(2)

The frequency of data acqusition from F/T sensor was
set to 120 Hz. We instrumented a fork with the F/T sensor
and named it Forque. We designed Forque’s shape and size
to mimic the shape and size of a real dinner fork. We 3D
printed the handle and the tip of the Forque in nylon plastic
and rhodium plated brass respectively. A wire connecting the
F/T Sensor with its Net F/T box runs along the length of
the Forque along a special conduit to minimize interference
while feeding. The diameter and height of F/T sensor is 0.025
m and 0.022 m repectively. The mass of Forque is 0.107 kg
and it is composed of 0.025 kg of tip, 0.062 kg of F/T sensor,
and 0.014 kg of handle.

(a) Forque: A fork instrumented with an F/T sensor
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(b) Exploded view of assembly CAD model of Forque

Figure 2. The Forque sensor.

Motion Capture System
To collect rich motion data, we installed six Optitrack
Flex13 opt (2015a) motion capture (mocap) cameras on a
specially-designed rig, with full coverage of the workspace.
The rig is designed to cover around 1 m x 2 m x 1 m of
volume with the four Flex13 cameras at each corner of the
top of the rig and two Flex13 cameras at the center, but 0.4
m higher than the other four cameras at the corners. This
provided full 6 DOF motion capture of the Forque at 120
frames per second (FPS). Figure 3 shows the mocap cage.
We designed the end of the Forque handle to attach spherical
markers for motion capture with the NaturalPoint Optitrack
system opt (2015b). We ran Motive:Tracker mot (2015) on
Windows 10 and streamed the motion capture data through
a virtual-reality peripheral network (VRPN). The streamed
data was received by ROS client nodes for the VRPN, which
was installed on ROS Indigo, Ubuntu 14.04.

RGBD Camera
In addition, we installed a calibrated (both extrinsically and
intrinsically) Astra RGBD ast (2015) camera for recording
scenes using RGB and depth images at 30 FPS with images
of 640 x 480 size, as well as a Canon DSLR RGB camera for
recording videos for human labeling (Figure 1). The Astra
camera is able to cover 0.6 - 8 m range, has 60◦ horizontal
and 49.5◦ vertical field of view, and uses USB 2.0 data
interface.
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(a) Motion capture setup
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(b) Capture volume of the motion capture system

Figure 3. Our Motion capture system.

Data Collection Setup

We built a specialized test rig for our experiments (Figure 1).
Our goal was to perform high-fidelity capture of poses and
wrenches during feeding. In addition, we collected RGBD
scene sequences.

We selected 14 food items based on their size, shape
and compliance: pepper, cherry tomato, grape, carrot,
celery, apple, cantaloupe, watermelon, strawberry, banana,
blackberry, egg, noodles, and potato salad. The mannequin
head was placed at the height of a seated average human.
For a left-handed participant, we inverted the experimental
setup so that they could naturally feed the mannequin with
their left hand. We measured the positions of different
components of the experimental setup (see Figure 1) for
both left-handed and right-handed participants using motion
capture markers. All the positions are measured with respect
to global coordinate frame in S.I. units.



Phr = (0.260, 0.422,−0.010)
Phl = (0.202, 0.279, 0.637)
Pmp = (0.119, 0.000, 0.326)
Pps = (0.214, 0.000, 0.469)
Pn = (0.180, 0.000, 0.214)
Prf0 = (0.206, 0.000, 0.675)
Plf0 = (0.206, 0.000, 0.109)


(3)

where, Phr and Phl are the positions of the mannequin
head for a right-handed participant and a left-handed
participant respectively. These are measured using motion
capture markers on the forehead of the mannequin (see
Figure 1). The main plate, potato salad, and noodle were
placed at Pmp, Pps, and Pn respectively. Note, during the
experiment, as participants perform the feeding task, these
may get slightly moved around. The initial position of the
subjects’ arm holding the Forque before each trial was fixed

at Prf0 for right-handed participants and Plf0 for left-handed
participants.

Data Acquisition
We compiled the data as rosbag files using ROS Indigo
on Ubuntu 14.04. The system clocks were synchronized
to a Network Time Protocol server. We measured the
mean sensor delay between the Optitrack mocap signal
and force/torque signal to be 30ms. The delay is measured
by observing the time difference between the signals from
mocap system and the F/T sensor when we hit the table with
the Forque over 10 trials. We compare the time instances
when there is a rise in Fz during impact and when z position
of the Forque matches the position of the table and average
it out over 10 trials to calculate the mean delay.

The task of each participant was to pick up a food-item and
bring it near the mouth of the mannequin. Each participant
picked up the 14 food items 20 times each over 5 sessions
resulting in 280 trials per participant. We had 12 participants,
resulting in a grand total of 3360 trials. However, due to
a technical glitch, we missed recording data for one of the
sessions, thus giving us 3360− 56 = 3304 recorded trials in
the dataset.

The Dataset
Our dataset is available at Bhattacharjee et al. (2018a). In
the dataset, we have 477 data files. In addition, we provide a
README file to explain the structure of the data and a python
script to help visualize the wrench and pose data.

Each data file is a compressed file with extension tar.gz
and the data files are of 3 types. One type of data file contains
wrenches, poses, and their rates of change and is named
subject<id> <food> wrenches poses.tar.gz.
The other two types of data files contain
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(a) 14 food items

(b) An example feeding trajectory with motion capture trackers

Figure 4. An example feeding trial with food items.

rgb and depth images and they are named
subject<id> <food> rgb images.tar.gz and
subject<id> <food> depth images.tar.gz
respectively. Figure 5 shows the structure of our dataset.

Wrenches, poses, and their rates of change
In each subject<id> <food> wrenches poses
.tar.gz file, there are 20 CSV files, which contain the
wrenches, poses and their rates of change. For subject 10,
there are 16 CSV files. In each CSV file, the first column
representes time, and the second to fourth columns are the
forces, Fx, Fy , and Fz respectively, in left-handed sensor
coordinate. The fifth to seventh columns are the torques, τx,
τy , and τz respectively, in right-handed sensor coordinate.
Left-handed coordinate system is used only for the forces
to make z-directional forces positive. The eighth to tenth
columns represent the position of the center of the markers
of Forque, Px, Py , and Pz respectively, based on the global
coordinate system. The eleventh to thirteenth columns show
the orientation of Forque in ZYX Euler convention, Ox, Oy ,
and Oz respectively, based on the global coordinate system.
The rest of columns are the rates of change of position and
orientation, Vpx, Vpy , Vpz , and Vox, Voy , Voz respectively,
based on backward differentiation.

RGB images
In each subject<id> <food> rgb images.tar
.gz file, we have loss-less time-stamped images of 640x480
pixels saved in the format <timestamp> rgb.png. We

Food manipulation Dataset
subject<id> <food> wrenches poses.tar.gz

<trial number>.csv

subject<id> <food> rgb images.tar.gz

<trial number>/
<timestamp> rgb.png

subject<id> <food> depth images.tar.gz

<trial number>/
<timestamp> depth.png

Figure 5. Data structure of the dataset.

extracted these images from the rosbags by subscribing to the
colored rectified images using ROS Indigo’s image view
package.

Depth images
In each subject<id> <food> depth images
.tar.gz file, we have loss-less time-stamped
images of 640x480 pixels saved in the format
<timestamp> depth.png. We extracted these images
from the rosbags by subscribing to the depth rectified images
with 32FC1 encoding using ROS Indigo’s image view
package.

Intrinsic camera parameters
We calibrated the camera intrinsics and the resulting camera
matrix C is given by

C =

526.089 0.001 320.730
0.000 526.212 241.275
0.000 0.000 1.000

 (4)

The calibrated distortion coefficients are given by

d =
[
0.039 −0.166 0.003 0.000 0.000

]
(5)

Extrinsic camera parameters
We used our motion capture system to locate the pose
of the camera coordinate frame with respect to the global
coordinate frame. We attached a rigid-body marker on the
camera at a fixed location with respect to its focal point and
used the markers to calculate the transformation matrix, T ,
of the camera coordinate frame with respect to the global
coordinate frame as:

T =


0.343 −0.939 0.010 0.712
0.938 0.342 −0.064 0.101
0.057 0.031 0.998 0.258
0.000 0.000 0.000 1.000

 (6)

Infrared marker positions
We designed a custom motion capture rigid-body marker
(See Figure 2), in which we placed the individual markers
asymmetrically for efficient and unique tracking results. We
placed the four markers (m1,m2,m3,m4) at the following
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Figure 6. Data from an example feeding trial with image snapshots at specific instances during the trial.

locations (all values in S.I. units) with respect to the F/T
sensor coordinate system:


m1 = ( 0.031, 0.019, 0.210)
m2 = ( 0.019,−0.031, 0.210)
m3 = (−0.037, 0.000, 0.210)
m4 = (−0.029, 0.050,−0.185)

 (7)

The local marker coordinate system is placed at the
center of the marker positions (See Figure 2) and the initial
orientation of the Forque is when the orientation of the
marker coordinate system aligns with the orientation of the
global coordinate system (See Figure 1).

Utilities
We included a python script in our dataset that can help visu-
alize the data. Subject number, food item, and trial number
can be selected by setting subject num, food num, and
trial num variables. Using the plotValues function,
we can visualize data such as forces, torques, poses, etc.
Figure 6 shows an example of a feeding trial.
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