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Feedbot: A Vision Augmented Feeding Robot
Alexandre Candeias

Abstract—People with disabilities are unable to execute several
simple daily tasks, such as feeding or dressing, and often rely on
other people to help them. Researchers have over time developed
robotic feeding assistants to help at meals so that people with
disabilities can live more autonomously. However, current com-
mercial feeding assistant robots acquire food without feedback on
acquisition success and deliver it in a preprogrammed location.

We propose Feedbot, an autonomous feeding robot arm that is
augmented with vision to be capable of adapting his trajectories
in real-time to the user and of having visual feedback on the
food acquisition. Feedbot was tested in a real meal scenario and
using two different robot arms.

We show how Discriminative Optimization (DO) can be
applied to track the user’s head pose so that the food can be
effectively brought all the way to the user’s mouth, rather than
to a preprogrammed feeding location. Our results show the ability
of DO to track the head pose, while achieving state of the art
performance. Finally, we show that visual feedback can improve
the effectiveness of food acquisition.

Index Terms—Assistive Technologies, Manipulation Aids, Feed-
ing Assistance, Computer Vision, Head Pose Tracking.

I. INTRODUCTION

Some people that live with strong disabilities are incapable
of doing their Activities of Daily Living (ADLs). These
activities are simple self-care tasks such as feeding, bathing,
dressing or shaving. Since these people are not able of doing
these tasks by themselves, they need help from other people
like caregivers or nurses. Helping people in their ADLs can
be a difficult and tedious task to the caregiver. People living
with disabilities are also less likely to live autonomously.

Robots can play a significant role in helping society to deal
with these two problems. On one hand, they can provide more
autonomy to people who suffer from disabilities. On the other
hand, robots will free caregivers of certain ”mechanical” tasks
so that they can concentrate on the relational role.

In this work, we will focus on the task of autonomously
feeding a user. Feeding is an essential Activity of Daily Living
(ADL) and was reported by the users to be one of the most
difficult tasks to execute controlling a joystick [1]. Feeding
involves bringing the food from the plate location to the user’s
mouth. Even though this can be thought as being a simple
task, it is not and it can be even more challenging for a robot,
since it requires a perception of the environment and of the
user’s pose. The perception of the environment is required
because the robot must be capable of detecting where the
food is located and to scoop the food from the plate. At the
same time, the robot must also be capable of detecting changes
in the environment, for example, if there is food present on
the plate. The perception of the user’s pose is also important
since the robot should move the end-effector to the mouth
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position and adapt its trajectories to different users that may
have involuntary and diverse amplitudes of movements.

In this work, we propose the introduction of a vision system
to achieve a full autonomous feeding robot that is capable of
adapting his trajectories to the user’s movements and of having
feedback on the food acquisition.

The major contributions of this work are:
1) Autonomous Feeding Robot (Feedbot). We built a

fully autonomous robotic system that is capable of:
a) Acquiring food from a static plate using a demon-

stration of a scooping trajectory;
b) Detecting if the acquisition of the food was suc-

cessful;
c) Real-time tracking of the user’s mouth position;
d) Real-time adapting the trajectory of the robot end-

effector from the plate to the user’s mouth.
2) RGB-D head pose tracking system. We propose a

tracking system with the ability of tracking the user’s
head at 28FPS and has the same accuracy as state of
the art methods. This system makes it possible to track
the user’s mouth with a Mean Absolute Error (MAE)
below 1cm. Furthermore, our tracking system is very
robust to extreme head pose variations being capable of
detecting the correct head pose even in the case where
the head pose is in profile.

3) RGB based food acquisition feedback system. Using a
RGB camera we developed a food acquisition feedback
system that is capable of detecting if there is food on the
spoon or how much food is present. Real experiments
show that this system provides significant improvements
in terms of the food delivered to the user per distance
traveled.

Feedbot allows to feed different users with different types of
food. Moreover, our system is fully independent of the robot
arm platform. We tested our system in two different robot
arms, namely, Kinova MICO and Nyrio One [2].

II. STATE OF THE ART

A. Assistive Feeding Robots

An assistive robot is a robot that provides aid or support
to the human user [3], for example, robots that help the
humans on ADLs. Researchers have made efforts in this type
of assistive robots, making possible to use robots in some of
these tasks like dressing [4][5], shaving [6] and drinking [7].

One of the most important ADLs and the focus of this
work is the task of feeding. The first effort to bring a fully
capable robot arm to help people with upper arm disabilities
was Handy1 [8]. Handy1 was specially built for people with
cerebral palsy and it was tested with more than 50 users. With
this robot, users could choose between 7 different food types
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using input buttons and the robot could move the food all the
way from the plate to a preset mouth location. Although this
robot was widely used and helpful, it could only move to a
predefined location and it could not be used by people who
cannot control the input buttons.

To overcome the problem of controlling the robot by this
kind of users, in [9] the authors propose a new robot where
the control is done by moving a pointing laser with the head.
Following the developments in research, feeding assistant
robots like Obi [10], MySpoon [11], MealBuddy [12], iEAT
[13] and Bestic [14] became available for commercialization.
All those platforms have some of the features present in
Handy1[8] and [9]. Moreover, they suffer from the same non-
fulfillment as Handy1, since they cannot adapt if the user
changes its pose during the meal or if the user is incapable of
controlling the robot.

A recent review on robot feeding assistants research is
described on [15]. In [7] it is proposed a system that uses
Electroencephalography (EEG) signals and computer vision
to help a user in the task of drinking using a robot arm. This
system uses EEG signals to retrieve the user commands and
a Kinect camera to track the user’s mouth.

Following the same approach of using vision and EEG, in
[16] it is proposed a feeding robotic system that uses EEG and
a 4Degrees of Freedom (DOF) robot arm with a RGB camera
attached to the end-effector. The user can choose between 3
different types of food using EEG signals. The robot arm is
aligned with the user’s mouth using the camera and doing
visual servoing based on mouth detection, which uses Haar
cascade classifiers. The adoption of EEG signals as user input
to control the robot can be very useful for users that cannot
control a joystick/keyboard buttons, for example, users that
cannot move their fingers. However, the training for using
these signals is required and sometimes is difficult to learn
how to use them. Furthermore, a device has to be attached
to the user’s head to measure these signals which can be
uncomfortable.

General purpose mobile robots, like PR2 [17], were also
used in the development of feeding platforms. In [18] is pro-
posed a feeding platform using PR2. This robot was controlled
by the user using a web-based Graphical User Interface (GUI).
By using a GUI the user could control the start and stop
command of feeding sub-tasks, like scooping or re-scooping
or the command to start the movement from the plate to the
mouth. A depth camera is used to track the user’s head and
have access to the 3D position of the mouth. The tracking is
done using an ARtag attached to the user’s head. Using the
same robot, research in multimodal anomaly detection was
also done in [19].

Close research to the one that we present in this work was
done in [20]. The authors propose to use DO[21] to track the
user’s head. However, the results do not report the accuracy of
the tracking system or the time performance and do not test
the whole platform in a real feeding environment.

Food Manipulation for feeding tasks was also investigated
in [22], [23] and [24]. In [22] it is proposed a method for
adapting non-optimal trajectories shown by the user to the
optimal ones. This work can be used, for example, on adapting

Robot Path Planer User MotionTracker User Input Control Type of Robot
Handy1 [8] Predefined No Button Research

Ishii et al [9] Predefined No Head-Laser Research
Obi [10] User-Calibrated No Button Commercial

MySpoon [11] Predefined No Button Commercial
MealBuddy [12] Predefined No Button Commercial

iEAT [13] Predefined No Button Commercial
Bestic [14] Predefined No Button Commercial

iCRAFT [25] Predefined No Eye-Tracking Research
Perera et al [16] Real-Time Yes EEG Research
Park et al [18] Real-Time Yes Touch-GUI Research
Herlant [24] Predefined Yes Social Cues Research

TABLE I: Feeding Robots Summary

trajectories for Obi arm. Herlant’s thesis [24] was focused on
the strategies of food acquisition from the plate and on bite
time prediction using social cues from group meal situations.

We present in table I a summary of each one of the analyzed
feeding robots. Each robot is classified in terms of the path
planner, user motion tracker, user input control and the type
of robot. The path planner can be: predefined, if the robot can
only move to a predefined mouth position; user-calibrated, if
the robot gives possibility to the user calibrate the mouth’s
position; or real-time adjusted, if the robot has some way of
planing the motion from the plate to the mouth’s position in
real-time during the feeding. We also classify if the robot has
some vision system for tracking the user’s motion and what
type of user input control it uses to give instructions to the
robot. Finally, we classify if the robot is a commercial device
or a research device.

B. Computer Vision Techniques for Feeding Robots

In our work, we are interested in building an autonomous
robot capable of feeding a person. We are interested in being
able to know the head pose of the person that is being fed
and the mouth’s location. In this section, we will make a brief
review of the computer vision methods applied to this problem.

One way of localizing the face of the user is using a RGB
image and a face detector to localize the face in the image.
Several methods have been proposed in this area of face
detection. One of the first works used a neural network to
compute the bounding box of the faces present in the image
[26]. Following this work, Viola and Jones [27] proposed a
cascade classifier to classify different patches in the image.
Viola and Jones face detector is still one of the most used
face detectors due to the good performance in terms of speed
and accuracy.

More recently, deep learning face detectors are the state of
the art in face detection on RGB image. Works like MTCNN
[28] or Face R-CNN[29] make use of Convolutional Neural
Network (CNN)’s to achieve great accuracy and real-time
performance. However, this performance comes with a high
computational cost and, sometimes, a Graphics Processing
Unit (GPU) is needed.

Another problem widely studied by the Computer Vision
community, is the facial landmark detection and alignment
problem [30] [31] [32] [33] [34] [35]. This problem is related
to the alignment of pre-defined landmark points to the face that
is present on the RGB image. Fig.1 illustrates the concept.

Recently, [30][31](OpenFace) describes a face analysis tool-
box that goes beyond facial landmark detection, since it
provides tools for head pose estimation, expression analysis,



3

Fig. 1: Example of facial landmark alignment. In the facial
landmark alignment problem we are interested in fitting a
landmark model(present in the middle) to the face present
on the image. We show, marked on red in the right image,
the result of the alignment of the landmark model, using
OpenFace[30].

and gaze estimation. All these tools are based on the facial
landmark detection framework provided in [36]. OpenFace
is of great value in facial expression analysis and it can be
used in a wider field of applications like face analysis in
healthcare systems or human-machine interaction interfaces.
In our application, it can also be used to estimate the head
pose of the user.

Cascade regression methods [37] have been applied to the
task of face landmark detection and alignment [33] [32] show-
ing great performance. These methods try to use a sequence
of regressions to update the parameters of the model directly
from features present in the image, for example, discovering
the 2D pose (rotation and translation) of an object present in
the image purely based in a sequence of regressors that accept
as input features from the image. The regressors used can be,
for example, a simple linear map between the features and an
update in the pose parameters.

Supervised descent method [33] is an example of a cas-
cade regression for face alignment, the authors motivate the
regression as a supervised way of getting descent directions
for solving non-linear least squares problems. In this work,
the authors used Scale-Invariant Feature Transform (SIFT)
features [38] and a linear regressor to update the landmark
point positions. Using the same approach, Asthana et al.[34]
propose to update the linear regressors in an online manner.
The online update of the linear regressors provides a better
performance in tracking scenarios since the updated regressors
have the ability to adapt to the subject that is being tracked.
Supervised descent method was also applied to dense 3D
face alignment from 2D videos in [32], providing real-time
performance in this task.

More recently, instead of using linear regressors, cascade
CNN’s were used [35][39] providing great performance, even
in large and difficult poses. However, using CNN’s come with
the cost of high computational power requirements and worst
performance in terms of time consumption.

Methods based on RGB data, e.g facial landmark alignment,
have known issues when dealing with large poses. This hap-
pens since in large poses it is very difficult to detect the face on
the RGB image, thus causing to be very difficult to estimate
the head pose using this kind of approach. The solution to

solve this problem can be the use of richer data like RGB-D
data. However, there is a lack of research on this field and
methods for head pose tracking rely on 3D model registration
using, for example, Iterative Closest Point (ICP)[40] or its
variants [41]. An exception is a method proposed by Fanelli
et al. [42][43][44], this method uses depth data combined with
regression forests to directly estimate the head pose with good
accuracy.

Our work tries to incorporate the use of cascade regression
methods, that show great performance on the RGB face
alignment problem, in the problem of 3D head pose estimation.
We formulate the problem of head pose estimation as a 3D
rigid model registration and make use of DO[21][45][46], that
show great results in the task rigid model registration, to the
head pose estimation problem. In particular, we applied this
work to the tracking of the head pose. DO, when compared to
methods like ICP, shows better robustness to outliers, a larger
region of convergence and real-time performance in the task
of 3D rigid model registration[21].

III. FEEDBOT ARCHITECTURE

In this work, we are interested in building an autonomous
feeding robot arm system (Feedbot) with the purpose of
feeding people with upper arm disabilities. We discussed
that there are many commercially available robotic feeding
platforms. However, none of those is capable of adapting, in
real-time, to the changes of the pose of the users or to have
feedback of the environment that surrounds the robot.

To give autonomy to Feedbot we rely on computer vision.
We are interested in solving two problems. First, we want to
be capable of having a visual feedback of the user’s pose,
more specifically the location of the mouth. Second, we want
to have visual feedback on the spoon.

Having a visual feedback of the user’s pose is important
since people that live with disabilities can be incapable of
moving their heads to a preset location, and using this visual
feedback we can move the arm’s end-effector to the correct
mouth’s position.

Visual feedback on the spoon is also important because it
will allow to estimate the amount of food that is present on
the spoon. Using this information we can, for example, detect
if no food was scooped and re-scoop, or see if the user has
already ate the food from the spoon.

To solve these two problems we propose a hardware setup
for Feedbot that consists in 3 parts: a robot arm, a RGB camera
pointing to a spoon attached to the robot arm end-effector and
a RGB-D camera which is pointing to the user.

In fig. 2, we show our system successfully delivering food
to a user, as well as the hardware setup that we used in our
experiments.

Feedbot is capable of integrating the visual information,
given by the RGB and RGB-D cameras, with the capability of
movement provided by a robot arm. We divided our software
into two parts, the vision system and the robot control system
as it is illustrated in fig.3.

The vision system is responsible for two main tasks: track-
ing the user’s mouth and provide feedback for what is present
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Fig. 2: Our feeding system successfully delivering food to a
user. The first image also labels the axis orientations of the
robot coordinate system.

Fig. 3: System software architecture.

on the spoon. In the next section, we will introduce all the
methods used to empower our system with these capabilities.

The control system is responsible for moving the robot arm
to the location provided by the tracking and for acquiring food
from the plate.

The control system of Feedbot is not the focus of this work.
To give to Feedbot the capability of real-time adapting the
position of the end-effector to the output provided by the
vision system we use the approach described in [47]. Another
task that the control system is responsible is the acquisition
of food from the plate, to acquire food we use a recorded
trajectory from the dataset [23], as described in [47].

IV. FEEDBOT’S PERCEPTION

A. Head Pose Estimation

In order to work, Feedbot needs to know where the mouth
is located. We are, then, interested in the problem of tracking
the person’s face. Tracking a person’s face is a challenging
task because faces are non-rigid objects and, in general, there
is no good model to describe non-rigid objects. However, face
movements are constrained by the head movements and the
person’s head is mostly a rigid body, so we will assume that
the mouth is just a point in the rigid body shaped by the head.
Using this assumption, our problem boils down to the head-
pose estimation problem.

Given 2 point clouds PS ∈ IR3×NS and PM × IR3×NM ,
where PM is a front view 3D model of the person’s head
and PS is a 3D point cloud of the scene given by the RGB-
D sensor. The 3D registration problem is known as fitting
a rotation matrix R and a translation t that aligns the point
cloud PM with its correspondences in PS . The fitting can be
formalized by the following least-squares problem:

minimize
R,t,C

NS∑
i=1

NM∑
j=1

Cij

∥∥∥piS −R · pjM − t
∥∥∥2

subject to det(R) = 1; RTR = I;
NS∑
i=1

NM∑
j=1

Cij ≥ N ; ∀j
NS∑
i=1

Cij ≤ 1; ∀i
NM∑
j=1

Cij ≤ 1;

Cij ∈ {0, 1},

(1)

where C is a matrix where each entry Cij represents if the
points piS and pjM are correspondences. piS is the point i of
the point cloud PS , and pjM is the point j of the point cloud
PM . Finally, N is the minimum number of correspondences
that we want between the two point clouds.

When the correspondences between the model and scene
point clouds are not known, it is a common practice to solve
3D registration problems using ICP [40]. Although ICP is a
standard procedure to use, it tends to get trapped in local
minima near the initialization provided and to have problems
when dealing with a high percentage of outliers.

To overcome these problems we use Discriminative Opti-
mization (DO) [21] to solve the model based 3D registration
tracking problem presented in Equation 1. In [21] it is shown
that DO is better than ICP in terms of computation time and
more robust to outliers.

Discriminative Optimization (DO): DO [45] is a general
framework to solve optimization problems when there is
training data available. It can be seen as an iterative method
that learns descent directions directly from training data. DO
is a fast method compared to other approaches like ICP and
has a wider convergence region. Moreover, since we want to
deal with occlusions, DO is a good approach because it can
handle a high percentage of outliers. Finally, DO has lighter
computational requirements than approaches based on deep
learning and can be run directly on the CPU.

DO is a learning-based methodology to tackle problems that
are formulated as optimization problems but for which the
function is unknown. From training data, DO learns a vector
field, represented by a series of linear maps, that ”emulate”
the gradient of a function. During testing, given unseen data,
DO follows this ”gradient” leading to a stationary point that
solves the optimization problem. Specifically, in our case, the
algorithm is given a 3D model of the user’s face that we
want to track and generates a set of synthetic training data by
applying random rotations and translations to the 3D model.
This augmented training data is used to discover a sequence
of linear maps that represent the descending directions. Those
maps are used during inference, which is an iterative procedure
that repeatedly updates the translation and rotation of the 3D
model of the head to better align it with the the point cloud
of the scene.

Initialization: 3D registration algorithms, like ICP and DO,
require an initialization step that places the model of the face
close to the face in the scene. We use a face detector to
estimate an initial guess of where the face is in the RGB-
D image. The difference between ICP and DO is that this
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initialization can be worst when using DO since it has a much
larger convergence region.

A popular face detector is the Viola Jones face detector
[27]. Though this face detector is fast, it is not invariant
to different face poses. Multi Task Cascaded Convolutional
Neural Network (MTCNN) [28] is more robust to different
face poses and also provides landmarks of the mouth, nose,
and eyes. Despite MTCNN is based on deep learning, it can
still run on a CPU at a lower speed. Since initialization does
not happen frequently, the speed of the initialization step is
not an important concern, and we remove the need for a GPU
in our system by running initialization on a CPU.

We initialize our face tracker using the average 3D location
of the facial landmarks given by MTCNN. The 3D locations of
these landmark points can be computed because we are using
an RGB-D camera. With these 3D points, we approximate the
initial translation t0 of the face model in the scene as:

t̃ =
1

L

L∑
i=1

piS −
1

N

N∑
j=1

pjM , (2)

where L is the number of landmarks and NM is the number
of points in the model. For the initial rotation of the model,
we assume R0 = I , where I is the 3 × 3 identity. MTCNN
landmarks can also be used to compute the mouth’s 3D
location in the model’s point cloud which will be used as
the 3D point to where the robot arm must move.

Acquiring a 3D face model: Our system must be capable
of gathering, in an automatic way, the user’s 3D face model.
This is important because we want our system to deal with
different users. To gather this 3D face model we used the
approach described in fig.4.

Fig. 4: Extraction of the 3D face model.

Given an image from the RGB-D sensor, we use a face
detector such as Viola-Jones [27] or MTCNN [28]. The face
detector provides a Region of Interest (ROI) containing the
face of the user. We select, from the point cloud provided by
the RGB-D sensor, the 3D points corresponding to the ROI
Using the ROI provided by the face detector, sometimes, we
get points that do not correspond to the user’s face. These
points come mainly from the background. To remove these
points we used a clustering algorithm [48] and select the points
corresponding to the cluster with the highest number of points,
which provides the final 3D face model.

B. Camera-Arm Calibration

In order to the robot use the information from the RGB-D
camera in a meaningful way, we have to calibrate the robot
base frame with the RGB-D camera frame. We want to do this
calibration in an automatic way, so that we can use Feedbot
quickly after changing the position of the camera or the robot
arm. We want to compute the rigid transformation (R, t)

between the camera reference frame and the robot reference
frame.

To automatically calibrate the robot frame with the camera
frame, we attach an orange ball to the robot arm end-effector
and then we move the robot arm to different positions. These
positions are known in the robot base frame because we know
the robot kinematics. For each of the positions, we acquire the
corresponding RGB-D images from the camera. We use color
segmentation to detect the ball in those images and get its
corresponding 3D points. We fit a sphere to the 3D points of
the ball using RANSAC to compute the 3D center of the ball
in the camera frame. Finally, using these 3D correspondences
between the camera frame and the robot base frame, we fit a
rotation and a translation by solving an Orthogonal Procrustes
Problem [49].

C. Food Detection

To see what is on the spoon, we place a tiny RGB camera on
the end-effector of the robot arm. We use the images provided
by this camera for two purposes, to detect if there is enough
food to serve to the user and to detect if the user ate the
food from the spoon. To detect if there is enough food on
the spoon we use a detection algorithm that we can tune to
specify the required amount of food, to do this we need to have
a correspondence between the food image and the weight of
food. To detect if the user has eaten the food, we define a
classifier with two classes: ”empty” and ”non-empty” spoon,
which receives as input the images from the spoon’s camera.

The first problem to solve is that the image provided by
the camera does not contain only the spoon. To solve this
problem, we developed a calibration step that computes a mask
of the spoon’s location. Calibration is performed by acquiring
an image with a white sheet of paper under the spoon. Otsu’s
method [50] is used to select a threshold and segment the
image which provides a spoon’s mask. This method works well
because the colored spoon contrasts sharply with the white
sheet of paper. Using this calibration step, our camera will
provide images like the one present in fig. 5.

Fig. 5: Example masked images of the plastic spoon, showing
the spoon empty, with nuts, and with rice.

Food Weight Estimation: We need to have a measure of
how much food is present on the spoon in order to be capable
of deciding when is enough food to deliver to the user or not.

In the calibration step, we also record a histogram, Hs,
of the H channel of the HSV image of the empty spoon
after applying the calibration mask. The recorded histogram,
Hs, is compared with the histograms of subsequent images
of the spoon, Ha. To compare the histograms, we used the
normalized correlation between the two histograms,
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d(Hs, Ha) =

∑N
i=1(Hs(i)− H̄s)(Ha(i)− H̄a)√∑N

i=1(Hs(i)− H̄s)2
∑N

i=1(Ha(i)− H̄a)2
,

(3)
where H̄ = 1

N

∑N
i=1 H(i) is the histogram mean. If the

value of the correlation is below a certain threshold, then the
algorithm reports that there is enough food on the spoon.

We train a linear regression to discover the relationship
between the histogram correlation value and the weight of
the food on the spoon. This regression was trained using
a dataset containing examples of spoons with food and the
correspondent weight. This regression can be used to inform
the choice of the threshold for “enough food” on the spoon.

Empty/Non Empty Spoon Classification: Another task that
Feedbot must be capable of is to distinguish between an empty
spoon and a non-empty spoon. This is important since we
do not want to present empty spoons to the user. It is also
important because we can know when the user has finished
eating the food present on the spoon.

We want to classify the masked images gathered by the
camera in two classes, to classify these images we tried two
different classifiers: a linear Support Vector Machine (SVM)
and a logistic regression.

The input feature to the logistic regression is the value of
the histogram correlation between the current spoon and an
example of an empty spoon, and the input features to the SVM
are the bins of the H color channel histogram of the spoon
image.

V. FEEDBOT’S EXPERIMENTAL EVALUATION

A. Feedbot Evaluation

We tested Feedbot using two different robot arms, namely
Kinova MICO and Niryo One[2], showing that Feedbot system
can use different robot arms. Kinova MICO is a 6DOF
commercially available robot arm that is highly used by
wheelchairs users. Niryo One is a 6DOF low cost and easy
to use 3D printed robot arm, the whole system is open source
and fully compatible with Robot Operating System (ROS). It
is commercially available, but can also be constructed since
the hardware is open source.

Kinova MICO Setup: To test our Feedbot and validate
the whole system components in a real meal scenario, we
did a small experiment with two different persons 1. In this
experiment, we used as robot arm a Kinova MICO, the setup
used in the experiment can be seen in fig.2.

In this study, we used three different types of food, namely,
peanuts, M&M’s and mac’n cheese. We used different types
of food in order to test our system in different aspects. Peanuts
were used since they are difficult to feed without falling off
the spoon if the robot end-effector is too shaky, in fig.6 we
present an example of Feedbot feeding peanuts to one of the
persons in the experiment.

To test the capability of Feedbot to deal with foods of
different colors we used M&M’s. M&M’s are good to test this

1In https://www.youtube.com/watch?v=X7McqWk1AK8 it is available a
video showing Feedbot performing different tasks on this experiment

Fig. 6: Feedbot feeding peanuts.

aspect since each of them has a different color and together
they form a very unusual color pattern, this pattern was good
to test if the RGB camera that looks to the spoon, and detects
if there is enough food on the spoon, can still work with
different color patterns. In fig.7, we present an example of
Feedbot feeding M&M’s to the second subject.

Fig. 7: Feedbot feeding M&M’s.

We confirmed that our procedure for getting the feedback of
how much food is present on the spoon has some drawbacks
since it is based on the comparison of the color histogram. In
cases where we got many M&M’s with the same color as the
spoon, we got some false empty spoons detections.

Using mac’n cheese as testing food, we were capable of
test the Feedbot’s acquisition feedback, since mac’n cheese is
difficult to scoop and sometimes gets stick to the plate. As
we can see in fig.8 when the scoop movement fails to acquire
the food from the plate, our feedback system is capable of
reporting that the spoon is empty and Feedbot tries to scoop
again.

Fig. 8: Feedbot feeding mac’n cheese.

Niryo One Setup: To validate that Feedbot system works
with different robot arms, we did an experiment using a Nyrio
One robot arm 2. In this experiment, we tested Feedbot with
one user that suffer from upper-extremity disabilities, in this
test we were more focused on testing the capability of Feedbot
to track and adapt its trajectories to a user that is moving in
real-time.

In fig.9, it is shown that Feedbot is capable of adapting its
trajectory to the user that is moving.

The aforementioned tests were not thought to exhaustively
test Feedbot, the purpose of these tests was to do a preliminary
test to the practicability of Feedbot in a real meal scenario,
more tests to the robustness of Feedbot will be done in future

2In https://bit.ly/2Evpkf1 it is available a video showing Feedbot performing
real-time trajectory adaptation in this experiment

https://www.youtube.com/watch?v=X7McqWk1AK8
https://bit.ly/2Evpkf1
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Fig. 9: Feedbot feeding moving subject.

work. However, these preliminary tests confirm that Feedbot
is capable of handle simple food types and can be used by
different persons. Furthermore, it is also confirmed that the
different parts of Feedbot can work together and that Feedbot
works with different robot arms.

B. 3D Head Pose Tracking

Offline Validation: To validate the performance of Feed-
bot’s tracking system, we used two public available RGB-
D datasets for head pose estimation, namely, Biwi[42] and
ICT3DHP [51]. The evaluation on these datasets was done
offline, this means that we give to our algorithm as much
time as it needs to process each frame and that no frame is
missed.

We tested our algorithm against two state of the art methods
for 3D head-pose estimation, namely, OpenFace [30] and
Fanelli et al. method [42]. In our tests, we used the implemen-
tation provided by the authors with the default parameters.

In all our experiments, we acquired a 3D head model
using the method described in section IV-A. This model was
acquired using the first frame on each of the dataset sequences.

Biwi dataset is composed by 24 RGB-D sequences of 20
different people (4 people were recorded twice). Biwi contains
a wide range of head poses and the ground truth is given in the
form of the 3D head position and rotation in the camera frame.
This dataset was acquired with frame by frame estimation in
mind and not for tracking, which means that some frames
are missing. However, this dataset is widely used on head
pose tracking benchmarks, mainly to test algorithms in difficult
scenes [31], since there is a higher than normal temporal gap
between some frames.

Due to the difficult nature of this dataset, DO fails to con-
verge in 4 of the 24 sequences. We removed these sequences
from the dataset in the comparison against OpenFace and
Fanelli et al. OpenFace[30] has a failure detection step, thus
it can recover from failure cases which is not possible with
DO since we do not have a failure detection step. Fanelli’s
method[42] is based on frame by frame estimation, therefore,
when it fails it simply starts again in the next frame and does
not accumulate the error as DO.

The results for the 20 valid sequences, in terms of the MAE
for the Euler angles of the head rotation are presented in table
II and for the head position in table III.

We can conclude that our method outperforms state of the
art methods in terms of the MAE for the head rotation Euler

Method Rx Ry Rz Mean
DO(ours) 2.83 6.60 4.70 4.71

OpenFace [30] 7.55 6.12 10.02 7.90
Fanelli et al. [42] 3.91 4.88 10.69 6.49

TABLE II: MAE Euler angles in degrees for the Biwi dataset.

Method Tx Ty Tz Mean
DO(ours) 0.84 0.75 1.03 0.87

OpenFace [30] 1.07 0.96 3.21 1.74
Fanelli et al. [42] 0.32 0.28 0.27 0.29

TABLE III: MAE head position in cm for the Biwi dataset.

angles. The analysis of the results show that our method
has higher MAE for the Ry Euler angle. It was expected
since is in this direction that people have a wider amplitude
of movements with their heads. Moreover, we conclude that
OpenFace has more than twice the error that our method has
in the Rx direction, this can be explained due to the occlusion
of the face when people rotate their heads in this direction.
For the head position, we conclude that our method can still
be competitive relative to other state of the art methods and
provides a good accuracy with a MAE less than 1 cm.

ICT3DHP[51] is composed by 10 RGB-D sequences of 10
different people. It was acquired with the purpose of bench-
marking head pose tracking methods, however, the ground
truth is only precise for the rotation of the head. The head
annotated position is referenced by the authors as not precise,
due to this we only present results for the estimation of the
head rotation.

We present in table IV the MAE for the rotation Euler angles
in the ICT3DHP dataset.

Method Rx Ry Rz Mean
DO(ours) 3.06 6.88 2.89 4.28

OpenFace [30] 3.23 3.44 2.88 3.19
Fanelli et al. [42] 7.76 8.27 7.69 7.91

TABLE IV: MAE Euler angles in degrees for the ICT3DHP
dataset.

Our results in ICT3DHP dataset confirm the consistency
and competitive performance of our method across different
datasets. We can conclude that the performance of Fanelli et
al. is worst than in the Biwi dataset, this can be explained
due to the use of the default parameters set by the authors,
these parameters were tuned for the Biwi dataset. Although
OpenFace has the better MAE results in this dataset, we can
see that in the Rx direction DO still has the better results, thus
confirming our, previously discussed, idea that OpenFace fails
when dealing with face occlusions.

The evaluation of DO across these two different datasets
reveals that it is capable of achieving better, or equal perfor-
mance when compared with other state of the art head pose
estimation algorithms. Moreover, DO reveals a better general-
ization to different datasets, is not sensitive to parameter tuning
and is capable of dealing with extreme face occlusions.

Real-Time Validation: To test the performance of our
tracking system in real-time, we acquired a RGB-D video of a
person moving his head in front of the camera. Using ROS, we
ensure that we can simulate the real-time application. Using
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the recorded video if the tracking takes more computation time
than the camera acquisition time, some frames are skipped.

The error of our tracking system was measured, in terms of
absolute error and MAE, by annotating the mouth point in our
dataset at a frame-rate of 2 FPS. The error in each frame is
presented in fig.10. The experiment was performed on a single
thread on a Intel Core i7-6500U CPU 2.50GHz with 8GB of
memory. Our tracking achieved speeds of 28FPS.

Fig. 10: Tracking error of DO in each frame. On the left,
the asterisks represent the absolute value of the error in each
frame for each of the directions, the lines represent the MAE
along the sequence for each of the directions. On the right,
the asterisks represent the MAE for each of the frames and
the line represent the mean of these values along all frames
of the sequence.

Fig.10 shows that our tracking method can track the person’s
mouth with an absolute error below 2cm through the entire
video. This is on the order of magnitude of the mouth’s size,
so the output of our system will not be far from the real
location of the mouth. These results are of the same order of
magnitude as the ones present on table III, thus demonstrating
the consistency of our results.

To have a better visual insight about the output of our
tracking method, we show in red in fig.11 the output mouth
point of our algorithm.

Fig. 11: Tracking output for the user’s mouth.

C. Food Detection

In this section, we evaluate the performance of our two
food detection methods. To train the classifiers and the linear
regression we used scikit-learn[52]. We split our datasets into
70% train data and 30% test data. To evaluate and train our
algorithms for food detection, we gathered two small datasets,
one containing 387 images labeled with the weight of food
and another one with 119 images of empty spoons and 118
images of non-empty spoons.

Food Weight Estimation: Fig.12 shows the the linear
regression fit modeling the weight of food in the spoon with
the correlation of histograms between the current image of
the spoon and the image of the empty spoon. The correlation
measure is computed, as shown in Equation 3, by taking the
histogram of the image of the spoon with food on it and
correlating that with the histogram of the baseline image of
the spoon without food on it.

Fig. 12: Relationship between the correlation measure and the
weight of food on the spoon. The data points used for training
are shown in red, the data used for test is shown in black, and
the linear regression is shown in blue.

The regression has a mean squared error of 1.37g and a
correlation coefficient (r2) of 0.75 on the test set. There is a
strong negative correlation between the weight of the food that
is on the spoon and the correlation between the histograms.
Even if the model is not perfect in measuring the amount of
food that is on the spoon, we can use this model to calibrate
our correlation threshold to require more or less food per bite.

Empty and Non-empty Spoon Classification: In the clas-
sification task, we achieved an accuracy of 95.8% with the
logistic regression and 98.6% with the linear SVM. The SVM
was trained using the whole H channel histogram and the
logistic regression using only the correlation between each
sample of the train data and an empty spoon histogram
example. We present, in fig.13 and fig.14, the confusion matrix
results for the two classification methods.

These results validate our classification approach to discover
if there is still food on the spoon. More interestingly, looking
at the confusion matrix for the linear SVM (fig.14), we can
conclude that it will not classify an empty spoon as a full
spoon. This is very important since it means that using this
approach Feedbot will not give empty spoons to the user.
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Fig. 13: Confusion Matrix for Logistic Regression

Fig. 14: Confusion Matrix for SVM

D. Ablation Study Food Acquisition

Setup: To analyze the importance of various components
of Feedbot, we perform an ablation study in the feeding task
where we measure the efficiency of Feedbot when it does
and does not use certain food acquisition strategies. We define
the efficiency to be the mass of food that is delivered to the
feeding location as a function of the total distance that the tip
of the spoon has traveled. We report the mass as a function of
distance traveled rather than the time taken because we want
to negate any effect that setting the robot to a faster or slower
speed would have on the results.

The Feedbot components that we alter in our ablation study
are 1) whether or not we re-scoop if the spoon-facing camera
detects that not enough food was acquired and 2) whether
Feedbot always scoops from the same position on the serving
plate or whether it scoops from a uniformly random position
within a 6cm x 3cm rectangle on the plate. We perform the
ablation experiment on two different kinds of food: peanuts
and fried rice. In this way, we can determine if the importance
of system components depends on the type of food.

For consistency in results, we use the same random seed
for all trials that randomize the scooping location on the plate.
To speed up data collection, the robot dumps the food directly
onto the scale after food acquisition. Then, in our data analysis,
we add in the distance to the user’s mouth and back. Cutting
out the travel time between the plate and the user’s mouth cuts
the data acquisition time by a factor of three On average, the

distance traveled by the spoon tip in a single scooping motion
is 32cm and the average distance to and from the user’s mouth
is 49cm in each direction. We use these average distance values
when representing the amount of food served as a function of
distance.

Results: In our ablation study for food acquisition, we
find that vision feedback significantly increases the amount
of food brought to the user in each bite. For the spoon-facing
vision feedback system, we use a histogram correlation cutoff
of 0.5 for both rice and nuts. For rice, when randomizing
the scooping location, the average amount of rice served
per bite in the first 20 bites across three trials is 4.8g with
camera feedback and 3.2g without camera feedback. Likewise,
for nuts it is 3.8g with camera feedback and 2.7g without.
There is an added distance that the end-effector travels in re-
scooping when using camera feedback. Despite this added cost
in distance, fig.15 shows that even when looking at the amount
of food served as a function of the total distance that the spoon
tip travels (including the added distance required to re-scoop),
after 25m random scooping with camera feedback consistently
outperforms random scooping without camera feedback.

(a) Feeding Nuts

(b) Feeding Rice

Fig. 15: Charts showing the amount of food fed (in grams) as
a function of the distance the tip of the spoon has traveled,
including the distance traveled in re-scooping. The chart
includes results for scooping location randomization (solid
lines) compared to a constant scooping location (dotted lines),
and it includes results with (green lines) and without (red lines)
camera feedback on whether food was successfully acquired.
We ran three trials for each test type.
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For both rice and nuts we find that randomization of the
scooping location is a useful technique in food acquisition.
Fig.15 also shows that randomization coupled with visual
feedback on the success of a scoop is the most effective.
Most interestingly, we find that the importance of our system
components depends on the type of food used. We find that
randomizing the location of scoops is more important when
serving rice instead of nuts. This could be related to the fact
that nuts were observed to “settle” after each scoop, whereas
fried rice will tend not to fill in the hole left after scooping.
Thus, scooping the same place for fried rice will quickly
result in very little (almost no) mass acquired by the spoon in
subsequent scoops.

VI. CONCLUSIONS AND FUTURE WORK

In this work, we explored how vision can be introduced
in a robotic feeding platform. By introducing a vision-based
approach in Feedbot, we made it more aware of the environ-
ment and more autonomous, making it capable of adapting its
trajectories to the user in real-time. Feedbot is fully capable
of feeding different types of food to a user using a spoon. We
tested Feedbot using two different robot arms, Kinova MICO
and Niryo One, proving that it can be used in different types
of robot arms. Using a robot arm like Niryo can help us to
highly deploy our Feedbot in institutions, due to the low cost
of this arm.

We applied DO to the task of head pose tracking showing
that this method is capable of achieving the same, or even
better, performance than state of the art methods. DO was
evaluated in terms of the speed performance achieving real-
time performance, thus showing its potential to be used for
real-time applications like robotics. However, in our tests,
we also understood the limitations of using DO for tracking
without using a validation step. Future work will be done to
improve the robustness of our head pose tracking method.

Food detection methods, based on visual information, were
introduced in this work. We found that using very simple
models, based on visual information, can achieve good per-
formance. This is very important, because these methods, due
to their simple nature, can be applied in real-time since they
do not have high computational cost.

Using an ablation study, we measured the impact of visual
feedback in the food acquisition step. We show that the use
of visual feedback significantly impacts the performance of
robotic feeding platforms in terms of the food delivered to
the user. This is an important finding, on one hand, it shows
the need to have food detection methods in feeding robots,
on the other hand, it shows that current commercial available
feeding robots are not efficient since they do not have any type
of feedback in the food acquisition step.

Future work in modeling the user’s intention needs to
be done. We remember that some of the transitions, that
are related to the detection of the user’s intention, are still
time-based. Modeling the user’s intention is a very difficult
problem since, to the best of our knowledge, there are no good
mathematical models for that. A possible way of contributing
for solving this problem could be based on the user facial

expression, pose, and some type of supervised signals from
caregivers (e.g trajectories of the spoon during a meal), try
to detect patterns that reveal the user’s intention to be feed.
Another topic that still needs research is the problem of
controlling and adapting the trajectory of the robot as the
plate gets empty. This can be done, for example, using visual
feedback on the plate and on the spoon.

Finally, we are planning to test and evaluate Feedbot in meal
scenarios with more people that suffer from upper-extremity
disabilities. We plan to to quantitatively and qualitatively ana-
lyze the efficacy of Feedbot. We will also compare Feedbot to
the type of baseline in current commercially-available robots.
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