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Abstract. Human-robot interaction (HRI) is a required method of
information interaction in the age of intelligence. The new human-robot
collaboration work mode is based on this information interaction method.
Most of the existing HRI strategies have some limitations: Firstly, limb-
based HRI relies heavily on the user’s physical movements, making inter-
action impossible when physical activity is limited. Secondly, voice-based
HRI is vulnerable to noise in the interaction environment. Lastly, while
gaze-based HRI reduces the reliance on physical movements and the
impact of noise in the interaction environment, external wearables result
in a less convenient and natural interaction process and increase costs.
This paper proposed a novel gaze-point-driven interaction framework
using only RGB cameras to provide a more convenient and less restricted
way of interaction. At first, gaze points are estimated from images cap-
tured by cameras. Then, targets can be determined by matching these
points and positions of objects. At last, objects gazed at by an interactor
can be grabbed by the robot. Experiments under conditions of different
lighting, distances, and different users on the Baxter robot show the
robustness of this framework.

Keywords: Human-robot interaction + Gaze point - Grab

1 Introduction

HRI is ubiquitous, and especially the new human-robot collaborative work model
is inseparable from the interaction between workers and robots. There is a wide
range of interaction methods such as touch (touch display control), voice (voice
input control), gesture-based, gaze-based, etc. Touch [1], voice [15], and gesture-
based interaction [13,22] are currently the most common methods of HRI. How-
ever, these three interaction methods have some limitations, such as being sus-
ceptible to the interaction environment (e.g., interaction distances, noise in the
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environment), relying heavily on the user’s body movements, and contact inter-
action increases the risk of spreading some diseases. In the actual human-robot
collaboration process, there may be situations where workers and robots cannot
interact through language due to the noise in the work environment, and busy
workers cannot operate the robot through their limbs. To improve the efficiency
of human-robot collaboration and make human-robot interaction more natural,
smooth, and safer, so nowadays, gaze-point-based human-robot interaction is
increasingly used.

Most current gaze-point-based HRI methods require the help of external
wearables (e.g., eye-tracking devices). Although external wearables, such as eye-
tracking devices, are inexpensive, they have achieved good experimental results.
However, there are still many disadvantages such as calibration problems, incon-
venience in carrying, and influence by other glasses (e.g., myopic glasses). Col-
laborators wear eye-tracking for collaboration, which not only increases costs
but also inconveniences collaboration.

To overcome the drawback of external wearables in HRI, improve the con-
venience of HRI based on gaze points, and make HRI more intelligent and
humanized. Inspired by human gaze behavior, we build a framework for gaze-
point-driven interaction without the assistance of any external wearables. In this
framework, the robot uses only RGB cameras to infer the gaze target from the
user’s gaze points and then actively grasp it. Our main work in this paper is as
follows:

— We build an HRI framework in which the robot infers the gaze target by
gaze points and actively grasps it without the aid of any external wearables,
significantly improving the ease and reducing the cost of interaction.

— We design a filter to filter invalid gaze points, thus enabling the robot to
reason more accurately about the user’s gaze target.

— We propose an efficient sorting-based entity matching method that does not
rely on object features and does not require the processing of object features.

2 Related Work

In the gaze-point-based HRI approach, gaze point estimation is the first step in
the interaction. Then uses the estimated gaze points to drive the robot through
the various tasks in HRI. This section provides an overview of the methods
commonly used for gaze point estimation and their application in HRI.

2.1 Gaze Point Estimation

In the current research, the methods of acquitting gaze points can divide into
those that rely on external wearables and those that do not. Among the methods
with external wearables, the main one is the use of eye-tracking. While among
the methods without external wearables, deep learning-based methods are the
dominant ones.
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Methods with External Wearables: [7] proposed a mobile VR eye-tracking
method, which can acquire eye images through a head-mounted camera without
the assistance of additional equipment. [12] developed a head-mounted device to
track line of sight and estimate user’s gaze point. The head-mounted device can
use in combination with a large endoscope camera, infrared light, and mobile
phone. [10] built a system that can track high-speed eye movements, and the
system can achieve a working frequency far 500 Hz. [16] proposed an automatic
calibration method for 3D gaze estimation. With the development of deep learn-
ing, some scholars combine deep learning with eye trackers. [11] developed a pupil
tracking technology based on deep learning for wearable device eye trackers.

Methods Without External Wearables: [17] designed a deep neural net-
work architecture specifically for gaze estimation based on monocular input. [5]
proposed a method to estimate people’s overall attention in images. [6] took the
relative position of key-points of the face as input for gaze estimation and used
a confidence gated unit in the input layer of the network to deal with prob-
lems such as occlusion and incomplete key-points of the face. [3] proposed a
face-based asymmetric regression evaluation network (FARE-Net). [4] proposed
a model that simulates the dynamic interaction between scene and head features
and infers the attention targets that change over time. [20] used a deep network
structure to enable the robot to acquire human gaze or determine whether the
user is making eye contact with the robot; still, it does not generate grasping
and other interactive actions.

The above review shows that researchers have favored both gaze point esti-
mation methods with external wearables and without external wearables, and
the research on gaze point estimation has been increasing. Similarly, in HRI,
researchers are keen to incorporate gaze points into HRI tasks to improve the
naturalness of interaction. The following sections provide an overview of the
usages of gaze points in HRI.

2.2 Application of Gaze Points in HRI

Modern-day approaches incorporating gaze points in human-robot interactions
vary widely, and the completed tasks are also different. Based on the “GT3D”
binocular eye tracker, [21] used Gaussian process regression to deal with the
uncertainty of gaze point estimation to control the robotic arm better to com-
plete the grasping task. [8] robot arm control by line-of-sight tracking so that the
robotic arm can perform writing and painting artistic creations in 3D space. [23]
developed a robot assistance system with intuitive and free gaze interaction,
which estimates the user’s gaze point in 3D space and controls the robotic arm
for grasping and placing operations. [18] proposed a framework for grounding
and learning examples through demonstration and eye-tracking (GLIDE). [9]
built a platform based on a gaze tracking control robot, and users were able to
navigate the mobile robot using only gazes as the system input. [24] proposed to
use an automatic target location method combined with human gaze to extract
relevant object positions, and this method can simplify the entire interaction
process and improve the accuracy of interaction.
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As seen from the above review, the methods to estimate gaze points can
divide into those that rely on external wearables and those that do not. The
method with external wearables is highly accurate but has the disadvantages of
being inconvenient and costly to use. The way without external wearables uses
deep learning techniques to enhance gaze point estimation accuracy greatly and
is easy and inexpensive to use. In recent years, gaze points have also been used
in a variety of HRI tasks. Still, most HRI tasks use external wearables (e.g.,
eye tracking devices) for estimation, which reduces the ease and naturalness of
interaction and increases the cost of interaction. We combine the gaze point
estimation method that does not rely on an external wearable and build an HRI
framework that does not require the help of any external wearables and only
requires RGB cameras.

3 Methods

This paper built a framework for human-robot interaction using only RGB cam-
eras without the aid of other external wearables. This interaction framework
requires inference of what object is gazed at by persons from global information,
acquires the position of the object from local information in preparation for
the mobile grabbing of the robot arm, entity matching through correspondence
between global and regional information. In this framework, we, therefore, use
the global view to obtain global information and use the local perspective to
obtain local information.

3.1 Overview

Global view Local view

Object locations

fsp, - Object locations
distribution obtaining |, by,
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Fig. 1. Gaze-point-driven HRI framework.

As shown in Fig. 1, the global view mainly consists of object locations distri-
bution obtaining and gaze points distribution estimating. The object locations
distribution obtaining is used to obtain the position distribution of objects. The
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gaze points distribution estimating is used to estimate the number of valid gaze
points falling around each object. The gaze target reasoning and entity matching
use gaze points distribution information from the global view to infer the gaze
target and find the target object in the local view through a matching algo-
rithm. The object locations distribution obtaining and the moving and grabbing
are used in the local perspective. The object locations distribution obtaining
has the same function as the object locations distribution obtaining module in
the global view. The moving and grabbing convert the pixel coordinates of the
objects in the local view into coordinates in the robot’s coordinate system. It
generates commands to drive the robot arm to move and grasp. The implemen-
tation details of the framework are described below.

3.2 Object Locations Distribution Obtaining

We use a vision-based object detection model to detect objects and determine
the position distribution of each object, then filter and sort the detected object
bounding boxes. Figure 2 is a flow chart of this module, showing the process of
obtaining the distribution of object positions. The detailed implementations of
duplicate border filters and reordering of border positions are described below.

Start

Are all objects - - ‘
Bounding boxes sorting
.
‘ Performing object detection ‘
v

Duplicate bounding boxes filtering ‘

Fig. 2. Flowchart of the object locations distribution obtaining

Duplicate Bounding Boxes Filtering. In object detection, non-maximum
suppression is used to determine the unique bounding box of an object. However,
there is still the problem of duplicate bounding boxes for the same object during
the experiments. Inspired by the non-maximum suppression algorithm, we solve
this problem by suppressing the minimum distance between the center point of
the object bounding boxes, as shown in filter fg:

0, 3 fp(bo,bi) <N, b; € s

1, otherwise

fatto) = { 1)

where s = {blv b27 b37 e 7bl|bi =< (xminv ymzn)v (xmam, ymaz)7 w, h >}» S€ RIXI is
a storage unit that is used to save the object bounding boxes, [ is the number
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of saved object bounding boxes, < (Zmin, Ymin)s (Tmaz, Ymaz ) W, b > denotes
the top left coordinate, bottom right coordinate, width and height of the object
bounding box, respectively. f,, is used to find the Euclidean distance between
two points, by is bounding box of the object to be saved currently, b; is bounding
box of the object saved in the s memory cell, and threshold N is the minimum
distance. If f; is 0, it means that there is a bounding box in s that overlaps with
bo then by is discarded. If it is 1, by is saved to s.

Bounding Boxes Sorting. It means all objects have been detected when
fn = 1, but the position of the object bounding boxes saved in s may not
correspond to the position of objects on the workbench. To ensure that the
position order of the bounding boxes in the s corresponds to the object space
position order, we use sort(.) for sorting. The sort(.) is a function that sorts
objects according to the center point coordinates of their bounding boxes. Use
fn to verify that all objects have been detected, expressed as follows:

fnll) = {17 if Ypenqr falbi) =N o

0, otherwise

sort(s) = {c(s;)<c(sj),i<j} (3)
where D(.) is used for object detection and outputs the set of detected objects
bounding boxes, I € RFXW X3 jmage taken by the robot, s € R'*Vis a storage
unit that is used to save the object bounding boxes, N is the total number of
objects, c¢(s;) denotes the center point coordinates of the i-th bounding box,
When i<j, the coordinate value of the i-th bounding box is less than the coor-
dinate value of the j-th bounding box.

3.3 Gaze Points Distribution Estimating

The distribution of valid gaze points around the object is obtained by first esti-
mating the gaze points in the global view based on head information and scene
information, processing the invalid gaze points, and recording the number of
valid gaze points around each object. While estimating the gaze points, the
robot also adjusts its interaction state based on the header information. Figure 3
is a flow chart of the gaze points distribution estimating, showing the process
of obtaining a valid gaze points distribution, and the corresponding pseudocode
is shown in Algorithm 1. The implementations of the robot’s interaction mode
adjustment and gaze point filtering are described in detail below.

Interaction Model Adjusting. In this framework, the robot may enter an
invalid interaction mode for two reasons: 1) when a user with no interaction
intent appears within the robot vision and wakes the robot into interaction mode,
this is an invalid interaction mode. 2) when a user leaves during the interaction
and does not have enough information about the gaze point to complete the
subsequent interaction, the robot is in an invalid interaction mode.
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Whether sufficient
valid gaze points are
obtained?

NO

Is it an effective
gaze point?

Record where the gaze point
falls

Whether the head is
empty for T
consecutive frames?

Robot switches to a non-interactive
state

End

Fig. 3. Flowchart of the gaze points distribution estimating

The robot adjusts its mode according to the header information to avoid
invalid interaction modes. If a person’s head is not detected in T consecutive
frames during the gaze point acquisition phase, f; = 0, the robot will move
from the interaction model to a non-interaction mode. f; is an interaction status
detector, which represents as follows:

f(p:{ufgb(]):o @)

0, otherwise

fi= {0’ o ST (5)

1, otherwise

where ¢ is the first time a video frame without head information is detected, &(.)
is a head detector and returns the number of heads detected.

Gaze Points Filtering. To acquire the distribution of valid gaze points around
each object, we start with determining whether the estimated gaze points are
valid and filtering invalid gaze points, and finally, recording the distribution of
valid gaze points around each object. This framework builds on the work of [4]
to perform gaze point estimation based on the head pose.

Our filter focuses on two types of invalid gaze points in gaze point estimation:
remote gaze points and saccade gaze points.

Remote Gaze Points: We call points far from the object above the workbench
invalid remote gaze points, and we use maximum distance suppression to filter
such points. We find the minimum distance of the gaze point from the nearest
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Algorithm 1. Gaze points distribution estimating

input: sg,s, > s4 is the storage unit to save the object bounding box
in global view; s,, is used to record the number of valid gaze points g around each
object, which is used to record the distribution of gaze points

output: s,

1: numtims < 0 > Number of times the head was not detected
2. T > Number of consecutive non-detects of a human head
3: num «— 0 > Number of valid gaze points already detected
4: Totalnum > Total number of valid gaze points required
5: while num<Totalnum do
6: Image < image > image: The image obtained from the global view
7 headBox «— headDetector(Image)
8: if headBox # NULL then > Detected head information
9: numtims «— 0

10: gpoint «— GazePoint Estimator(Image, head Box)

11: index — Validity Judgment(gpoint, sg)

12: if index # 0 then > This gaze point is valid
13: snlindex] «— splindex] + 1

14: num «— num + 1

15: else > This gaze point is invalid and discarded
16: continue

17: end if

18: else > Head information is not detected
19: numtims «— numtims + 1

20: if numtims # T then

21: continue

22: else > Head information is not detected in consecutive T-frames

23: Robot switches to a non-interactive state

24: return null

25: end if

26: end if

27: end while
28: return s,

object and then apply maximum suppression of the minimum distance to filter
the remote invalid gaze points. As indicated by fy;s :

0, if g€ b and b; € 54
ming, e, (fps(g,bi)), otherwise

fotans) = { (6)

1, otherwise

fdis(g,3g78n) = {0’ Zf fg(g73g) >D (7)

where sg = {b1,b2,b3,...,bn5|bi =< (Tmin, Ymin)s (Tmaz: Ymaz), w, h >} is the
storage unit used to save the object bounding box in global view, g is the gaze
point (z,y), $n = {n1,n2,n3,...,nn5|n; € {0,1,2,3,...}} and s, have the same
size, and s, is used to record the number of valid gaze points g around each
object, indicating the number of times each object was gazed, N is the total
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number of objects, b; is the bounding box of the object saved in the s, memory
cell, n; is the number of times the object at the corresponding position was gazed
at, < (Tmin, Ymin)s (Tmazs Ymaz ), W, b > denotes the top left coordinate, bottom
right coordinate, width and height of the object bounding box, respectively. fps
is a function that calculates the shortest distance from point g to the rectangular
region b; formed by the bounding box, f; is used to find the bounding box of the
object in s, that is closest to the gaze point g and the minimum distance, the
threshold D is the maximum distance. If the distance returned by f, is greater
than D, the gaze point g is invalid and the value of fg;s is 0, otherwise, fg;s is 1
and 1 is added to the position of s,, in relation to the nearest object, indicating
that the corresponding object is gazed once, as illustrated in Fig. 4.

Bounding box Gazing Point Bounding box of the gazed
(Nearest bounding box to gaze point g)

\
?i_l-l?] =1

sl [ m ] ]n]

Fig.4. The correspondence between s, and s,. where ni,no,ns,...,nny denote the
number of times the bounding box at the corresponding position has been gazed at. If
the bounding box in s4 is gazed, 1 will be added to the position corresponding to it in
$n. Like n4 will be added by 1.

Saccade Gaze Points: The gaze points detected during the user’s movement
are unstable gaze points, which we call saccade gaze points, and the small number
of saccade gaze points cannot be used as a solid basis for reasoning about the
gaze target. We solve the saccade gaze points problem by adopting a constraint
on the minimum number of times that valid gaze points are detected, as denoted
by fs below:

fs(9, 55 5n) = {1, if 3of fais(9,5g,5,) =Q .

—1, otherwise

where the threshold Q is the total number of valid gaze points required, ¢ is the
starting frame, e is considered to be the end frame when Q valid gaze points are
detected. Suppose the value of fs is 1. In that case, it means that a sufficient
number of valid gaze points have been obtained, and the gaze target can be
inferred based on the distribution of the obtained valid gaze points; otherwise,
the detection of valid gaze points will continue.

3.4 Gaze Target Reasoning and Entity Matching

The gaze target reasoning and entity matching module infers gaze targets based
on the distribution of valid gaze points in the global view and object positions. It
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uses a sorting-based entity matching method to match gaze targets in the local
perspective. The implementations of gaze target reasoning and sorting-based
entity matching will be described in detail below.

Gaze Target Reasoning. In this framework, we use an approach similar to
human gaze reasoning, considering the location where the gaze point is most
concentrated as the location where the gaze target is located. In Eq. 7, we can
know the distribution of the valid gaze point g according to s,. We consider
the location of the maximum value in s, as the location where the gaze points
are most concentrated and consider this location as the location of the gaze
target. With fop, we get the gaze target object in s, based on this position. The
expression is as follows:

fob(sgasn) = fv(sgafm(sn)) (9)
fo(s,index) = b;,b; € s and i = index (10)

where f,, is used to obtain the location of the gaze point concentration (the
index of the maximum value in s,), f, is a function for inferring the gaze
target object from the storage cell based on the location of the gaze point
concentration (Retrieve the object at index position in the storage cell), s =
{b1,b2,b3, ..., bx|b; =< (Tpmin, Ymin ), (Tmazs Ymaz ) W, b >}, se RPN is a stor-
age unit that is used to save the object bounding boxes, N is the number of
saved object bounding boxes, b; is the bounding box of the object saved in the
s memory cell, < (Tmin, Ymin)s (Tmazs Ymaz ), W, b > denotes the top left coor-
dinate, bottom right coordinate, width and height of the object bounding box,
respectively.

Entity Matching. The entity matching method is a matching method that
does not rely on object features but only on the order of object storage locations,
which requires that the positions between objects in different views are relatively
invariant and the position of the bounding boxes in the storage unit corresponds
to each other. The expressions are as follows:

Og = {01,03,65, ..., 0% [x(6]) <x(67),i<j} (11)
O = {61, 65,65, ..., Oy |2(6]) <(6)),i<j} (12)
Match : ©4 = 6, (13)

where both 67 and 0! are composed of < (Zmin, Ymin)s (Tmaz, Ymaz ), W, b >, Oy
and ©; are ordered sets that store the bounding boxes of objects in the global and
local views. z(67) and z(6!) denote the x-value of the coordinates of the centre
point of the i-th bounding box in the global view and local view, respectively.
When i<j, the z-value of the coordinate of the centre point of the i-th bounding
box is less than the z-value of the coordinate of the centre point of the j-th
bounding box. N is the number of entities, < (Zmin, Ymin)s (Tmaz, Ymaz ), W, h >
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denotes the top left coordinate, bottom right coordinate, width and height of
the object bounding box, respectively. In the matching process, we consider that
the same location of @4 and ©; stores the bounding box of the same object
under different views. Figure5 provides a more intuitive representation of the
sorting-based entity matching method.

ir=giir=id

04 Match 0,

Fig. 5. Sort-based entity matching: V,, V; are the object positions in the global and
local views, and My and M; store the bounding boxes of the objects in the global and
local views, respectively, which are sorted by sort to obtain the ordered sets ©, and
©;. The bounding boxes of the same object are stored in the same order in both O,
and @y, so that during the matching process, we assume that @4 and ©; store the same
object at the same location. sort is a sorting function, like Eq. 3.

3.5 Moving and Grabbing

The moving and grabbing module focuses on moving the arm to the target
object and grabbing it. Figure 6 shows the flow of the operation. Converting the
pixel coordinates of the target object to world coordinates in the Baxter robot’s
coordinate system is the key to the moving procedure, and we will describe the
coordinate conversion in more detail below.

Calculate the
homography matrix

Is homography
matrix available?

’ Calculate offsets |
v
’ Get the target position ‘
v
‘ Generate operation instructions ‘
v
‘ Execution instructions ‘

Fig. 6. Flowchart of the moving and grabbing
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Coordinate Conversion. The coordinate conversion is primarily used to con-
vert pixel coordinates to robot coordinates. The pixel position information of the
bounding box of the target object obtained using Eq. 9 is in the pixel coordinate
system. It cannot be used for the control of the robot directly. We use the cali-
bration board to calculate the homography matrix from the camera image plane
to the working plane. The homography matrix is used to find the offset between
the center point of the object bounding box and the visual center point in the
robot’s base coordinate system. The target position is obtained based on this
offset and the current position of the robot’s end. The expressions show below:

P=P +Hx(Cop—C,)+7 (14)

where H e R3*3 is the homography matrix. Cy, € R3*!, C, € R3*! are the
homogeneous coordinates of the object bounding box centre point and the visual
centre point, respectively. P, is the current position at the end of the robot arm,
v is the deviation compensation, P is the target position at the end of the robot
arm.

4 Results

Experiments were conducted using the Baxter robot under different lighting
conditions, different interaction distances, and different persons to verify the
robustness of the interaction framework. In Subsect. 4.1, we will describe our
experimental equipment and experimental setup. In Subsect. 4.2, we will analyze
the experimental results. Presentation videos are listed as following: daytime
[Youku] or [Youtube], nighttime [Youku] or [Youtube].

Head camera

Fig. 7. Experimental scene. Including a calibration board, a workbench, the object to
be grasped, and the Baxter robot head and left arm camera


https://v.youku.com/v_show/id_XNTE4NzUxNjI5Mg==.html
https://www.youtube.com/watch?v=0kpeSAbwUbI
https://v.youku.com/v_show/id_XNTE4NzUyMTI5Mg==.html
https://www.youtube.com/watch?v=MWspwjUtGQs
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4.1 Experimental Equipment and Setup

Throughout the experiment, we used a computer with an RTX2080 GPU, a
workbench, a calibration board, the object to be grasped, a Baxter robot with
parallel grippers, and the Baxter robot head camera and left arm camera as
hardware devices, as shown in Fig. 7. The Baxter head camera is a global view
camera, and the Baxter left arm camera is a local view camera. We implement
the program using a mixture of python 3.7 and the C++ programming language.

In this experiment, we need the user’s head information, and we trained
Yolov4 [2] as a head detector based on the head dataset provided in [19]. During
the training process, we set max_batches to 5000 depending on the amount of
data and the number of categories. We performed the training on a computer
with an RTX2060 and achieved an mAP of 95.5%. In this interaction framework,
we also use Yolov4 trained on the Microsoft coco [14] dataset as an object detec-
tor. The separation distance between objects on the workbench is controlled to
be around 10 cm.

As shown in Fig. 8, we set the interaction distance (the distance of the exper-
imenter from the workbench) into three distance bands: near (within 60 cm),
medium (60 cm-120 cm), and far (120 cm—200cm), and calculate the mission
success rate for different distances.

Within 60 cm 60 ~ 120 cm 120 ~ 200 cm
near medium far

Fig. 8. Interaction distance. Including three distance bands: near, medium, and far

4.2 Experimental Results

To verify the robustness of this interaction framework under different lighting
conditions, we conduct experiments under natural daylight exposure and evening
lighting conditions. The data in Table 1 shows that the average success rates are
90.0% and 91.1% for near range, 87.8% and 82.2% for medium range, 76.7%
and 74.4% for far range under natural daylight and evening lighting conditions,
respectively. Although there is a difference in the average success rate of this
interaction framework under different lighting conditions, the difference is not
significant. The average success rate for each person in daytime natural lighting
conditions is also similar to their average success rate in evening lighting condi-
tions. This all proves that this interaction framework is robust under different
lighting conditions.
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Table 1. Task success rate and average success rate of different experimenters under
different illumination and different interaction distance conditions. US (this experi-
menter wears glasses), *_f (this experimenter is a female), * N (near), * M (medium),
*F (far), NI.* (natural daylight exposure conditions), El_-* (evening lighting condi-
tions). The data format for each row is several successes/total number of executions
(s/t). AVGSRI1 (the average success rate of each experimenter under natural lighting
conditions during the day and night lighting conditions), AVGSR2 (the average success
rate of different interaction distances under different lighting conditions). 83.7% (the
overall average success rate).

Experimenters | NI.N | NI.M NLLF |EI.N | EILM |ElLF |AVGSRI1
Uy 10/10 |9/10 |10/10 |9/10 |9/10 |9/10 |93.3%
Us 8/10 |10/10 |8/10 |9/10 |8/10 |8/10 |85.0%
Us 10/10 |9/10 |8/10 |10/10|10/10 |7/10 |90.0%
Us 9/10 |10/10|9/10 |10/10 |8/10 |8/10 |90.0%
Us_s 9/10 |7/10 |8/10 |9/10 |8/10 |6/10 |78.3%
Us 9/10 |8/10 |5/10 |9/10 |6/10 |7/10 |73.3%
Uz 8/10 |9/10 |9/10 |8/10 |7/10 |8/10 |81.7%
Ug s 9/10 |9/10 |5/10 |10/10|9/10 |8/10 |83.3%
Ug_y 9/10 |8&/10 |7/10 |8/10 |9/10 |6/10 |78.3%
AVGSR2 90.0% | 87.8% | 76.7% | 91.1% | 82.2% | 74.4% | 83.7%

The AVGSR2 data in Table 1 shows that, under natural daylight conditions,
the average success rates at a near, medium, and far distance are 90.0%, 87.8%,
and 76.7%, respectively; under evening lighting conditions, are 91.9%, 82.2%
and 74.4%, respectively. It is clear from the data that the average success rate
decreases as the distance gets further. The individual data for each person also
shows that the success rate decreases as the distance gets further. Although the
average success rate is gradually decreasing, the average success rate exceeds
90.0%, 82.2%, 74.4% for near, medium, and far distances, respectively, which
shows that this interaction framework is robust and effective at different inter-
action distances.

To verify the robustness of this interactive framework across different body
types, heights, clothing, genders, and in the presence of other glasses. Nine exper-
imenters (five male and four female, different body types, heights, clothing, and
some wearing glasses) are invited to perform the same interactive task under nat-
ural daylight exposure and evening lighting conditions. To exclude the effects of
light and interaction distance, we analyze the data in Table 1 under the same
light and interaction distance conditions. There is little difference in the num-
ber of successes between the near and medium-distance person. The number of
wins in the far distance interactions is not significantly different, except for a
person’s relatively low number of successes. In Table 1, the average success rate
is 84.66% for males and 82.48% for females, with a slight difference between the
two percentages. The average success rate is 82.66% for those wearing glasses
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and 84.98% for those not wearing glasses, with a bit of difference between the two
percentages. The data suggest that this interaction framework is robust across
different body types, heights, clothing, and gender conditions, and that person
can still interact efficiently when wearing other glasses.

The above experimental results show that this interaction framework is highly
robust and can successfully perform interaction tasks at different interaction dis-
tances, in different lighting environments, and with users of various sizes. Wear-
ing other glasses does not affect the efficient use of this interaction framework.
However, this interaction framework can only be used in a single-person situa-
tion, which is a limitation of this framework and a problem we will address in
the future.

5 Conclusion

In this work, the human-robot interaction framework using only RGB cameras
without the assistance of any external wearables is built. In this framework, the
robot uses only RGB cameras to infer the target of the person’s gaze and grasps
it. The interaction framework does not require external wearables, makes inter-
action more accessible and reduces interaction costs. We conducted several sets
of experiments based on the Baxter robot and demonstrated the high robustness
of our interaction framework.

As this framework uses only RGB cameras during the interaction, a cali-
bration board is required to assist in the conversion of coordinates. The entity
matching algorithm converts the target object from the global view to the local
perspective to convert coordinates more accurately, resulting in a longer inter-
action time. In future work, we will focus on solving the conversion problem
and implementing and extending the framework to accommodate multi-player
human-robot interaction.
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