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Abstract -

The construction industry is currently facing a labor
shortage, prompting many researchers and practitioners to
explore construction automation through advancements in
robotics. For successful construction operations with multi-
ple agents, effective and intuitive communication is essential.
To this end, this research proposes a Motion-Based Com-
munication (MBC) framework, which enables collaboration
using movement. MBC provides a robust alternative that re-
mains unaffected by various types of disruptions. This work
contributes to the field of robotics by developing a motion-
based language represented through an ontology. The on-
tological representation is encoded via directional shifts in
motion rather than poses and is decoded by analyzing optical
flow vectors. The experimental results in a lab environment
using a UR5e robot indicate feasibility, with a shift infer-
ence accuracy of 98.8%. These findings can contribute to
the development of a multi-agent MBC language to support
communication in real time during construction operations.
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1 Introduction

Traditional robot-to-robot communication consists of
physical data transfer via networking. However, in the
event of a network failure or disruption, this modality of
communication cannot be relied on. Additionally, net-
worked communication efficacy is contingent on condi-
tion of the environment. For instance, in the case of
large infrastructure construction projects such as dams,
roads, and bridges, the installation of Internet networks
(i.e., LTE and 5G) may be challenging, making seamless
online communication difficult. Additionally, there are
wireless networks that do not rely on Internet connections,
such as Bluetooth [1] and Wi-Fi [2], which are relatively
easy to install and can address some of these shortcomings.
However, these networks are limited to specific areas and
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require manual connection each time they are used. As
construction sites physically constantly change over time,
wired networks must be reconfigured to consider the site
conditions, which requires significant time and cost.

Motion-based communication (MBC) serves as a poten-
tial solution for non-networked communication for several
reasons. First, it can potentially allow communication be-
tween human and computer as motion can be used as a
common language channel that is understandable by hu-
mans [3]. In addition, compared to other multi-modal
robot-to-human communication methods [4], displays and
LED-based systems suffer from areas of high contrast or
light intensity, while audio communication is evidently
ineffective in vacuums or underwater. Lastly, motion is
not a unique attribute and has the potential to facilitate
a universal language channel in both organic and robotic
agents that are capable of some form of actuation.

Therefore, the authors propose implementing MBC as a
pseudo-language. This is done in two steps. First, an on-
tology is created by performing open coding [5] on several
robot action research papers and corpora and ontologies
[6, 7, 8] represented by OWL files (W3C Web Ontology
Language [9]). The coding process results in an ontology
representing a pseudo-language consisting of action cat-
egories, actions types, entity types, and value types, and
atomic types (referred to collectively as symbols).

Afterwards, symbols in the ontology are encoded
through alternating clockwise and counter-clockwise
movement inside a communication window from a URSe
arm. A dense optical flow based motion analysis frame-
work coupled with contour detection and tracking sup-
plemented by Kalman filter is evaluated as the proposed
methodology for decoding the motion-based symbols us-
ing a Logitech C270 camera with a resolution of 640 by
480. The efficacy of this method is compared to state-of-
the-art (SOTA) MBC research. For brevity, this paper fo-
cuses on the actual communication framework and decod-
ing rather than the ontology development. An overview of
the steps taken can be seen in Figure 1.
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Figure 1. Research overview consisting of an open coding process to construct the language ontology (top) and
the communication process with an example message (bottom).

2 Background

2.1 Motion-based communication

MBC deals with encoding a message between multiple
agents via pose or motion and interpreting the message us-
ing computer vision techniques. These agents can consist
of robots, humans, or some mix of the two. The capabil-
ity to engage in multi-agent (i.e. both human and robot)
communication with both human and robotic agents is a
crucial benefit of MBC, along with the aforementioned
resilience to networking impediments. Modern MBC re-
search, whether dealing with human-to-robot, robot-to-
robot, or multi-agent communication, utilizes either ges-
tures [10, 11], poses [4, 3], trajectories [12], or a combi-
nation [13] of these to encode information.

2.1.1 Gesture-based

Gestures have been used both in the context of align-
ing common objects in multi-robot environments [10] as
well as a common language channel between humans and
robots. Vanc et al. [13] propose a pseudo-language for
human-robot interaction (HRI) by implementing a frame-
work using a combination of deictic, mimetic, and quan-
tification gestures in addition to teleoperation. This setup
requires Leap Motion Controller [14] and a gesture clas-
sification model [11] to recognize the encoded gesture-
based signals real-time. Although this framework frames
the MBC paradigm as a language, the usage of a model
limits the language to communication from a human to a
robot.

2.1.2 Pose-based

In the context of this research, the salient components of
the pose of an agent are the roll, pitch, and yaw orientations
of its body (or end effector, in the case of a robotic manip-
ulator). Encoding from Koreitem et al. [15] is done using

a set of ordered lists, called a code, where each element
is a particular pose configuration (i.e., roll, pitch, yaw) in
which the orientation space is binned. Their work focuses
on minimizing a cost function across all codes. For each
possible pose configuration, the cost is calculated by three
factors: probability of occurrence, detection error of their
orientation regressor, and time to execute. Decoding is
performed via convolutional neural network (CNN) based
pose estimation. As the main focus is the optimization of
the encoded messages with respect to time, energy, and
accuracy, there is less of an emphasis on flexibility. Using
a pose estimation model limits generality, and each pose
encodes a pre-built, holistic message.

2.1.3 Trajectory-based

Although using pose as a method of encoding messages
is popular in modern MBC research, it can be supple-
mented with trajectory information as well. SOTA re-
search from Fulton et al. [4] and Enan et al. [3] mainly
use pose-based encodings, but some of their messages also
contain trajectories. For instance, in [3], the message “GO
TO LOCATION” is defined by rolling 45-degrees, moving
forward and then backward twice, and then proceeding to
the desired location. Their research is the first to create
a unified HRI and robot-robot interaction (RRI) motion-
based framework in which both the human operator and
robot can interpret the gestures. In addition, it is the first
MBC research to utilize self-attention [16] for decoding.
User-defined gestures can also be defined to extend the
language via configuration files.

However, as previously mentioned, MBC research has
not taken full advantage of the potential generality of mo-
tion. That is, there is information contained in the motion
itself rather than the pose that can be used as a sort of lex-
icon. In the example from [3], the individual words go fo
and location and their semantics are not encoded. There-
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fore, adding another unique message relating to movement,
for instance “GO TO AGENT,” would require an entirely
unique encoding, potentially even unrelated to the original
one. Additionally, while the usage of deep-learning mod-
els enables potentially high precision, it comes at a high
computational cost and can limit the ability to generalize
the communication framework to other robots.

3 Methodology

The following sections briefly outline the methodol-
ogy used in developing the baseline ontology used in this
framework as well as covering the decoding process used
to interpret messages.

3.1 Ontology coding process

A rough initial ontology is built based upon coding ac-
tions, categories, and frames from previous robotic action
studies [8, 7, 6] to guide the coding process. The initial
ontology consists of mainly action categories and action
types with some initial entity types and values. Then, five
OWL files (studied in [17]) are inspected using Protégé
[18] and all leaves (a class without any subclasses) are
extracted. Irrelevant classes, such as those not related to
actions, objects, or values, are ablated. Each class is coded
as either a type of action, entity, or generic value using the
preliminary ontology as a reference.

From largest to smallest, the OWL files used in this re-
search come from KnowRob [19, 20], ROSETTA [21],
OROSU [22], ORO [23], and PMK [24]. These five
OWL files are selected as they are among the 5 largest,
open-source, industrial robotic action ontologies. For
each of the 5 OWL files, only classes (i.e. subclasses
of owl:Thing, not properties or individuals) relating to
actions and objects were extracted and coded from the five
OWL files.

This entire coding process is repeated for a total of
five full runs, refining the codes and resulting in added
granularity in the form of introducing action categories
and specific value types. The final ontology for the pro-
posed language consists of the following levels: action
categories, action types, entity types, value types, and
atomic types. Action categories are broad classifications
of actions (Manipulation, Movment, etc.) while action
types are specific varieties of those actions (Handling,
Rotation, etc.). Entities are objects that can be observed
or interacted with are children of action types that use
them. Value types correspond to the possible arguments
that can be used for specific messages. All symbols, aside
from literal values, are assigned a priority with respect to
other symbols in the same level of the tree based on their
frequency in the surveyed literature.
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3.2 Optical flow-based decoding

The communication process begins when one robot
sends a ToggleCommunications symbol which consists
of a unique cross pattern (discussed in Section 3.2.5).
Then, the communicating robot begins sending a sequence
of symbols followed by a final ToggleCommunications
symbol which terminates communication. Motion detec-
tion and tracking for interpreting symbols (encoded as
aforementioned shifts) is done using Gunnar-Farnebick
optical flow [25] coupled with contour finding [26]. A
Kalman Filter [27] is also used to help estimate the center
of the tracked objects.

In this language, symbols and literal values are encoded
using a discrete quantity of lexical motion units (LMU).
The magnitude of this motion (i.e. one LMU) is calculated
dynamically when an agent initiates communication (see
3.2.5). The motion consists of a circular trajectory inside
the communication window and alternates between coun-
terclockwise and clockwise movements for each symbol.
This ensures symbols are distinct and identifiable with a
definitive shift in the direction of movement. In other
words, the direction of the movement is independent of
the symbol. Rather, the direction of motion flips after
each symbol such that the overall message consists of a
series of directional shifts along a fixed circle. Each sym-
bol’s encoding (aside from literal values) is equivalent to
the calculated LMU value multiplied by its priority from
the open coding process. Literal values have their own
encoding rules using a binary representation, which is left
out for brevity.

3.2.1 Farnebiack method

Farnebiéck’s method falls under the category of differen-
tial optical flow as it utilizes partial differential equations
to model the flow field and minimize an energy function
to perform motion estimation. It is chosen as the base mo-
tion detection component for several reasons. It does not
rely on deep learning or training data and as such allows
for better generalization and faster inference time com-
pared to SOTA MBC decoding paradigms that implement
pose-based CNNs [15, 4, 3]. This is a result of using a
model-free method that only uses motion where there is
no need to query any models. Lastly, the OpenCV [28]
libraries provide the Farnebdck algorithm, permitting a
simpler and more portable framework, which are attributes
that are important in resource-limited environments that
can often occur in construction.

Results from dense optical flow in environments with
inconsistent lighting or a large quantity of background
motion can be noisy. Flow vector magnitude thresholding,
Gaussian blurring, and morphological operations (such as
erosion and dilation) are all applied to yield a cleaner
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image before processing continues.

3.2.2 Contour tracking

Dense optical flow yields both a magnitude m(x, y) and
direction 6(x, y) for each (x, y) pixel in the image. How-
ever, contours do not inherently contain optical flow infor-
mation as they only consist of a set of points that define
a boundary. Therefore, given a set of optical flow vectors
F and contours Q inside an image I, the mapping from
pixels in Q to F is described by:

Y(x,y) € Q, 3(m(x,y),0(x,y)) =F(x,y) (1)

Each contour is then assigned to an Optical Flow Con-
tour object (OFC). This is done by comparing the central
moment of a contour to each previously found OFC. If the
center is within a tracking threshold, T, (chosen as 22.5
pixels given the experimental setup and camera resolu-
tion), the O F C object is updated with the new information
from the contour via a Kalman filter. If there are no current
OFCs or the current contour’s center or area is beyond the
thresholds, a new O FC object is created.

3.2.3 Optical flow contour objects

Each OFC contains the current magnitude m;, current
angle 6;, and center (cf s cl.y ) of the contour it is assigned
or updated with. To calculate 7; for the O FC, the mean of
all non-zero magnitude pixels inside the assigned contour
is found, filtering small noisy measurements. The angle
0; is computed by taking the circular mean of the angle
vector, which also only includes pixels that are included
in the mean magnitude calculation. Therefore, using the
remaining n pixels inside the assigned contour, the mag-
nitude and angle are given by:

1 ¢ 1 ¢
.= - 0. = — i
ml_nk;mk’ 0,—arg(n E e )

k=1

@

Where i is the imaginary unit and arg(z) is the argu-
ment (angle) of the complex number z. Lastly, the center
is found by taking the weighted center of pixel intensity
(moment) from the convex hull of the contour. (c7, ciy )
and m; are passed into the Kalman filter as measurements.
This is used to compute the estimated state, or center of
the OFC. In this way, the Kalman filter assists in the
tracking of an OFC, but does not directly calculate its
magnitude or angle. For each frame an arbitrary OFC is
detected, m; is added to that O FC’s shift magnitude, p;.
The shift magnitude then contains the sum of all non-zero
mean magnitudes, but is reset once a shift is detected for
the current OFC. Motion - specifically the motion of the
sender in between each shift - is then quantified by using

Pi-

3.2.4 Shift detection

Shifts are considered changes in the angular component
. 74
of the optical flow vector of P also know as the angular

threshold Ty. The decoding process then consists of an-
alyzing the motion segments in between each directional
shift and estimating how many discrete LMUs make up
each motion segment.

To determine a shift, Af; is acquired by finding the
angular difference between 6; and 6;,_;. A maximum of
three angular differences are stored in memory as a deque
(double-ended queue) for each O F'C to detect shifts; this is
known as the angle history, ©, of the OFC. A maximum
deque for an arbitrary OFC is then given by:

0 = {A0;_2, Ab;_1, AO;} 3)

Each time an OFC object is matched with a viable
contour in the current frame and updated, the angular
difference is calculated and added to its angle history. The
angles inside ® are summed and compared to Tg:

f©)= ) Ad

AOe®

“4)

If f(®) exceeds Ty, a shift is detected. 6;, p;, and
(cf, ciy ) are then added to a dequeue known as the shift
history, S, up to a maximum of seven shifts (the number
of shifts required to detect the communication window).
When a shift occurs, both ®; and the current shift magni-
tude p; are cleared for the current OFC. Then p; is used
to determine the current symbol by rounding it to the near-
est whole LMU. For example, given an LMU of 5.5 and
final p; of 10.2, the symbol is interpreted as 2 LMUs; the
current direction of motion is irrelevant. Figure 2 shows
shift detection between two frames.

3.2.5 ROI estimation for communication window

The symbol used to request and end communication,
ToggleCommunications, serves two main roles. First,
to signal the start and end of the motion-based communi-
cation chain. Secondly, it establishes the communication
window and LMU estimation used by the receiver. The
purpose of the communication window is also two-fold. It
reduces noise from the environment by focusing on a spe-
cific region of interest (ROI) within the camera view and
it reduces computation by disregarding pixels outside this
ROI (see Section 4.1). This has the advantage of increas-
ing frame rate while still avoiding the “aperture problem”
caused by local measurements within a small window since
the optical flow component continues to track the entire
scene.

The sender and receiver are assumed to both be aware
of the expected radius of the communication window, r,
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Dense Optical Flow Field

Contour

Shift Detection

ID: 15 (29.00)

Figure 2. Optical flow field (left), contour (middle) and annotated frame (right) during a detected shift, marked

with a red "X’ inside the ROI (purple box). Yellow and green arrows represent magnitude and direction (77, )
for i — 1 and i, respectively. The ID of the O FC and current shift magnitude p; are displayed above the ROI.

and an expected radius ratio, a, which is used to des-
ignate the ratio between RO/, and r.. In other words,
the ToggleCommunications symbol is meant to be sent
within a smaller portion of the overall communicating
window. This is used to help establish the ROI and
LMU computation between sender and receiver, regard-
less of distance. The chosen r. in this case is 10 cm, and
a is selected to be 1/3. The ToggleCommunications
symbol consists of a series of movements in a cross
pattern: {down,left,right,down,up,right,left}. For
each OFC with a fully saturated shift history deque, the
receiver actively processes these shifts until this sequence
is found. It designates the ToggleCommunications sym-
bol, which sets the OFC that sent the symbol to active,
meaning the receiver is now actively listening to (or more
appropriately, watching for) encoded symbols from this
OFC.

The ROI for the communication window is also estab-
lished during this process. To find the window, the center
of the points from the shifts are used to calculate both the
center (origin) of the window (ROI,), its radius (ROI,.),
and its average magnitude (ROI,). The center is found
by taking the mean (x,y) coordinates and the radius by
taking the average distance between each shift s in the
ToggleCommunications symbol for an arbitrary OFC:

1 = Cx,Cy
ROI ==~ sione) )
n k=1
n—1
1 Cy Cy
ROIL = -—— ;; V08, =902+ (55, — 5202 (6)

The initial RO, is then multiplied by the reciprocal of

1
the radius ratio — to yield the final expected ROI,. An
a

ROI is created around the origin RO, with radius ROI,
in which only motion inside this window from the cur-
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rently active O FC is considered for symbol interpretation.
Lastly, a weighted average shift magnitude of the radius is
used in the computation of acquiring the expected magni-
tude for a singular lexical motion unit. At any time, the
sending robot can signal ToggleCommunications to re-
move the ROI and active status, thus allowing the receiver
robot to resume actively observing for the start of a new
ToggleCommunications symbol.

4 Experimental results

To evaluate the overall accuracy of the system, exper-
imental testing is performed on recordings of 13 distinct
messages - one from each action type, with arbitrary entity
and value parameters, and a message composed of several
other messages. Each message is recorded from 1, 2, 3, 4,
and 5 meters. Below is a list of example chosen messages
along with their meaning:

MO5 Handling — Manipulation — Tool
None — None — 0: Pick up the nearest Tool.

MO8 Movement — TCPMovement — None —
Integer — 20: Move TCP forward 20 cm.

M09 Movement — TCPRotation — None —
IntegerVector — [90,0,0]: Rotate TCP by 90 de-
grees in the x-axis.

M12 Halt: Stop all movement/actions and cancel all pre-
vious commands.

M13 A message consisting of 3 other messages: pick up
the nearest tool, move the TCP to the nearest obstacle,
and activate held tool

—

Results from decoding a message (M13) can be seen in
Figure 3. Evaluation is performed by comparing the actual
pf (red dotted line) at each ¢ where a shift occurs against
the expected py (green line). Since LMUs are discrete
units, pf is rounded to the nearest LMU to get the final
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decoded result, p; (cyan dashed line). The orange dotted
lines represent the LMU intervals, with the first (bottom)
line equal to one LMU, the next line equal to two LMUs,
and so on. The mean residual error is equal to the average
difference at each shift (|p{* — p¢|)

90 4 = Expected
Rounded (Nearest LMU)
—==- Actual

Shift Magnitude
N W Fy 1% (=)} ~ =]
o o o (=] o (=] [=]
! ! | L I !

,ﬂ
o
L

shift

Figure 3. M13 correctly interpreted at 2m with min-
imal mean residual error.

Across all 13 messages, there are a total of 167 symbols.
Of the distances evaluated, the optimal range of interpret-
ing shifts falls between 1 to 3 meters. From these distances,
98.8% (495 of 501) of symbols are correctly interpreted.
Overall, a successful interpretation rate of 94.1% (786 of
835) is achieved from the 1 meter bins between 1 and 5
meters using a 640x480 resolution camera. The accuracy
of each messages can be seen in Table 1. Each message
along with the number of shifts required for its encoding
is provided, along with the shift accuracy for both the op-
timal range (1, 2, and 3 meters) and all ranges (1, 2, 3,
4, and 5 meters). Figure 4 also shows the performance of
messages from 1-3 meters, which is the weighted (0.95)
accuracy minus the weighted (0.05) mean residual error
that results from each shift.

4.1 Performance

Without downsampling, multi-threading, or hardware
acceleration, the decoding algorithm runs at around 18-20
FPS on a AMD Ryzen 7 3700X 8-Core Processor. After
the ROl is selected, the FPS reaches between 70 (for larger
ROISs, in the case of close proximity to the communicating
robot) and 330 FPS. As LMUs are dynamically calculated
with respect to the relative motion of the robot, the al-
gorithm is theoretically independent on speed assuming
that the velocity of the robot remains relatively constant
throughout the signaling.

Dense optical flow can struggle in environments with
poor lighting or noisy backgrounds, such as flickering
lights or numerous rapidly moving objects. The presence
of heavy background noise or complex scene dynamics

can be a limitation to the proposed dense optical flow ap-
proach for MBC, reducing both accuracy and performance.
Although preprocessing and ROI construction help to mit-
igate noise under the evaluated conditions, the effects of
environmental illuminance and highly disruptive noise on
the proposed system are currently being studied.

Table 1. Results of the 13 messages evaluated from
the optimal range (1 to 3 meters) and all ranges (1 to
5 meters) using a URSe robotic arm. The values for
shift inference accuracy represent the percentage of
correctly decoded shifts using a 640x480 resolution
camera at optimal range (left, 1-3m) and all evalu-
ated ranges (right, 1-5m).

Message  Shifts  Shift Inference Accuracy (%)
MO1 25 98.7/98.4
MO2 36 100/94.4
MO3 4 100/100
M04 22 100/100
MO5 6 100/86.7
MO6 18 96.3/93.3
MO7 4 100/100
MO8 10 96.7/88
M09 17 98.0/96.5
M10 5 100/100
M11 4 100/90
M12 2 100/100
M13 14 97.6/77.14

4.2 Comparison with SOTA

The SOTA in motion-based communication [3]
achieves a recognition accuracy of 94.67% in simulation
using their RRCommNet model, with an average inference
speed of 10 FPS and 12.5 FPS (for RRCommNet-Skip,
which averages 88% accuracy as it uses every other frame).
Real-world accuracy for the two models is 83.33% and
73.81%, respectively for the regular and frame-skipping
versions. By using optical flow vectors without machine
learning, the MBC language runs faster and does not incur
additional computational costs stemming from querying a
model.

Since the language is fundamentally different than
SOTA works, the comparison between shift inference ac-
curacy and message inference accuracy is not necessarily
one-to-one. However, the individual shift inference accu-
racy from this research outperforms SOTA real-world and
simulation message inference accuracy at 1 through 5 me-
ters using a 640x480 resolution camera without the usage
of any type of model. The performance is also higher,
with a minimum of about 18 FPS, reaching up to 330 FPS.

5 Conclusions

The authors have presented a novel framework for
motion-based communication in which it is framed as a
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Residual-Adjusted Message Inference Accuracy
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Figure 4. Accuracy across each message from 1-3 meters, accounting for average shift magnitude residuals.
Lower values indicate higher mean residual error; orange/red indicates an incorrect shift detection.

language rather than discretely mapping poses to set mes-
sages. This is done by developing an ontological structure
and encoding its nodes as units of motion along a circle.
Experimental testing on a URS5e arm in a real-world lab
environment demonstrates the feasibility of implement-
ing this approach with robotic agents. An overall shift
inference accuracy of 98.8% between 1 to 3 meters is at-
tained with a 640x480 resolution Logitech C270. Due to
the model-free approach, inference is done in real-time
without the need for model computation overhead. Ad-
ditionally, the modularity gained from framing the MBC
paradigm as a natural language should allow for enhanced
communication flexibility.

Evaluation of the proposed network-free framework in
dynamic and complex construction sites where there may
be elevated levels of network interference is planned as fu-
ture work. Since the symbols are encoded and interpreted
solely through motion, an additional area of future work
is evaluation on other robotic and human agents to verify
generality. Due to the extendability of the language and
potential for decoding generality, we believe this MBC
framework helps lay the groundwork for flexible and ro-
bust multi-agent communication going forward.
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