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Abstract—1In this paper, we present the Diver Interest via
Pointing (DIP) algorithm, a highly modular method for con-
veying a diver’s area of interest to an autonomous underwater
vehicle (AUV) using pointing gestures for underwater human-
robot collaborative tasks. DIP uses a single monocular camera
and exploits human body pose, even with complete dive gear,
to extract underwater human pointing gesture poses and their
directions. By extracting 2D scene geometry based on the
human body pose and density of salient feature points along the
direction of pointing, using a low-level feature detector, the DIP
algorithm is able to locate objects of interest as indicated by the
diver. DIP makes it possible for scuba divers and swimmers to
use directional cues, through pointing, to an AUV for inspec-
tion, surveillance, manipulation, and navigation. We examine
the elements that make up our method, provide quantitative
and qualitative evaluation, and demonstrate AUV actuation
based on diver pointing gestures in closed-water human-robot
collaborative experiments. Our evaluations demonstrate the
high efficacy of the DIP algorithm in correctly identifying the
direction of a pointing gesture and locating an object within
that region of interest. We also show that the findings of
the algorithm qualitatively conform with human assessment of
pointing gestures, directions, and targets.

I. INTRODUCTION

The use of autonomous underwater vehicles (AUVs) to
perform tasks underwater has become increasingly relevant
in recent years. From inspection and maintenance of un-
derwater infrastructure [1], biological monitoring [2], and
archaeology [3], the utility of these AUVs heavily relies
on working and cooperating with human divers. For each
of the above-mentioned scenarios, it is highly likely that
a robot will be directed to specifically navigate along a
particular direction or inspect an object; this is referred to
as the site acquisition and scene re-inspection (SASR) task.
Such tasks could include inspecting a specified region of a
pipeline, taking pictures of particular coral for a conservation
biologist, or recovering an artifact.

While Remotely Operated Vehicles (ROVs) are able to
receive instruction through a tether, AUVs require different
communication methods [4]. These methods include using
robotic vision or audio to receive directives from divers
through the use of tools such as fiducial markers [5], or
special dive gloves [6], [7] as well as with gesture-based
languages of hand signals with ([8], [9]) and without ([10],
[11]) gloves. As many divers working alongside AUVs
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Fig. 1: LoCO AUV running DIP to navigate towards an
object in response to diver pointing gesture.

have their own areas of expertise and may not be robotics
experts, a communication vector that is easily understood
and capable of being performed naturally is essential. For this
reason, we introduce a system for divers that uses pose-based
pointing gestures which do not require additional equipment
to instigate a response from an AUV towards an object or
location of interest (Fig. 1).

Pointing is used as a natural form of human communi-
cation to share location and interest. Expanding this com-
munication vector to robotics is not itself an unexplored
area of interest (see Sec. II). In the subtopic of marine
robotics, however, the use and even exploration of this
topic is almost non-existent (other than very few exceptions,
e.g., [12] [9]). Different methods of indicating interest are
often used by scuba divers, e.g., shining lights, carrying
physical objects such as sticks or poles, and dropping strobes
or beacons. However, these methods come with significant
limitations. The underwater domain is known for its high
degree of sensory signal attenuation and dispersion, and thus
methods such as shining lights on objects of interest may
not be precise enough for many needs. Without necessitating
extra tools, pointing gesture communication relies on some
form of visual perception. Underwater vision is challeng-
ing due to natural environmental factors (e.g., scattering,
absorption, and refraction of light among others). Image
enhancement techniques (e.g., [13], [14]) have been shown
to mitigate some of these factors and improve the ability to
use RGB cameras. These factors still significantly impact
the reliability of commonly used terrestrial sensors, such
as light-wave based Time-of-Flight RGB-D cameras, used
in many pointing gesture based systems ([15], [16], [17],
[18], [19]). As vision itself is challenging even in the best
of water conditions, adaptation of ideas and implementation
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of terrestrially designed algorithms can be difficult.

Also unique to the underwater environment is the high
probability that the diver, robot, and even object of inter-
est may have a free-floating ability. For example, during
terrestrial and pick-and-place applications, it can generally
be assumed that anything static on a ground or table envi-
ronment will remain there until moved deliberately. Even
with relation to drones, the human is potentially able to
remain on the ground plane and calculations for direction can
take advantage of this. In open water, however, it is highly
unlikely that the diver will remain on the floor of the body
of water; in fact, they may even be moving along with water
currents. Our approach takes this into account by leveraging
only the pose of the diver and robot view space to find the
area of interest.

In this paper, we introduce DIP (Diver Interest via Point-
ing), a method to inform an AUV of the location of an
unknown object via a pointing gesture. We show that the
use of a human pose estimator in conjunction with a single
camera is sufficient to create an area of interest from which
an AUV can detect an object of interest. In addition to
locating the area of interest as indicated by a diver in still
images, we provide a working example of how our method
can be integrated into an object inspection system, utilizing
the LoCO AUV [20].

II. RELATED WORK

In this section, as the use of pointing control with AUVs
is a novel idea, we focus our attention on the use of pointing
gestures within the scope of robotics in general. DIP requires
the use of human pose estimation, and also fits within the
broader definition of human-robot interaction (HRI); as such,
we also provide some context on the current state of gestural
communication with AUVs.

A. Gestural Communication with AUVs

Using gestures to interface with AUVs, while relatively
under-explored in comparison with aerial and terrestrial
vehicles, is beneficial for divers as it requires no extra
equipment. Currently deployed systems ([10], [11], [8], [9])
have been designed with ease of use of divers in mind,
including some with directional signals (e.g., [9]). Expanding
this interface to convey locational cues can be seen as a next
step. While Walker [12] provides an analysis of the ability
to recognize pointing gestures underwater on state-of-the-
art deep-learned object detectors (e.g., Single Shot Multibox
Detector (SSD) [21], Faster R-CNN [22]), there is no current
literature on directing an AUV to a location or object of
interest through pointing gestures.

We contribute the first look at using pointing to provide
specific locational cues of a diver’s area of interest to an
AUY, and exploit these cues for the purpose of AUV-assisted
task completion in that location.

B. Applications of Human Pose Estimation

Human pose estimators are often used to provide land-
marks for pointing gestures ([17], [23], [19], [24]). The pose

Fig. 2: Example of some failure cases in underwater human
pose estimation. Even in closed-water conditions, a combi-
nation of environmental factors, non-standard body pose, and
SCUBA attire can affect robust ‘terrestrial’ vision algorithms.

estimator locates landmarks, typically joints, on a human
body. While human pose estimation in both 2D and 3D
is widely studied (see [25], [26], [27]), there does not
exist a vision-based human pose estimator dedicated for
underwater use. Chavez et al. [28] tracks a diver using point
clouds of diver pose; however, specific pose landmarks are
not found. Terrestrial-based, out-of-the-box monocular 2D
pose estimators have been applied with some success; e.g.,
Islam et al. [29] use estimated human body pose (using
OpenPose [30]) to find relative positions of two robots,
and Fulton ef al. [31] create an autonomous diver approach
method using TRT pose [32]. The success of human pose
estimators is severely impacted not only by underwater vision
degradation, but also by the positions of the human body with
relation to training data and additional gear worn by scuba
divers (Fig. 2). We choose to incorporate the Mediapipe [33]
Pose [34] framework as the foundation of DIP, because of the
cited low latency and impressive results on physical activities
like yoga and dance, which also deal heavily with uncommon
human poses.

C. Pointing for Purpose

In terrestrial and aerial robotics, the use of pointing
gestures to relay information has been widely studied. For
example, terrestrial and aerial vehicles can be given direction
to park in a certain location determined by a pointing pose
estimate [17], [23], [19]. For these applications, the user is
able to point at a location on the ground plane and direct
the robot there. This is an impossibility in many underwater
robotics applications as touching the ground plane, if it exists
in view, goes against the task that is being accomplished
(e.g., coral reef inspection, or invasive species detection).
Aerial and terrestrial robotics have also seen application of
finding an object of interest through pointing gestures. Pick-
and-place tasks with robotic arms have seen success through
hand gesture pointing [16], [35]. Gromann et al. [15] use a
pointing gesture to indicate an object on a shelf that should
be of interest to a mobile manipulator. Medeiros et al. [24]
is able to direct a drone towards an object based on the
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Fig. 3: Schematic diagram of the DIP algorithm. Colors
denoting each step are consistent with those in Figs. 8 and 9.

intersection of a pointing direction of the user’s arm and an
object’s bounding box. Delmerico et al. [36] provide a survey
of many more uses for pointing gestures with an emphasis
on the uses with rescue robotics. However, no work exists
for the use of pose-based or locational pointing gestures for
control or communicating user interest in the underwater
environment.

III. DIVER INTEREST VIA POINTING

The DIP approach is composed of a human pose estimator,
a method for the AUV to predict a diver’s area of interest,
and an object detection algorithm applied to the predicted
area of interest (Fig. 3). In the following section we describe
the method to detect a diver’s pointing pose, and using that,
detail the creation of the area of interest. In addition, we
enumerate the design choices that allow the implementation
of the proposed algorithm on-board a physical robot.

For the purposes of this section we make the following
assumptions:

o The diver is situated in an upright, pointing pose.
o The diver is pointing with their right arm.

A. Diver Pose Estimation

Vision-based AUV communication using pointing ges-
tures from divers requires robust estimation of human pose.
Human pose estimation underwater is challenging for a
variety of reasons, including naturally degraded vision, non-
standard body positions and the wearing of SCUBA gear
by divers (see Fig. 2). To minimize the need for correctly
positioned body landmarks, we use only two, the elbow and
wrist. As the connection between these two points must be
linear (i.e., anatomically, there are no joints between them

in human physiology), this creates the ability to generalize
potential locations of interest in a rather straightforward
manner. By simply extending the line segment connecting
the elbow to the wrist, the general pointing direction can
be found. The shoulder is excluded as, unless the diver’s
body is turned towards the camera, landmark detection can
be difficult (Fig. 2). We explicitly avoid the use of the hands
or fingers for finding the pointing direction, as the poor
visibility underwater, particularly at the usual interaction
distance between an AUV and a diver, can make it difficult
for pose estimators designed for terrestrial use to identify
those body parts. For the purpose of our project, we use the
Mediapipe Pose [33] estimator, although any pose estimator
which can provide wrist w(, , and elbow e(, ) landmarks
in the two-dimensional image space can be used. Once the
pose with the wrist and elbow landmarks have been located,
we are able to determine a direction and local area of interest.

The use of 2D pose for determining pointing direction
for SASR type tasks is sufficient, as objects of interest
will often be close to the diver in distance, thus we can
approximate the 3D directional vector in 2D image space.
As marine environments are also generally uncluttered and
without many structures, the need for depth information
about the scene is not necessary for many tasks. Particularly
when coupled with a robust object detector, 2D pointing
vectors will often suffice for such purposes. Future work
looks at expanding DIP to include 3D information for use in
specialized situations.

B. Determining the Area of Interest

The area of interest to the robot is defined to be a triangular
region extending from the diver’s wrist, shown in Fig. 4
as the white triangle. A triangular shape is chosen, as the
farther away a diver is from an object, the less accurate the
actual gesture may be (i.e., the diver’s own gesture pointing
at the object of interest will be less accurate from farther
away). This error can potentially be magnified in relation
to above-water scenarios, as the object, diver, and robot
itself may not be able to remain stationary for a variety
of reasons, such as being suspended in the water, moving
with a current, or constantly maneuvering to hold position.
Choosing a triangular region to search makes it possible to
account for such inherent inaccuracies in pointing and have
a more accurate detection of the object of interest.

First, the line segment connecting the elbow and wrist
landmarks (as defined by the human pose estimator) is
extended ext(,,) by a scaling factor sf which can be
modified as needed (Eq. 1):

ext(z) = W(gy + 5f * (W) — €@))

ext(y) = w(y) + 5f * (W) —e));
A scale factor of 10 has empirically been found to be
sufficient in our investigations.

Once the segment is extended, the resulting point ext(, )
is defined as the end of the pointing vector. To create an
area of interest in the shape of a triangle in image space,
two vertices are defined by adding and subtracting a vertical

(D
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Fig. 4: Visualization of the DIP algorithm: Human pose
landmarks are located, an area of interest is created based
on pose pointing vector, and an object is located within the
area of interest.

constant ¢, to the y value of the point extension (e.g.,
exl(z,y+c)) (see Fig. 4 for a visualization).

The third vertex of the triangle is defined by the wrist
landmark of the human pose detector. This vertex may
also be offset by a small amount ¢, to reduce false pos-
itives of hand detection to compensate for detector er-
rors. The vertices of the triangle are therefore defined as:
(Wa—epytep))s (€T yte))-

Once the area of interest is computed, search for the object
of interest via object detection is confined to this area.

C. Detecting the Object of Interest

As the main goal is to identify the diver’s intent to
highlight an area of interest, the consequent object detection
step is highly dependent on the actual task given to the
AUV and thus should be changed accordingly, i.e., a trained
trash detector should be used if the AUV’s task is to locate
trash in an area of interest. However, even without knowing
the object type ahead of time, it is possible to exploit low-
level image features to identify objects pointed at by divers
within the triangular area of interest. For example, point
features (e.g., SIFT [37], ORB [38]) and edge detectors
(e.g., Canny [39]) can be used to identify regions with high
probability of being objects of interest. The motivation to
use such low-level feature extractors stems from the fact
that the underwater environment often has little background
variation, and only salient features will be on or in close
proximity to the object. Due to the challenges of detection
in an underwater environment, we demonstrate detection
through two methods: keypoint and contour detection. Via
keypoint detection, we choose the keypoint with the greatest
strength to represent the object, even if this has the potential
for occasional false positive detections. The Canny edge
detector is used to extract object contours. If the centroid
of the contoured region is within the triangle of interest, the
target is chosen as the object of interest. Fig. 4 shows an
example of DIP successfully finding the object pointed to
by the diver.

Fig. 5: Two of the eight images the human correlation study
participants were asked to annotate. The locations of the
target objects are blackened out to not bias the participants’
assessment of the pointing direction.

IV. EVALUATION

Obtaining ground truth is difficult in underwater envi-
ronments as there is constant motion between diver, robot,
and objects. In addition, accuracy of DIP as a whole rather
than the accuracy of the pose and object point location is
a necessity; therefore, for the following evaluations, visual
cues rather than straightforward landmark matching will be
used in assessment.

All evaluations are performed using the same parameters
with input image sizes of 640 x 480 pixels. We use an
empirically found vertical constant of 100. In other words,
the height of the triangular area of interest will be 200
pixels, just under half the image height. We also offset
the wrist vertex by 5 pixels (i.e., ¢, = 5, see Sec. III-
B) to reduce false positives of detecting the hand. The
vertices of the triangular area of interest therefore become

(W(z—5,y+5)), (€Tt(z,y2100))-
A. DIP and Human-based Pointing Correlation

We present a small human study in which participants
annotate a pointing vector on 8 images. Each image consists
of a submerged diver pointing towards an object, either
suspended in the water, or resting on the bottom. The general
location of an object of interest was removed (Fig. 5) in
order to prevent preconceptions of what the diver is pointing
towards. Nine participants annotated a line segment of the
assumed pointing vector, beginning at the diver’s wrist. Fig. 6
shows a compilation of the results: the green line segments
represent the human-annotated vectors, the pink segment
represents DIP’s foundational pointing vector, and the white
triangle represents the location of diver interest as produced
by DIP. As can be seen from the quantitative data in Table I,
where image numbers match the vector images, fitting a 2D
vector to a point can be highly variable even by human
annotators. Angles are not included for DIP where pose
estimation is incorrect.

Fig. 6 also conveys some of the challenging situations that
can occur within a highly-specified underwater setting. As
our method is dependent on human pose, if the pose captured
is incorrectly such as in Image 2, the area of interest will
be so as well. Failure cases were found to occur frequently
when the diver’s pointing arm intersects with the torso, as
seen in diver center and left-pointing evaluation cases (See
Images 5, 7 in Fig. 6).
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Image 1

Image 3

Image 6
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Image 7

Image 2

Image 5

Image 8

Fig. 6: Results of human-annotated vectors (green) shown with the pose estimator-based resultant vector (pink), and DIP
area of interest (white triangle). DIP’s output predominantly aligns with human assessment of pointing directions.

‘ Mean ‘ ‘ Variance
(Human) DIP Difference | (Human)
Image 1 | 3.059 rad | 2.912 rad | 0.147 rad 0.008
Image 2 | 3.198 rad — — 0.003
Image 3 | 2.849 rad | 2.677 rad | 0.121 rad 0.017
Image 4 | 1.097 rad | 1.309 rad | 0.211 rad 0.069
Image 5 | 0.357 rad — — 0.024
Image 6 | 2.717 rad | 2.643 rad | 0.074 rad 0.004
Image 7 | 1.249 rad — — 0.028
Image 8 | 0.286 rad | 0.288 rad | 0.002 rad 0.008

TABLE I: Results of human study (Fig. 6): Mean human-
annotated angle measure, DIP angle measure (if correct
pose), Difference in Mean and DIP angles, and variance in
human-annotated responses are recorded. All angles are in
radians.

B. DIP-based Pose and Object Detection

We evaluate DIP for the ability to use human pose estima-
tion and low-level feature detectors to first compute a diver’s
specified region of interest and then locate an unknown ob-
ject within that region. Due to the challenging environment,
we consider the ability to identify an accurate region of
interest more beneficial than exact landmark matching. In
regard to unknown object detection, we provide results for
both the SIFT [37] algorithm and Canny [39] edge detection
as defined in Sec. III-C.

A selection of 650 frames were taken from a ROS [40]
bag file recorded with the LoCO AUV [20] in a closed-water
environment (Fig. 7). All images in sequence are included
unless the entirety of the diver’s body is not in the scene.
Fig. 8 shows results of a visual examination of this dataset.
While not all images may be considered “good quality” by
human standards, we include these images to demonstrate
the effectiveness of DIP from the AUV viewpoint. The eval-
uation dataset can be considered to represent fairly optimal

conditions in terms of water quality and distance from the
diver.

Taking into account only those images that produce a
“correct” pose (349/650 images), we see that the object of
interest is included in the region of interest 345 out of 349
times or 98.85%. On the other hand, the pointing vector itself
lands on the object only 74 times, or 21.2%. As supported
by the results of Sec. IV-A, due to variations in pointing,
locating an area of interest produces better detection results
than choosing a single vector. As to the evaluation of object
detection, the inclusion of a good specified object detector
is essential for each task. However, due to the nature of the
underwater environment, objects of interest are able to be
located far better than random chance with low-level features,
with the SIFT algorithm failing to locate a potential object
of interest in only 13 out of 345 images.

C. Runtime

With Mediapipe Pose as a backbone, the DIP algorithm
(pose estimation and SASR creation) runs at 4.714 fps on
an Intel™ i7-6700 CPU, which is acceptable for AUV
operations.

V. EXPERIMENTAL IMPLEMENTATION ONBOARD THE
LoCO AUV

DIP works as the guiding force for an unknown object
investigation task (Fig. 9). We deploy DIP, along with the
rest of the system, entirely onboard the LoCO AUYV, use a
monocular RGB camera, and perform computations on an
NVIDIA Jetson TX2 embedded system. In an enclosed pool
environment, LoCO was required to detect that a diver is
pointing, employ DIP to determine where an object may be
located and locate an object, then finally actuate towards the
object for closer inspection.
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(a) Incorrect human pose found. (b) DIP success.

(c) Unknown object located dur-
ing DIP through the SIFT algo-
rithm.

(d) Unknown object located
during DIP using Canny edge
detection.

Fig. 7: Samples from the pose and object detection evaluation
image set. All images are sourced from the LoCO AUV and
may not be considered good quality to human viewers.

Within this system, a diver is determined to be pointing
through a pre-trained SSD [21] detector with a VGG-16 [41]
backbone [12]. Once the pointing diver is detected, DIP
proceeds to check incoming frames until the pose is detected.
In the same frame the pose is detected, object detection is
attempted. This cycle proceeds on successive frames until an
object is located. The diver’s interest and the object within
the location are then considered confirmed, and the algorithm
moves to initiate robot locomotion. The AUV begins moving
towards the object through a Proportional-Integral-Derivative
(PID) approach controller defined through a bounding box
and image size ratio. We use the CAMShift tracker [42] to
return a new location for the PID controller to continue AUV
movement towards the object as it might be subjected to
unintended motion underwater. Fig. 10 shows snapshots from
LoCO’s viewpoint during a successful trial. Fig. 9 diagrams
the system as a whole as it runs onboard the LoCO AUV.

Out of five trial runs, the area of interest is defined (e.g.,
the human pose is correct) four times. An object was located

SIFT Detections

Intended Object:
241/345 69.9%

Incorrect Object:

(E—— Object within DIP: 91/345
TR 345/349 No Object:
60.5% 98.9% 13/345
.5%
‘ > c t: > Object on vector: N
orrect: 74349 Canny Detections
349/650
[Total Images: 650] 53.7% 21% Intended Object:

205/345 59.4%

Other Object:
46/345

No Object:
94/345

Fig. 8: Evaluation of DIP pose estimation and object detec-
tion. The ratios presented depend on success of the previous
steps. Colors denote the step evaluated as in Fig. 3.

,—[ Acquire Image

Frame [No Object] 7'y Y

Detect Pointing Diver

[Frame, Pointing Diver]

Frame [Object Location]

v

Approach Object

[No Object] .

1
[Frame, Object Location]

Track Object

[Object Location]

PID Control O

Fig. 9: Diagram showing the full system of Unknown Object
Investigation guided by the DIP algorithm, as implemented
on-board the LoCO AUV.

Diver Interest
via Pointing

Y

[Object Location]

(a) An object is identified
through the DIP algorithm.

(b) The object is tracked in the
following frame.

Fig. 10: Demonstration of the task: Unknown Object Inves-
tigation. Images are from the LoCO AUV point of view.

each time and LoCO proceeded to move autonomously
towards the perceived object, making task execution success-
ful. Three out of four times, however, markings on the pool
wall were located inside the area of interest. These markings
were considered to be the object and LoCO moved in that
direction. Using a detector trained for specific objects of
interest would help mitigate this issue.

VI. CONCLUSION

We present a novel communication algorithm, Diver In-
terest via Pointing (DIP), to signal directional intent to an
AUV. By detecting the natural communication vector of
pointing, we show that an AUV is able to infer a diver’s
area of interest. While working in the challenging underwater
environment, we have shown that a triangular area of interest
can be found with the use of a monocular camera and out-
of-the-box human pose estimator. Knowing that the area of
interest exists, an AUV is able to perform tasks specifically
within that area as determined by a diver. One such task
is the inspection of an unknown object. We validate DIP
through an integrated system and demonstrate its feasibil-
ity onboard the LoCO AUV. Future work will continue
to improve directional gesture communication through the
use of 3D scene geometry, pointing gesture classification
for downstream robot tasks such as manipulation and data
collection, and design of robot-to-human feedback to reduce
ambiguity in determining objects of interest.
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