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INTRODUCTION

Theresilience of thehumanvisual systemin MEacross many
visual contexts is remarkable since it executes extensive
computational tasks constantly, reliably, effectively, and
easily. The academic world has extensively researched

ABSTRACT

Motion Estimation (ME) is a computationally intricate issue often affected by non-exact
solutions. Consequently, it is imperative to embrace many methodologies and assumptions.
Velocity is an essential variable for Underwater Robot Vision (URV) navigation, yet its
estimation poses significant challenges. Conventional techniques, such as the Global
Positioning System (GPS), are ineffective underwater, while alternative approaches need
to calculateocean currents’ velocity or employ sound sensors. Nonetheless, these systems
possess inherent limits. A viable method to calculate the velocity of URVs is through the
utilization of Computer Vision (CV) systems when a marine structure is inside the URVs’
field of view, as these sensors are not affected by the same issues as acoustic routing or
the influence of ocean currents. This study devised an algorithm that estimates a vehicle’s
rotational velocity (RV) and axial velocity (AV) by utilizing the motion field derived from
the optical ME technique. The algorithms were evaluated in simulated settings, and
the findings were shown using several approaches for ME. The ME method was found to
function as predicted, with a maximum error of 2.23% in the conducted tests, and showed
greater robustness under challenging underwater situations. This work also presented a
hardware architecture for low-end Field Programmable Gate Arrays (FPGAs) to enable
real-time computation of dense optical motion for Video Graphics Array (VGA) images,
utilizing the ME method.
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ME from image sequences because of its significance
in several visual tasks. The three-dimensional image is
displayed on the image plane, resulting in each point
generating a two-dimensional trajectory with an explicit
vector velocity. The 2D velocities for all observable
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surface locations are typically called a 2D motion field.
The ultimate objective of optical flow (OF) estimation
is to calculate an estimate of the motion field based
on time-varying picture intensity. A variety of real-time
methodologies for ME have been suggested,!"! which
may be initially categorized into matching domain
estimates, energy designs, and gradient methods.? 3
Despite the variety of models and methods, none
adequately addresses all the challenges related to real-
world processing, including noise, variations in lighting,
secondary motion, and occlusions.

Methods for measuring OF frequently aim to balance
precision and efficiency.™ This trade-off occurs because
the most accurate approaches typically need greater
processing resources. With equivalent processing
resources, certain strategies provide more exact
estimations but at a slower pace, and others achieve
less accurate movement predictions more rapidly.
Accuracy enables the evaluation of result quality,
whereas efficiency pertains to the duration required for
data acquisition and the computing resources utilized.
In ME, achieving precise findings efficiently in real-
time is essential, employing methodologies that may be
adapted to practical issues. This discussion pertains to
systems associated with ME accelerators, including those
utilizing graphics hardware as specialized circuits and
FPGAs.B!

ME may be accomplished by several methods, both
vision and non-vision-based, according to the specific
application. If other sensors are present, vision-based
ME may be superfluous. In underwater vehicles, the
presence of a superior USBL), inverse USBL (iSBL), and
GPS intelligent beacons (GIB) may render vision-based
ME unnecessary, particularly when the robot operates
at significant distances from the seafloor.) However, if
a Remotely Operated Vehicle (ROV) is near the seabed
and lacks additional high-precision sensors, utilizing an
optical system to estimate its velocity is an effective
approach. Other sensors, such as the Doppler Speed
Logger (DSL), can complement a vision-based strategy;
nevertheless, they are insufficient due to inherent drift
accumulation. Numerous studies in the literature employ
vision-based guidance in both URVs and ROVs.!!

The acquisition of the velocity vector necessitates a real-
time system, as an acceleration vector that surpasses
its temporal validity is ineffective in a control loop.
Determining OF and retrieving vehicular velocity is a
computationally difficult activity that may not align
with the restricted processing capabilities of low-
power embedded computer devices often found in
tiny URVs. Consequently, acquiring a velocity vector

iie

within a practical timeframe becomes exceedingly
challenging.[®

This paper aims to design a system that uses OF
approaches to estimate the speed of an URV compared
to a structure observed by the camera, including the sea
bottom. A low-resolution picture is utilized to mitigate
the constraints imposed by the substantial computing
complexity of existing OF methods. Intense OF is intended
to be immediately calculated by a proprietary computer
system implemented in an FPGA-based architecture.

BIBLIOGRAPHIC REVIEW

The navigation and positioning of a URV is a complex
endeavor. Modern navigational tools above water
depend on radio or spread-spectrum transmission and
GPS. But underwater, the sea’s tremendous absorption
of electromagnetic energy renders radio transmission
inaccessible to URVs. This indicates that conventional
RF-based systems are unsuitable for URV navigation.
Numerous studies in the literature employ CV-based
routing in both URVs and ROVs. CV-based alternatives
may be categorized as Power, Gradient, OF and
Matching techniques.[' Specifically, many real-time
implementations are available in FPGAs and, more
recently, Graphics Processing Units (GPUs). Specifically,
real-time OF ME sensors deployed in FPGAs are discussed
in.l'"1 An instantaneous ME for Micro Aerial Vehicles with
FPGA was demonstrated by.['? A contemporary parallel
design for OF prediction demonstrated exceptional
performance. An intriguing bio-inspired methodology
integrating modest primitives, including OF with
intermediate applications, like segmentation and
surveillance, has been introduced in.["] Recently, a
gradient-based method utilizing a GPU was proposed.
Additional instances of GPU use for matching attributes
and monitoring, a potential solution to the ME issue,
were shown in.['4

GPUs are more prevalent and highly beneficial for the
real-time execution of URVs. For example,!" uses a GPU
to handle Synthetic Aperture Sonar (SAR) signals onboard
a URV. SARs provide high-quality sonar pictures that
need substantial computer resources. Consequently,
GPUs are crucial for sustaining the URV’s real-time
operational capacity. The GPU provides a significant
advantage for Simultaneous Location and Mapping
(SLAM), which underpins reconstruction alongside
stereo images. In the future, these technologies will
gain further popularity as the sector advocates for
enhanced autonomy and durability of automobiles.
Visual odometry refers to the method of ascertaining
robot placement through the analysis of sequential
camera pictures. The methods for acquiring visual
odometry are OF and geometry from motion.[! The

Journal of VLSI circuits and systems, ISSN 2582-1458



Aarti Hemant Tirmar et al. : VLSI Architecture-Based Implementation of Motion Estimation Algorithm for Underwater Robot Vision System

algorithms employed in this navigation method typically
function with other systems, including inertial and audio
systems. This approach facilitates navigation, enhancing
accuracy when near the object of interest. The study!'!
employed forward and downward cameras to rectify
inaccuracies in dead-reckoning navigation situations.
One technique employed in optical directions is the
OF derived from the URV’s built-in cameras. Referencel'”
presents a docking and management system that employs
OF for managing and docking a URV. OF is utilized in
unmanned robotic vehicles to monitor targets and
velocity estimates.!8

While optical technologies possess advantages compared
to acoustic systems, they also present challenges. URVs
are subject to power limitations, as they cannot carry
substantial batteries for energy supply and must remain
submerged for extended durations. Furthermore, URVs
have spatial constraints that limit their capacity to house
extensive equipment for various functions, resulting in
the use of compact, low-power computer systems for
image processing, which restricts performance.

ME ForR URV AND VLS| IMPLEMENTATION

Calculating the URV velocity is a complex endeavor
since the 3D movement of an item in the surrounding
plane when utilizing a monocular camera, is reduced
to a 2D projected movement in the camera plane.
This indicates that the profundity of the movement
is diminished. Furthermore, the motion of an item
comprises two elements: axial and rotational.
The previously reported OF techniques provide the pixel
shift between two movie frames. This movement may
be readily transformed into velocity by dividing it by the
frame duration (1=fps), as seen in equation (1).

v (Pixa!s) = (u, U]f(fl;] (1)

=

It is feasible to convert pixel velocity to velocity inside
the benchmark frame of the URV. The velocity is inversely
related to the camera’s proximity, a phenomenon
referred to as the parallax impact.

OF field

Splitting flow field

and spatial
averaging Determine
l axial veloci
Temporal
filtering to -
reduce noise Determine

angular
velocity

Fig. 1: Flow diagram detailing the procedures em-
ployed to extract the URV’s velocity from the OF field
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Fig. 1 illustrates a flow diagram detailing the procedures
to extract the URV’s velocity from the OF field. The
initial stage involves splitting the OF field into parts
to facilitate subsequent computations and eliminate
incorrect vectors. The subsequent stage involves
applying a low pass filter in the temporal field, which
mitigates the perceived motion of the URV and removes
high-frequency noise. Subsequently, the assessment of
axial velocity occurs alongside the evaluation of angular
velocity.

Temporal filtration and velocity transformation

The slower kinematics of a URV constrain the pace
at which its velocity and trajectory may change.
Consequently, a low pass filter (LPF) was applied to the
velocity vectors (VV) from every movement area. This
LPF is a straightforward moving average (SMA) in the
time domain. This mitigates rapid changes in direction
and velocity caused by vibrations and minor unexpected
motions. Unless otherwise indicated, the SMA size has
been empirically determined to be four frames. However,
it may be adjusted according to changing navigation
circumstances. At this phase, equation (1) is employed,
transforming the movement vectors of each sector into
VV. Given the short duration among the frames, one can
consider these vectors instantaneous VV.

Estimation of AV

The velocity in both directions of motion constitutes the
AV. The movement field is condensed to 16 VV from a
4 x 4 grid, with the vector denoting the URV’s velocity
being the average of all 16 VV. The averaging procedure
also mitigates the rotation of the URV around the z-axis.
After calculating the vector denoting AV in pixels per
second (pps), it has been converted that velocity to
m/s within the URV basis frame. The procedure assumes
the employment of a pinhole camera equipped with a
symmetrical lens, as seen in Fig. 2.

(a) (b)
Fig.2: (a) cross-sectional depiction of the camera’s
view angle and (b) The pixel dimensions of the frame

Fig. 2(a) is the cross-sectional depiction of the camera’s
view angle (VA). The angle is 50% of the camera’s VA.
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represents the distance from the lens to the object,
utilized for calculating the velocity. represents the
actual dimension of the VA along the x-axis of the
camera. The pixel dimensions of the frame are indicated
in Fig. 2(b).

Compute with values of and is given as,

L
= arctan[Z] (1

With the angle established, it is now feasible to calculate
the value of , denoted as , since it may vary with the
value for any given , represented as :

L(t) = 2 =tan(ox) = H(t) (2)

With , one can establish a direct correlation between
a pixel length and its position in the external standard
frame. In this instance, pertains to the x-direction,
which measures 480 pixels in dimension.

Lt

transition factor = —
480

m/pixel (3)
The VV in only needs to be multiplied by the transition
factor at this point to transform the velocity in pixels to
meters, irrespective of the velocity of the pixels and the
camera. The conversion of this velocity, specifically the
camera framework, to the URV reference frame can be
achieved by:

X =Y (4a)

V=X, (4b)

Estimation of RV

The RV of the URV denotes the velocity along the z-axis.
The movement field was segmented into regions, with
each area characterized by a VV that denotes its mean
speed. Subsequently, temporal filtering was applied to
mitigate the noise. When examining the motion sequence
of the URV during rotation and disregarding movable
and deformable maritime systems, it is permissible to
consider a rigid structure rotation, indicating that the
rotation can be represented as a planar transition. In
this instance, the body is the reference framework for
calculating velocity. Another aspect to remember is that
the VV of every area is expressed in the lens’s standard
frame, , , and . Therefore, after calculating the RY, it
must be converted to the URV’s standard frame. This
can be executed by reversing the RV at the conclusion,
i.e., . In a planar shift in a rigid structure, the RV can

be calculated as outlined in the process diagram of Fig.
3 (a).

VV for every
area

\

Determining center
of rotation

Perpendicular
line

v

Crossing of
lines

v

Center of
rotation

¥

Estimation of

RV
(a)
L] rlALS
»
_ R
P “ v f

Figure 4.10: The red dot is the centre of rotation which coincides with the intersection of the
perpendicular lines to the velocity vectors of each region.

(b)

Fig. 3: (a) Flow diagram detailing the procedures
employed to estimate RV (b)The circle in red
represents the center of rotation, aligning with the
point that intersects the perpendicular lines to the
VV of every area.

Theinitial stepincalculating RVisidentifying the center of
rotation, specifically the instantaneous center of a planar
movement. This entails calculating the perpendicular line
for every movement vector, represented by the dotted
line in Fig. 3(b) and subsequently determining the point
of intersection of every line with every other line. In an
ideal scenario, the crossing of the line yields a singular
moment that denotes the center of rotation, illustrated
by the red circle in Fig. 3(b). However, due to the non-
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ideal nature of the VV, an accumulation of intersecting
points will manifest at the center of rotation. The
center of rotation can be determined by calculating the
centroid of the point cluster. Subsequently, the RV can
be calculated by determining the separation between
the center of rotation and the beginning of the VV,
followed by estimating the mean of all angular speeds.

ResuLTsS

During the initial phases of ME, the movement field
was partitioned into 16 identical areas, and the median
VV was calculated for every area, employing a threshold
of one pixel, thereby considering only movements
exceeding one pixel. A SMA of the four recent values
was employed for temporal filtering. An image with a
VGA resolution measuring 640x480 pixels was utilized
in this experiment. The visual sequences employed in
these experiments were generated using Matlab.

—=—RYV (Deg/s)
‘ —e— Baseline RV (Deg/s)
i

10.0 4

9.8 4

RV (Deg/s)

B ARARGRY

Fig. 4: Computation of RV

Fig. 4 illustrates the RV calculated with the center of
rotation outside the camera’s VA. The red line at 10
/s represents the baseline RV of the camera, while the
black line denotes the determined RV. Fig. 4 indicates
that the error in the estimation of RV has risen to
2.23%, corroborating previous statements. As the center
of rotation is inaccurately estimated, it affects the
estimation of RV. This error arises because maintaining
a consistent RV while distancing the center of rotation
from the image’s center results in an increased velocity
of the pixels within the frame. Consequently, the
precision of OF diminishes, resulting in increased noise
and, therefore, a heightened error in RV at elevated
AVs. As velocity rises, this estimation begins to yield a
greater error.
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(b) Computed velocity of the car in the x and y direction {red) and true velocity (blue).
Fig. 5: Computation of AValong x and y directions

Fig. 5 illustrates that the trajectory is predominantly
accurate. As previously stated, the URV traversed a
distance of 12 m along the x-axis and 0 m along the y-axis;
consequently, the final computed distances are 11.12 m
along the x-axis and 0.15 m along the y-axis, yielding an
average error of 0.45%. Fig. 5 illustrates the elements
of the URV’s velocity. Numerous fluctuations in this
element can be attributed to the camera’s vibrations.
Nonetheless, the calculated velocity is proximate to the
actual velocity, depicted in blue.

FPGA implementation

This study introduced a hardware design tailored for
low-end FPGAs to facilitate actual-time processing of
intense optical movement for VGA images, employing
the ME method.

I(L, k) L(L, k) 1L, k)

M L,IL

Bk(1,1)

1Bk(1,1) | Briz,1) G(1,1) 16(1,2) = G(2,1) G22)

+\: {3

Figure 5.5: Subsystemn for matrix creation.

Fig. 6: Matrix generator architecture

The matrix can be calculated using the ME algorithm.
Fig. 6 requires five additions, five multipliers,
and five accumulators to implement the matrix
generatorsystem iteratively.
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Figure 5.6: Architecture proposal for the solving the system.

Fig. 7: Matrix solver architecture

In the matrix solver shown in Fig. 7, the least squares
problem must be addressed while concurrently
calculating the determinant of matrix G and the
mean of the gradient. It will require seven addition
functions, ten multiplying factors, and three dividers.
We must determine which computed value, derived
from the two distinct methods, to utilize or if neither
method successfully calculated the OF for that pixel.
A multiplexer selects the value to be utilized at
the conclusion based on the determinant and the
average. Resource usage estimation has been shown in
Table 1.

Table 1: Resource usage estimation

Gaussian Image
Matrix Matrix Smoothing Spatial Temporal Warping
Resource Solver Generator Kernel Derivatives | Derivative Process Total
Adders/Subtractors 7 5 8 1 2 47
Multipliers 10 5 35
Dividers 3 8 11
Memory (MBytes) 9.82
Memory Breakdown: REFERENCES

» Images and Spatial Derivatives: 4.9 MBytes for
three images and derivatives (based on pyramid
levels)

o OF Storage: 4.92 MBytes for two OF fields (u and
v, current and previous frames)

Total memory estimation: 4.9 MByte + 4.92 MByte =
9.82 MBytes

CONCLUSION

A feasible approach to determine the velocity of URVs is
by employing CV systems when a marine structure
is within the URVs’ line of sight, as these sensors are
unaffected by the challenges associated with acoustic
routing or the impact of ocean currents. This research
developed an algorithm that calculates a vehicle’s RV and
AV using the motion field obtained through the optical ME
technique. The algorithms were assessed in simulated
environments, and the results were presented using
various methodologies for ME. The ME method performed
as anticipated, exhibiting a maximum error of 2.23%
in the tests conducted, and demonstrated enhanced
robustness in demanding underwater conditions. This
study introduced a hardware architecture tailored for
low-end FPGAs to facilitate real-time computation of
dense optical motion for VGA images, employing the ME
method.
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