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Abstract

Localization for autonomous underwater vehicles (AUVs) is still an ongoing challenge
because of the lack of usability of methods such as GPS. We researched a localization
method for an AUV swarm with the possibility of communication using the same
channel. This uses an Angle of Arrival (AOA) together with the Received Signal
Strength Ratio (RSSR) on blue LED signals. The localisation’s workings are invariant
to the absorption coefficient of different waters due to the absence of absolute Received
Signal Strength (RSS). It enables swarm behaviour for these robots at a low cost by
providing them with relative localization and the possibility of having the blue LED
signal link as a high-bandwidth communication channel. This system has a confidence
label that relates well to the accuracy of the measurements, with the best one giving a
Mean Absolute Error (MAE) of 3.1 cm at 32 cm distance and 39 cm MAE at 1 meter,
all taken at 100Hz. Additionally, it has the possibility to communicate in the kbps
range.
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Chapter 1

Introduction

Autonomous underwater vehicles (AUVs) have broad applicability in aquatic envir-
onments and other applications. These range from the mapping of the 3D underwater
environment [34], detection of mines [2] to the inspection and monitoring of ports [39].
Such applications benefit from having cost-effective and autonomous swarms of under-
water vehicles that can carry out such sensing tasks and communicate the information
back to the surface. To this end, good communication and localization between these
underwater systems is needed. Homogeneous groups of underwater mobile robots need
to both relatively localize other robots and establish communication links within the
group. This can enable implicit coordination, swarming behaviours and more effi-
cient control [13]. Collaborative AUV missions can indeed propel such applications.
However, they require a method for fast intra-swarm localization [25].

1.1 Underwater localization and communication

The underwater environment is challenging when viewed from the traditional commu-
nication channel lens. This is due to water’s higher absorption and scatter properties
compared to air [38]. This renders radio frequency-based communication and localiz-
ation systems practically unusable inside the water [44]. We are, thus, forced to look
at alternative non-radio-based modalities that can work in aquatic environments.

Acoustics are a viable alternative, especially for long distances (in kilometres range)
because of their low absorption rate underwater. However, they perform poorly in
shallow waters due to acoustic reflections from the surface and bottom [27]. Ortho-
gonal Frequency Division Multiplexing (OFDM) based acoustic communication links
can also contain large impulsive noise [11]. Additionally, acoustic links have been
reported to affect marine life and can be pretty intrusive to such ecosystems [10].
This is a critical consideration, especially for marine life monitoring. Acoustics can
be a good solution for enabling long-range communication links but are relatively
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Figure 1.1: Multiple robotic fishes using the localization system with trans-
mitters on the tail and a receiver structure in the front.

expensive when used in short-range [36].

On the other hand, optical light signals in the fluorescent light spectrum have a
larger bandwidth for ranges up to 10m as compared to radio or acoustic signals [42].
This, however, differs in different waters, with 450 nm being the least attenuated in
the open ocean, which shifts to 540 nm for dirtier waters [42]. These systems have
been demonstrated to work in the context of underwater communication. Still, they
experience signal multi-path, especially near the sea bed or surface [35] and are subject
to the water’s turbidity [4]. Light-based underwater systems can be a potential option
for underwater robots if they conform to the limitations such robots impose on the
system.

1.2 Challenges and Requirements

Underwater mobile robots need to operate in challenging environmental conditions
that impose certain system limitations on their communication and localization meth-
odology. Such robots, especially untethered ones, have a strict power budget due to
limited onboard battery. Conserving battery life is, thus, of great importance. An-
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other consideration is that such systems are often compact in size and have resource
constraints regarding space and computing. Since mobile underwater robots are typ-
ically 50-150 cm big, we need a system that can localize and communicate well within
a couple of meters. This should be possible in different water turbidity and visibility
conditions. The effects of the channel on marine life should also be considered, as
acoustic signals have the disadvantage of potentially harming marine life. In contrast,
optical and RF do not have known adverse effects on marine life [51].

Key requirements we elicit are therefore: 1 the system should be low power to
consume as little energy as possible; 2 be compact and space efficient while enabling
onboard robot-robot coordination, joint communication, and sensing should be per-
formed. This limits the number of different subsystems required in the robots. 3 it
must localize and communicate with other robots in 3D for a range of at least a few
meters to reach drones operating in the shared physical space. 4 we should only rely
on the constrained resources found in underwater robots of this scale, thus limiting
processing overhead, energy consumption, and additional weight. 5 the operational
environment should be independent of water quality and turbidity. This allows for a
more widespread applicability.

1.3 Our System

We introduce a system where simultaneous localization and communication are pos-
sible by using two blue 455 nm LEDs as transmitters in combination with a specially
designed photodiode (PD) array structure as receiver on each AUV. This is depic-
ted in Fig. 5.1. An advantage of using optical light communication would be the
reduced power consumption on smaller distances due to the availability of efficient
and compact optical devices [32].

1.3.1 LED based implicit localization, explicit communica-
tion

We place two blue LEDs vertically on the underwater robot. By knowing the separ-
ation of the LEDs and their angles relative to a distant observer, we can estimate a
robot’s 3D location[13]. The angles are inferred using the Received Signal Strength
Ratio (RSSR), eliminating the need for extensive calibration. This is required in other
methods like distance estimation using RSS, which uses signal strength to characterize
link attenuation. In our case, different waters with different scatter and absorption
rates can be used with the same system. The two vertical LEDs are placed on the
tail of each AUV and act as transmitters for both localization and communication.
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1.3.2 Photodiode-based inferencing

Instead of cameras to deduce the location of the LEDs like other works in literature,
we use a three-photodiode array structure with an angular separation between the
diodes [49]. This method might be less accurate than a camera, but it can infer the
location an order of magnitude faster while requiring less energy to do so [14]. This
high-speed inferencing allows us to encode data effectively using the LEDs as optical
transmitters and establish a communication channel on top of localization. For the
PDs, the OPT101 module is used [30]. We use different frequencies for each LED
to enable the receiver system to distinguish them. Additionally, our system allows
for Frequency Shift Keying (FSK) or other optical OFDM-based modulation schemes
to be used in conjunction. This facilitates explicit communication over the same
channel. Our system requires a Line Of Sight (LOS) between the observer and the
robot. This LOS is not expected to break often for an underwater robotic swarm. A
Kalman filter can also be used to update the swarm robots’ positions accurately.
We summarize the key contributions as follows:

(1) Theoretical Modelling of the optical channel between an LED and PD, in-
cluding the effect of the receiver’s physics and the channel’s length, i.e., the distance
between the transmitter and receiver. The angles of a blue LED pair on a tail can
then be used to find the 3D relative position of that tail, illustrated in Chapter 3;
(2) A novel localization system design that aims to provide a low power, low
complexity localization method for underwater robots with a provision for joint com-
munication and localization using a training free learning algorithm, discussed in
Chapter 5;
(3) Experimental dataset building upon the first two contributions, provides ex-
tensive characterization of the localization system, described in Chapter 6, along with
a discussion of adapting it for different types of underwater conditions in Chapter 7.
Our system can localize objects at 100Hz rate with an MAE of 3.2 cm at 32 cm at

high confidence levels and is designed to operate up to a distance of 1meter robot-
robot separation. It takes 237mW to operate. The system is implemented for the
open-source bio-inspired fish robot OpenFish [12], augmenting it with localization
and communication possibilities to enable swarming behaviour. However, it finds
applicability in a wide range of AUVs.
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Chapter 2

Related work

Our work touches upon several interrelated areas. We briefly survey relevant works
below. Although there is significant prior work on underwater communication and
messaging using both acoustic [20, 43] and optical modalities [3, 52], we focus primar-
ily on underwater localization.

2.1 Underwater 3D localization

There exists great interest in tracking both static sensors and mobile robots under-
water [29, 48, 21]. One well-researched area is to use acoustic pressure waves from
floating buoys that act as anchors to estimate location using time of arrival [16], time
difference of arrival [19], angle of arrival [28] or received signal strength [37]. These
leverage acoustic pulse waves to perform ultra short baseline [41] and long baseline
positioning [47]. Such methods can estimate both distances and angles but leverage
existing infrastructure, are often power hungry and large sized, which limits their
deploy-ability, especially for resource-constrained mobile robots [47].

2.2 Tracking underwater mobile targets

Different anchor-based methods that aim to create an underwater GPS have been
explored for tracking smaller mobile targets inside water. Some methods use hydro-
phone beaconing devices on the water surface to communicate and locate underwater
divers [31, 9]. In contrast, another uses the divers’ smart watches for relative local-
ization by combining acoustic signals with pairwise equation solving [18]. Another
work that proposes the use of an underwater pinging device requires a high-precision
GPS synchronized clock [5]. Surface buoys themselves have also been augmented with
GPS to provide tracking inside water [6].
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Other methods focusing on underwater autonomous vehicles estimate position
based on time of arrival measurements [16] or using specialized directional beacons [33].
These are not well suited for low-power, small-sized robots and often require a separ-
ate communication system. Another approach involves using underwater backscatter
to enable battery-free nodes. However, they only give 1-dimensional positioning [24].

2.3 Visible light localization

Researchers have found that sound-based acoustic positioning systems can have a
detrimental and hazardous impact on marine and amphibious life [40, 23]. Further,
acoustic localization can be very effective for long distances. Still, for smaller dis-
tances, they are inadequate, especially in the purview of the safety of the mobile
systems, which requires higher accuracy and update rates [15]. These reasons, com-
bined with the high bandwidth communication that underwater visible light-based
systems offer [7], make such systems an attractive alternative to acoustic-based ones
for swarm topologies.
We know from the vast body of literature that complex 3D swarming behaviour

in nature stems from making visual observations of nearby neighbours without any
explicit communication [13]. A well-established underwater visible light localization
approach is, thus, to use cameras with LEDs acting as active markers. Such systems
can track multiple simultaneous robots with high accuracy and speed at short dis-
tances [15]. These computer vision systems are relatively power-hungry and provide
extremely slow tracking refresh rates in the order of a few Hz.
Unlike cameras, photodiode (PD) based systems can enable rapid robot localization

and simultaneous communication. This has been well tried on land with different PD
structures [26]. Different indoor methods have used different physical parameters to
extract localization information from LED light signals and multi-directional PDs [45,
46, 50]. In particular, PD-based indoor visible light communication systems use RSS
for 3D localization [49] and have not been explored for underwater localization. Our
system provides a method of implementing 3D localization utilising an array of multi-
directional photodiodes that can localize underwater robots even in varying water
visibility conditions.
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Chapter 3

Modelling Visible Light Links

We explain here the theoretical background of our work and build the foundation
that guides us in our design choices for the localization system. We model the optical
channel between an LED and PD using the physics behind light propagation. This
enables us to create a database of RSSR values between the different PDs for a
given LED distance and orientation. This can be used to contrast and compare the
experimentally measured received power. Such a database can thus be used to deduce
the relative direction of the transmitting LED.

3.1 Channel Configuration

The system considers a blue LED pair mounted on a robotic fish’s tail (which can
be generalized to the rear) as the transmitter. All coordinates are referenced to the
centre point of the photodiode receiver structure, with each PD having its own optical
filter. The possible blue LED locations and the three photodiode vectors are depicted
in Fig. 3.1 for a 300mm horizontal distance. For a known distance, by calculating
the orientation angle of the pair of LEDs, we can find the relative 3D position of the
transmitter.
The model is derived using the physics of the PDs, their position and the channel

length, i.e., the distance between the transmitter and receiver. The following equation
shows the received power of a blue LED with LOS at each PD:

Pr,i,j = C ·Gr(θi,j) ·Gt(λi,j) ·
Pt,j

4π(di,j)
2 . (3.1)

Here, each PD is denoted with i (∀i ∈ {A,B,C}), and each LED with j (∀j ∈
{1, 2, ..., N}) for an even number of N . Every fishtail will have two LEDs, as explained
in Section 5.2. For this, we denote f (∀f ∈ {1, 2, ..., N/2}), where each f would have
a ft and fb to indicate the top and bottom LED respectively.
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Figure 3.1: Coordinate system modelled with LEDs at a horizontal distance
of 300 mm.

Pr,i,j stands for the received light power at the PD with index i coming from the
LED with index j. C is a constant factor of attenuation of the glass filter, assumed to
be the same for all PDs. Gr is the gain at the diode dependent on angle θ. θi,j is the
angle of the light ray coming from LED j to PD i, compared to the normal vector of
the PD i. Gt is the gain factor of the LED transmitter. This term depends on λi,j, the
angle that the light ray from j to i has compared to the normal vector of the LED j.
Pt,j is the transmitted power by LED j. The last variable is the distance between PD
i and LED j. It is important to note that these gains also depend on the wavelength
of the transmitted light. However, we only consider blue 455 nm wavelength light
and, thus, have not included that factor in these equations.

3.2 PD Receiver Physics

For the PDs, the angle over which the light is coming from, with respect to the length
or width of the die, has a different response due to diffraction and scattering in the
package (see Fig. 3.2). In practice, this difference was negligible when measuring
over both angles. The response was measured in air and fitted to the model with a
third-order polynomial. This is the only calibration step required for our method.
To calculate angle θi,j, the vector ri,j between the LED j and PD i is calculated

with:

ri,j = vj − vi. (3.2)
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Figure 3.2: Relative response curve with varying incident light angle of the
OPT101 [30]

Where:

ri,j =

ri,j,xri,j,y
ri,j,z

 is the vector from the LED j towards PD i,

vj =

vj,x

vj,y

vj,z

 is the vector from origin towards LED j,

vi =

vi,x

vi,y

vi,z

 is the vector from origin towards PD i.

The resulting vector is then used to calculate the angle between the light ray falling
in PD i and the direction the PD faces:

θi,j = arccos

(
di · ri,j
∥ri,j∥

)
. (3.3)

Here, di is the unit vector in the direction that the PD is facing. Finally, for the dij
element of Eq. (3.1), ∥ri,j∥ is used.

3.2.1 Angle Estimation Using Multiple PDs

We take the ratio of the received powers between two PDs for the same LED. This is
converted then converted to a logarithmic scale. We term this RSSR as ∆AB,j for the
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Figure 3.3: ∆ for a pair of photodiodes with varying angle difference between
them in 2D space (Eq. (3.5)).

ratio between two PDs PDA and PDB for LED j. This can be seen in the following
equation for all PD combinations:

∆i,k,j = log(Pr,i,j)− log(Pr,k,j)

= log

(
Gr(θi,j)

Gr(θk,j)

)
+ log

(
Gt(λi,j)

Gt(λk,j)

)
+ log

(
d2i,j
d2k,j

)
∀(i, k) ∈ {(A,B), (A,C), (B,C)}.

(3.4)

Due to the small distance between each PD, λi,j can be approximated to be equal
to λk,j. Also, dk,j can be approximated to be equal to di,j since the difference in
distance between the PDs is negligible compared to the total distance to the LED.
This reduces the equation to:

∆i,k,j = log(Pr,i,j)− log(Pr,k,j) = log

(
Gr(θi,j)

Gr(θk,j)

)
. (3.5)

The way the PDs are oriented in the receiver structure is critical. By changing
the angle difference between the PDs with respect to each other, we can change the
response derived from Eq. (3.5). This is demonstrated in Fig. 3.3 for a 2D space,
assuming the PDs are in the same physical space, and only the tilt is different. By
adjusting this relative orientation of the PDs, we can affect the total Field Of View
(FOV) that the receiver captures. The FOV seen in the Fig. 3.3 can be approximated
with:

FOV = 180◦ − arccos (di · dk) . (3.6)

where the arccos term is the angle difference of the direction vectors between a PD
pair. For the three PDs, the usable part between the three PD pairs will be only the
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overlapping part between the FOV of each pair, resulting in a smaller FOV. Moreover,
the FOV will be smaller when the PDs are separated from each other, in cases where
the light source is relatively close by.
This highlights an important trade-off between having a larger FOV or a higher

gradient in the received power of the transmitter LED. A steeper change in incoming
light power would give a greater ∆ (RSSR) value, making it more robust to noise.
Especially for small angle differences in Fig. 3.3, the gradient of the log of the division
does not vary significantly at the centre of the graph.
∆ is currently defined as a power ratio in bel (B), so for visualization purposes we

convert this to dB with 10 ·∆. The result of the RSSR in dB for the three PDs with a
35-degree tilt with respect to the receiver’s normal vector (as seen in Fig. 3.1) can be
found in Fig. 3.5. The values -4, -2 and -6 dB are highlighted in the graphs (a), (b),
and (c) respectively. This indicates what the input could be at the PDs. Do note that
in practice, these values can have a shift in the dB values, and not all scenarios will
have 0 dB as the strongest signal. This is subject to the separation distance of the
LEDs from the receiver, amongst other factors. Also, note that all values only until
-12 dB are shown for readability. Lower received powers than -12 are not excluded by
the system in the application.
The yaw and pitch offset shown on the axes of the graphs represent the transmitter

angles as indicated in Fig. 3.4. These are calculated with:

θy,j = sin−1

(
vj,x

∥vj,x,y∥

)
. (3.7)

The pitch is calculated with:

θp,j = tan−1

(
vj,z

∥vj,x,y∥

)
. (3.8)

In these two equations, θy,j stands for the yaw offset and θp,j for the pitch offset.
While the graphs in Fig. 3.5 show the variation of the received power in individual

PDs, the result of their combination is shown in the plots of Fig. 3.6b. This is done
by subtracting the different PD ∆ found using Eq. (3.5). The resultant values from
each PD pair are then mapped on top of each other in the same plot. The red lines
indicate a specific highlighted value of ∆ for each PD pair that is meant to represent
a specific measured value found experimentally.
We can see from Fig. 3.6b that only one unique yaw and pitch offset combination

exists when comparing the measured values from the three PD pairs (AB, AC and
BC). This is represented by the intersecting point of the three red lines. Note that
although only using two diode pairs is already sufficient to arrive at a unique yaw,
pitch coordinate; including a third one adds more robustness to where the intersection
should be.
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Figure 3.4: Side and top view showing pitch and yaw offsets of an under-
water robot with respect to a distant observer.

3.3 Distance & 3D Position Estimation

Once the 2D orientation of both the top and bottom LEDs has been found (ft and
fb), the horizontal distance to the LEDs can be estimated. This would correspond
to the Y-axis length between the receiver and the transmitter in Fig. 3.4. Using the
knowledge of the LED placement, we can calculate this distance using:

∥vf.t,z − vf.b,z∥ = (tan(θp,f.t) + tan(−θp,f.b))

· ∥vj,x,y∥.
(3.9)

(a) Photodiode A with
highlighted value -4.

(b) Photodiode B with
highlighted value -2.

(c) Photodiode C with
highlighted value -6.

Figure 3.5: Received power for all PDs for all yaw and pitch offsets at a
distance of 30 cm. The vertical ticks and colour bar values are shared.
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(a) At 15 cm. (b) At 30 cm. (c) At 150 cm.

Figure 3.6: RSSR ∆ plots for each diode pair AB, AC and BC with different
horizontal LED-receiver distances. The vertical ticks and colour bar values
are shared.

Here, ∥vj,x,y∥ represents the horizontal distance between the receiver and LED, and
∥vf.t,z − vf.b,z∥ is the vertical distance between the two LEDs on a robot (tail). We
can rewrite this equation to find the horizontal distance of the tail:

∥vj,x,y∥ =
∥vf.t,z − vf.b,z∥

tan(θp,f.t) + tan(−θp,f.b)
. (3.10)

From Fig. 3.6, we see that the ∆ plots depend highly on the distance between the
LEDs and the receiver. This is due to the resultant vector as seen in Eq. (3.2). If
the PDs were located in the same physical 3D space, it would result in ri,j = vj,
and the ratio plot would only depend on the direction vector of the PDs. Since
this is not the case, the following problem arises: We need to know the horizontal
separation between the LEDs and receiver to generate the ∆ plots. However, the
horizontal distance calculation needs the ∆ plots to find the angles relative to the
top and bottom LEDs. This is solved using an algorithm described in Algorithm 1.
Here, a subtraction pair A-B would mean that the logarithmic output from diode B
is subtracted from diode A; distance stands for the horizontal distance between the
receiver and the transmitter. In brief, the algorithm first uses an initial distance to
generate the plot, we label this db distance; then, the resulting LED angles are used
to estimate the distance, and a new distance estimate is found. This is then used to
create a new plot with a db distance that is closer to the estimated distance. This is
iterated until the computed distance is close enough to db distance. This scanning
for the right distance is an operation that would only occur when the system has no
previously known estimate of the LEDs and is scanning for them for the first time or
when the LEDs are very close.
As an illustrative example, consider the LED to be 300mm away. If the system

starts by assuming the distance to be 1500mm and generates the ∆ plot to estimate
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the angles, the estimated θp,f.b and θp,f.t will be further apart from each other than
reality. Using these plots, the algorithm will try a distance that is even closer than
300m. However, we can see that the error reduces with each iteration, making the
problem convex.
To determine the absolute 3D position, the estimated values from the localization

algorithm are used in:

vf.b,x = ∥vf.b,x,y∥ · sin(θp,f.b) · cos(θy,f.b).
vf.b,y = ∥vf.b,x,y∥ · sin(θp,f.b) · sin(θy,f.b).
vf.b,z = ∥vf.b,x,y∥ · cos(θp,f.b).

(3.11)

Here, ∥vf.b,x,y∥ represent the horizontal estimated distance from the fishtail. Fur-
thermore, the bottom LED is used as the reference point for the location of the fish,
which is why θp,f.b is used.

3.4 Classifying Confidence Levels

As seen in Fig. 3.6, the overlapping area between the diode pairs depends on the
LED’s horizontal distance from the receiver. Furthermore, both the top and bottom
LEDs of a fishtail need to be in the overlapping area which essentially defines the FOV.
Even within this area, the values towards the edges are inferred with more error as
they have a low SNR with the weakest received power signal for one of the PDs.
This is why we introduce a ”Strength” label. In Fig. 3.7, the strength of all possible
LED locations at a horizontal distance of 300mm is displayed. This is calculated
with Eq. (3.12), where Pmax S represents the highest power value that is expected to
be measured for 10 · log (Pr,i,j). The strength value can then indicate how confident
a measurement is, with a numerical value between 0 and 1. This value would, for
example, also be weaker when the scattering rate is very high, or the the LED is
very far away. For a distance measurement, the minimum of the strength readings
of the top and bottom LEDs is taken as the strength for that distance estimation.
Since the distance will weaken the RSSR in an exponentially decaying relationship,
the strength label will decrease linearly for the strongest signal received at a greater
distance. This can be reduced to Eq. (3.13), where Pmax S can be adapted to make c
equal to 1, and x is dependent on the medium.

min
i∈{A,B,C}

{
10 · log (Pr,i,j)

10 · log (Pmax S)

}
(3.12)

S = x · d+ c (3.13)
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Algorithm 1: Localization Algorithm

Data: Pr,meas,i,f.t ,Pr,meas,i,f.b (∀i ∈ {A,B,C})
Result: ∥vj,x,y∥, θy,f.b, θp,f.b

1 Initialize db distance to 50cm;
2 Compute

10 · log
(
Pr,meas,i,f.t

Pr,meas,k,f.t

)
,

10 · log
(
Pr,meas,i,f.b

Pr,meas,k,f.b

)
∀(i, k) ∈ {(A,B), (A,C), (B,C)}

;
3 while True do
4 Compute using db distance

10 · log
(
Gr(θi,j)

Gr(θk,j)

)
∀(i, k) ∈ {(A,B), (A,C), (B,C)}

;
5 total diff =

∑
(i,k) |Line 2 - Line 4|;

6 least diff = min(total diff for f.t and f.b);
7 if least diff f.t & f.b ≤ 0.25 then
8 Extract θy,f.b, θp,f.b from Line 4 using index of least diff;
9 Calculate distance using Eq. (3.10);

10 if |distance - db distance| ≤ 5 cm then
11 STORE distance, θy,f.b, θp,f.b;
12 END;

13 else
14 db distance += 1

2
(distance - db distance)

15 else
16 Outside of FOV, discard measurement;
17 END;
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Figure 3.7: Confidence value of the system for the bottom LED placed
300mm away.
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Chapter 4

Intermediate Steps

In this chapter, the steps until the final localization system are described. First, a
static LED with no modulation whatsoever was measured by the OPT101 module
without ambient light, with varying the angle of the OPT101 and of the LED by the
usage of steppers. The steppers with the LED and OPT101 attached can be seen in
Fig. 4.1. To drive the steppers, the stepper driver chip a4988 was used. This would
be connected to its separate 12V supply line and be controlled by the Teensy. The
Teensy would additionally also sample the signals from the OPT101 photodiodes at
the frequency of 40kHz.

Figure 4.1: Testing the response by
varying angles at fixed distances.

Figure 4.2: Testing different PD re-
ceiver structures.

Next, different structures were tested to see the response, while trying to put the
OPT101 diodes closer together. A capture of this is shown in Fig. 4.2.
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To test the 2D angles, custom GCODE was sent to a Prusa MK3S 3D printer.
With the LED in attached to the printer head, and the receiver structure in a fixed
position. This is shown in Fig. 4.3.

Figure 4.3: The MK3S 3D printer
with the LED in front of the receiver
structure.

Figure 4.4: The OpenBuilds system,
assembled.

To test both the 2D angles and distance, the OpenBuilds Acro 1515 was used. This
is a 2D linear positioning system oftentimes used for tasks as engraving or milling.
The build can be seen in Fig. 4.4. Here, the LED is attached to the head of the Acro
1515, and the receiver structure to the left of the build can turn around its own axis,
simulating its yaw offset.
Then, to be able to tell apart different LED beacons, the application of different

frequencies was applied on each LED. This result carried over well to the OPT101,
and the Goertzel algorithm was implemented in the Teensy to get power components
of those frequencies. The FFT of the signal is shown in Fig. 4.5.

Figure 4.5: Two LEDs on the oscilloscope, showing its FFT.

18



Figure 4.6: The photodiode ep-
oxied for its waterproofness.

The receiver structure was then poured in
epoxy to waterproof the setup. Also, the LED
has been made waterproof. Since the package of
the OPT101 itself is already waterproof on the
top, there was no need to cover the sensor part
and alter the response. The epoxied photodiodes
can be seen in Fig. 4.6 and the setup in the water
in Fig. 4.7b.

(a) Side view (b) Angled view.

Figure 4.7: The waterproofed setup in a bucket of water.

To create a more robust setup, a custom PCB was placed for both the LED driving
circuit, as well as the stepper actuation and PD readout with the Teensy. The latter
can be seen in Fig. 4.8.

Figure 4.8: The custom PCB with the Teensy, stepper drivers and connector
interface.

The Arducam OV5647 [1] was connected to a Raspberry Pi 4 for the possibility of
testing the angles in an uncontrolled setup. Image tracking using OpenCV was then
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applied to find the angles towards the LEDs. The output of this, with the reflections,
can be seen in Fig. 4.9.

Figure 4.9: The camera output, processed through OpenCV.

The receiver structure was also updated to place in blue glass filters, to get more
robustness to the ambient light and not saturate the PD. The updated structure can
be seen in Fig. 4.10.

Figure 4.10: Receiver structure with optical glass filters.

As for the theoretical model, it was directly modelled but included all components
of Eq. (3.4). This was done to test if the transmitter profile is indeed negligible with
the distances that the setup would have.
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Figure 5.1: Our localization system used in the OpenFish robots to augment
them with joint localization and communication capabilities.

Chapter 5

Localization System Design

5.1 Underwater Mobile Robotic Fishes

The localization system requires two blue 455 nm LEDs that constitute the trans-
mitter to be placed on every underwater robot. If using a robotic fish-styled AUV,
this would be placing one on each end of the tail. Additionally, a photodiode receiver
structure is placed in front of the body of the AUV. This is depicted in Fig. 5.1. Every
LED communicates with the receiver using a different ON-OFF frequency that the
receiver uses to tell them apart. Using the method system described in Section 3.2.1,
the receiver can tell which direction each LED is in. Combining the directions of two
LED beacons that correspond to the same AUV with a known length of the tail (or
vertical separation of the LEDs), the receiver can calculate the position of the target
AUV in 3D.

The underwater mobile robot used in this work is based on the open-source soft
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Figure 5.2: Variation of Illuminance of one transmitter LED with distance.

robotic fish - OpenFish design [12]. This bio-inspired robot is specially optimized for
higher speed and efficiency. It features a DC motor that drives a soft tail segment
accurately mimicking the thunniform swimming mode of real fish. Such robotic fishes
are more advantageous than rotor-based AUVs as they do not create disturbing vi-
brations in the water, actively suck in objects or wildlife into the propeller and have
higher power efficiency [8]. The higher speed and small size of these robots make
them an ideal system that benefits from the features of our localization system.

5.2 Transmitter Design

Two mono-colour LEDs are used for the transmitters, with a half-intensity beam
width of 125 degrees [22]. Its blue light has a wavelength of 455 nm, chosen for its
high propagation through the water compared to other colours in clear water [42].
The transmitters are placed 19 cm vertically apart in the setup, the same distance
as the length of the OpenFish tail. Placing the two LEDs apart makes it possible
to triangulate the distance towards the tail if the direction towards both LEDs is
known, as explained in Section 3.3. Due to the mechanics of the OpenFish, the tail
is always expected to be vertical, never skewed in any direction. The LEDs on the
tail will be oriented towards the back of the fish to keep the intensity highest towards
the following fish behind it. A forward current of 5.5mA is chosen, which clips the
signal at the receiver PDs only at distances of 1 cm or closer when no ambient light
is present. The Lux readings for the LED (in air) have been measured and are shown
in Fig. 5.2. Note that the LED has been transmitting with a 50% ON-OFF Keying
cycle. Different forward currents can, however, be chosen to create more Lumen at
the transmitter. The forward current against Lumen plot can be found in Fig. 5.3.
Different frequencies up to 1.8 kHz can be applied to perform ON-OFF Keying

of the LED using the microcontroller’s PWM output. This limit is imposed as a
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Figure 5.3: Variation of luminous flux with forward current for a 455 nm
ceramic waterclear LED [22].

consequence of the photodiode circuit described in Section 5.3. A frequency gap of at
least 50Hz is needed between the flashing frequencies of the two LEDs to distinguish
the signals at the receiver. This is also explained in Section 5.3. These different
frequencies help distinguish each LED uniquely and thus are used to deduce the
locations of the individual LEDs. Each fish robot uses LEDs to communicate its
uniquely assigned beacon through the ON-OFF Keying method. The circuit diagram
used to drive the LED can be found in Fig. 5.4.

5.3 Receiver Design

The receiver uses a tetrahedral-like 3-photodiode structure with each photodiode bent
inside. This is depicted in Fig. 5.6. This structure uses the difference of angles of
the PDs to deduce the individual locations of the LEDs, as explained in Chapter 3.
Using ∆ (RSSR) between each PD pair creates robustness to the medium that the
light travels through [49]. The ideal ratio stays the same irrespective of the scatter
and absorption rate of the medium, the only difference being in the noise level that is
present when the signal is weaker. Varying the tilt between the DPs creates a trade-
off between the FOV and the accuracy. A tilt of 35 degrees from the normal direction
vector of the receiver was chosen for each PD. This results in the angle difference of
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Figure 5.4: Transmitter circuit showing how the blue LED is driven using
a microcontroller PWM signal.

60 degrees between each PD pair in Fig. 3.3. This choice gives us a FOV of around
60 degrees at 15 cm and 95 degrees horizontally at ¿1m. The reasons for this design
choice are explained in Section 3.2. An optical blue glass filter is placed in front of
the diode to attenuate all other wavelengths of light and prevent full PD saturation
when the fish is closer to the surface or another light source.

The OPT101, a monolithic photodiode with an on-chip trans-impedance amplifier,
is used. It has a high responsivity, and the integrated combination of the photodiode
and trans-impedance amplifier on a single chip eliminates issues like leakage current
errors, noise pick-up, and gain peaking from stray capacitance. Its output voltage
increases linearly with light intensity [30]. It is put in a configuration of 10x ampli-
fication by placing an external resistor for the feedback loop, the schematic for which
can be found in Fig. 5.5. There is no possibility of fully saturating the PD with the
LED in this configuration, but the bandwidth of the PD becomes 1.8 kHz. This is
done to improve the SNR of the OPT101 since the responsivity increases linearly with
the resistance and the noise with the square root of the resistance. The output from
the three PDs is sampled at 40 kHz by a Teensy 3.2 micro-controller. The Goertzel
FFT algorithm is applied to scan for the specific frequencies tied to each LED using
bins of 400 samples. From this configuration, the bandwidth of the algorithm be-
comes 40000/400 = 100 Hz [17]. The Goertzel algorithm has been chosen due to its
lower computing complexity than full FFT algorithms since we are interested in only
a portion of all frequencies. The resulting power components of these frequencies are
then fed to the localization algorithm. The working of this functionality is explained
in Section 3.3.
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With the use of our algorithm, the relative 3D location of the other AUVs can
be deduced as long as there is LOS between them. The further the LEDs are, the
lower the SNR will be; this will translate to a more significant error and the need
for averaging. With the current configuration of 1.8 kHz bandwidth at the PD, the
system allows communication of additional data at this rate from each transmitter
LED.

Figure 5.5: Circuit schematic showing the OPT101 photodiode configura-
tion used in the receiver.

Figure 5.6: Our receiver structure with a 35-degree difference between each
PD’s direction vector(green, blue, red arrows) and the normal vector of
the structure (yellow arrow).

25



26



Chapter 6

Evaluation and Results

6.1 Experimental Setup

A controlled test rig was created to test the performance of the localization system.
The setup can be seen in Fig. 6.2. The fishtail and receiver are shown with half
opacity to demonstrate the possible elevating and yawing motions. With this setup,
all possible yaw and pitch offsets could be controlled. The stepper above the receiver
can rotate the aluminium rod around its axis to create a specific yaw offset. The
stepper above the fishtail can trolley up or down the fishtail, from which the desired
pitch offset can be obtained. On the fishtail, two LEDs are connected, one at the
top and one at the bottom, facing the receiver. The encasings of the steppers are
mounted on a wooden plank and can be moved to the needed positions to measure
at different distances. The wooden plank rests on the edges of a pool, and the rods
are partly submerged in the water. The receiver was 25 cm below the water’s surface.
Both steppers are actuated by a Teensy 3.2, which is also connected to the three
OPT101 PDs. The receiver structure can be seen in Fig. 6.1.

For collecting measurements, the Teensy can orient the receiver around its axis
in a sweeping motion for different elevations of the transmitter. The PD signals
are sampled at the Teensy and scanned for the power components corresponding to
the beacon frequency of the top and bottom LED of the fishtail. These values are
captured at different yaws, pitch offsets, and horizontal distances between the rod of
the receiver and the fishtail. The blue LEDs on the transmitter communicate their
ID using the beacon frequencies they have been assigned. This is controlled by an
Arduino Atmega 2560 with an independent battery supply. For the results shown
in Section 6.1.1, a sweep was done at the distances of 32, 34, 39, 59, 64, 87, and
99 cm. Due to the nature of the setup, limited elevation angles can be recorded at
larger distances. This is also expected in the fish swarm scenario, where the vertical
separation between fishes will not be extremely large.
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Figure 6.1: Fabricated photodiode receiver structure with one glass filter
removed (left) and the waterproofed OPT101 photodiode (right).

For the validation of the localization algorithm and the calculation of the estim-
ated fishtail location, underwater measurements were carried out in a 3m diameter
circular pool (Fig. 6.3). Most measurements were done without an overhead light.
Measurements carried out in the presence of ambient light showed that it did not
factor into the localization results. The setup in the water can be seen in Fig. 6.3,
where the murkiness of the water is clearly visible.

6.1.1 Effect of Multipath and Noise

A sweep according to the procedure in Section 6.1 was done for different distances
underwater. The received power for the distance of 32 cm for diode B is shown in
Fig. 6.4. Here, a vertical smear can be seen that is caused by signal multipath. To
test the algorithm’s validity, the overhanging test rig is placed in different locations
within the pool, which causes the system to experience different scenarios with the
multipath effect. A plot similar to Fig. 3.6 is created for each distance; the results for
32 and 64 cm are shown in Fig. 6.5 and Fig. 6.6, respectively. Besides the effects of
multipath highlighted in yellow in Fig. 6.5, the apparent effect of noise can be seen
in Fig. 6.6. The dots at the edges of the 12 dB threshold highlight this.

6.1.2 Localization Performance

The positioning error was calculated to determine the performance. This is the Euc-
lidian distance offset between the actual bottom of the fishtail and the estimated one
by the localization algorithm. This positioning error is categorized using an absolute
”Strength” confidence level (explained in Section 3.4) when all the received power
values are evaluated using the localization algorithm. The result for one of the dis-
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Figure 6.2: Controlled experimental setup used to vary pitch, yaw and dis-
tance between the receiver (green) and the transmitter (blue).

tances can be seen in Fig. 6.7. Note that the maximum error scale has been capped
at 30 cm, with some errors reaching 2.5meters. This is, however, in the region where
the confidence level is low, as seen in Fig. 6.8. Combining this, all measured inputs
can be used to estimate the position and used or discarded based on the confidence
level. The confidence level correlates very well to what is in the FOV and what is
not. But even within the strongest part of the confidence level, some error can be
seen in Fig. 6.7. This is partly due to the multipath effect but can also be attrib-
uted to the inaccuracies of the diode layout structure and its gain profile. Combining
the confidence level and the positioning error, CDF plots are made for three differ-
ent distances (Fig. 6.9). Here, it can be seen that the strength level can be used
to clearly distinguish performance, especially when the confidence drops below 0.55.
The measurements were also averaged, but only for far distances (like 98 cm). This
was beneficial as the received signals have a lower SNR at these distances. This can be
seen in Fig. 6.10, where the measurements were taken ten times and averaged before
using the localization algorithm. Using the confidence label, the measurements can
estimate the position of the fishtail with an Mean Absolute Error (MAE) of 3.1 cm
for the 32 cm distance and 39 cm for the 98 cm distance. This goes down to 29 cm for
the ten times averaged measurement.

To gain more insight into the bias of the error, the measurements from the different

29



Figure 6.3: Data collection and system evaluation were carried out in a 3m
wide indoor pool (top) using the submerged controlled test rig (below).

distances were aggregated and converted to the relative error. In Fig. 6.11, this
distribution of the relative distance error can be seen. Here, the distance error is
divided by the actual measurement distance. The strength confidence levels below
0.5 and above 0.9 did not have enough samples to be included. It can be clearly seen
that there is a bias, caused by the mismatch in the theory ∆ plot and the measurement
∆ plot.
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Figure 6.4: Received power in dB at
diode B when the bottom LED is at
32 cm distance.

Figure 6.5: ∆ plot for each diode
pair when the bottom LED is 32 cm
away from the receiver.

Figure 6.6: ∆ plot for each diode pair
when the bottom LED is 64 cm away
from the receiver.

Figure 6.7: Positioning error (in mm)
from the localization algorithm at
a transmitter-receiver distance of
32 cm.

Figure 6.8: Confidence levels of
the estimated locations using our
Strength metric when the trans-
mitter and receiver are at a dis-
tance of 32 cm.
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(a) At 32 cm (b) At 58 cm (c) At 98 cm

Figure 6.9: Cumulative Distribution Function (CDF) plot of positioning
error at different distances categorized by the strength confidence level
(S).

Figure 6.10: CDF plot of the
positioning error at 98 cm
when the signal is averaged
ten times categorized by the
strength confidence level (S).

Figure 6.11: Density distribution of Relat-
ive Error (RE).

6.2 Strength

The Strength label would indicate when the LEDs from the fishtail are being received
the strongest; thus, the receiver would be pointing as close as possible to the fishtail.
This confidence level follows a logarithmic relationship to the received power, as seen
in Eq. (3.12). This signal’s exponential decay in water becomes linear for the strength
confidence level. From all the distances measured, this resulted in the linear equation
S = −0.0039d + 1, with S being the strength level and d is the distance in cm.
This equation has been fitted to intersect (0, 1) by adapting the Pmax S value from
Eq. (3.12). This fit had a coefficient of determination (R2) of 0.9976.
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Table 6.1: Power consumption of system components

System
Components

Power
per

Device
(mW)

No.
of

Devices

Total
Power
(mW)

LED circuit 18.8 2 37.6
OPT1010 photodiode 0.60 3 1.8
Arduino microcontroller 396 1 396
Teensy microcontroller 198 1 198

6.3 Power Consumption

The current consumption was measured for the transmitted (LED) and receiver (PD),
the Arduino driving the transmitter, and the Teensy driving the receiver. The result-
ing power consumption is summarized in Table 6.1. The Arduino has been chosen for
the test rig only; in the application, a single Teensy in an AUV would be connected
to both the LEDs and the PDs. Note that the LED circuit and PD are only for one
of each; the expected added power consumption would be 237mW per AUV, which
is still an order of magnitude lower than camera-based systems.
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Chapter 7

Discussion

We presented our solution to underwater localisation for a swarm of small resource-
constrained AUVs. Here, we discuss the applicability of the system and the points of
possible improvement.

7.1 Environments

The OPT101 diode that the localisation system uses was measured outside water
to characterise its fabrication parameters and incorporate them into the theoretical
model. The estimated positioning accuracy of the system in dirty turbid water is
found to be sufficiently high for it to be used in a feedback control loop with a
Kalman filter to enable swarming behaviour. The system can be used in waters with
different values of scattering and absorption rates by using only the signal strength.
This can be done without any calibration and without a drop in accuracy. If the fish
is used in even dirtier waters, the LED output intensity can tuned to be higher to
increase the received strength received at the diodes. This will effectively increase
the c constant in Eq. (3.13), creating a larger range where the receiver can follow the
transmitting fish when pointed towards it. The blue glass optical filters ensure that
the values at the diodes are not saturated in the presence of ambient light.

7.2 Applicability

This system can be applied to all robots that need inexpensive or high-speed short-
range tracking within LOS for swarm behaviour. The absence of audio frequencies
makes it possible to observe sea life without disturbing marine life affected by those
frequencies. By using these high-frequency light signals, communication can also be
combined in the same localisation channel. This way, the AUVs can also be used as
high-speed communication links with a base station on shore. The most important
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feature is that no calibration is needed for different mediums, with the system being
immune to water turbidity and working in dirtier and clearer waters. If the expected
medium is predominantly muddier waters, the blue LEDs can be swapped for green
ones, which have less absorption for more shallow surfaces with dirty waters. Nothing
would have to be changed then except for the optical filter and the transmitting LEDs.

7.3 Improving Communication

Currently, the system extracts the power components of different frequencies to know
which LED beacon is received. This can directly work with On-Off-Keying (OOK),
where the power component of that frequency would be affected in all PDs, keeping
the RSSR the same. However, this means that every LED would need a different
frequency with a frequency gap of 50Hz as explained in Section 5.3. A higher spectral
efficiency can be achieved by using OFDM. A guard interval could be added to counter
intersymbol interference (ISI) caused by the multipath effect. Also, the OPT101 can
be made into a configuration with higher bandwidth at the cost of increased noise.
This would enable the LED frequencies to be driven up to 58 kHz to achieve double
the data rate (since every AUV will have two transmitting LEDs). However, then
the system’s sampling rate would also need to be adjusted appropriately to prevent
aliasing.

7.4 Improving Localization

A 2D gain profile for each diode can be added to improve the localisation further.
This will account for minor variations in the diodes that arise due to each diode’s
manufacturing process and can affect the diode’s response to light rays hitting the
die at varying angles. These rays have different scattering and refraction within the
rectangular package. Power cycling or creating a standard higher LED intensity would
also increase the SNR. In that case, the feedback loop gain should be adjusted, or
a higher voltage range should be given to the OPT101 to prevent full saturation at
close distances. A higher-quality optical glass filter can be used to reduce power loss
at the blue wavelength. This filter could also be omitted if ambient light saturation is
not to be expected. Although challenging, placing the PDs closer together could also
be beneficial by reducing the small effect of the neglected components in Eq. (3.4).
Also, information could be obtained even when the LED rays are only hitting one
PD pair. Even though the position cannot be deduced, the area from which the LED
rays originate can be calculated.

Another thing that could be done is to create an even higher tilt between the PDs at
the cost of FOV, as explained in Section 3.2.1. The structure could be repeated over
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the UAV as a more costly solution to regain the FOV. Although very challenging, the
LED’s power could be conserved by signalling to the other AUVs when localisation
or communication is required. The AUV receiving these signals could then transmit
its location towards the fish that requested it by having multiple LEDs but only
activating the ones directed towards that specific AUV.
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Chapter 8

Future Work and Conclusion

8.1 Future work

For future steps. A lot can be done with the past groundwork laid out. A full
360 degrees FOV can be made on the actual moving OpenFish with optionally higher
accuracy by putting more receiver structures with a higher angle difference. A Kalman
filter can be applied on the localization data and optionally be integrated with IMU
data to extract speed and other data from the other UAVs. Besides this, the high
bandwidth communication needs to be implemented in the same optical channel to
evaluate its bit error rate (BER). Another improvement could be placing the diodes
even closer by using a custom flexible PCB. This could eliminate even more the effects
from the transmitter profile, and also reduce the amount of operations of finding the
right distance. The latter would be the case because the plots at different distances
of Fig. 3.6 would look more similar to one another.

8.2 Conclusion

We created a model for using AOA together with RSS, where the diodes do not neces-
sarily need to be placed as close as possible to one another. This is done by the usage
of finding the right distance iteratively by scanning the two vertical LEDs on each
fishtail. We have established an optical localization link with multiple transmitters,
with the possibility of extracting more information such as explicit but also implicit
communication, due to the high speed of the optical link.
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