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Abstract. Swarm robotics is a decentralised mechanism used to coor-
dinate a large group of simple robots. An exploration task means fully
scanning an unknown area using a large number of robotic swarms. It
has great potential for use in many real-world applications, such as mon-
itoring extreme environments. Although there are many research studies
on swarm exploration, the real-world scenarios of the swarm algorithm
have not been fully investigated. This paper proposes a new application
scenario for swarm exploration to monitor nuclear waste storage facili-
ties. To coordinate the robotic swarm, the active elastic sheet model was
utilised, which is a bio-inspired collective motion mechanism. We imple-
mented the exploration scenario in a wet storage facility using a swarm
of low-cost autonomous micro-surface robots, Bubbles. We developed a
realistic kinematic model of the Bubble platform and implemented the
exploration scenario using large swarm sizes. This paper showed the fea-
sibility of using a low-cost robotic platform for this new application,
although the accuracy of the path planning was not very high.

Keywords: Swarm robotics · Exploration · Collective motion ·
Extreme environments

1 Introduction

In a nuclear power station, the wastes are stored in a pool of water called the
spent fuel pond. The waste is packed in special rods and placed inside the spent
fuel ponds (shown at the bottom of the pond in Fig. 1). Special underwater cam-
era systems are used to check the nuclear waste’s storage condition, position, and
quantity. Every year International Atomic Energy Agency (IAEA) spends huge
costs (over £25 million [1]) and efforts to inspect fuel waste storage using the
manual IAEA DCM-14 camera [2]. The underwater camera, which is called the
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Fig. 1. “Big vision” of the proposed exploration system. A swarm of micro-surface
robots, Bubbles, are visually inspecting an underwater storage facility to generate a
panoramic image by stitching 100 images received from a swarm of bubbles at the
various position of the pond.

Underwater Television (UWTV) system, checks the condition of waste fuel. It
is a time-consuming and repetitive task to check the condition of the spent fuel
pond regularly. Therefore, robotising the inspection task is a more economical
choice. In this case, robots with special sensory systems are needed to carry
out the inspection task. There are several robotic platforms developed for the
inspection of nuclear storage facilities. As an example, for dry storage facili-
ties, Cheah et al. [3] proposed a re-configurable robotic platform that crosses
a small access point and inspects an extreme environment. Another example
of robotic solutions for the extreme environment was proposed in [4], where a
robotic solution was utilised to clean up decommissioning sites. In the case of
underwater storage facilities, several robotic solutions were developed [5–8]. For
example, MallARD [8] is a unique autonomous surface vehicle (ASV) developed
for IAEA inspection tasks. Although the aforementioned systems were developed
for robotising inspection tasks, they use a single robot. In the case of a large and
unknown environment, the reliability of a single robot is a problem. Therefore,
multiple robots need to be deployed.

Swarm robotics [9] is a bio-inspired mechanism that controls a large number
of robots working at the same time. It is based on the collective behaviours of
social animals like honeybees or birds [10]. Each of these animals does not have
high intelligence, but working as a group could solve complex tasks like foraging
and aggregation. When this technology is used in the robotic area, it could be
simulated as each robot have some simple logic like following the robot in front.
When a large number of robots work together, they can do more, better and
faster than a single one of them. To control and coordinate a large number of
robots, the related swarm algorithm is needed. Schmickl et al. [11] developed
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the BEECLUST aggregation mechanism which is a bio-inspired robotic algo-
rithm based on the honeybees’ thermotaxis. The robots can achieve an aggrega-
tion without prior knowledge with a little computational effort in the individual
robot. There are various bio-inspired swarm behaviours, i.e. flocking, aggrega-
tion, exploration, collective transportation, etc., which have been successfully
implemented by robots.

We need to have a low-cost and efficient coordination mechanism to overcome
the exploration task in a nuclear storage facility. Collective Motion (CM) is one of
the most common swarm behaviours that can be used in real-world applications.
Ferrante et al. [12] introduced a new CM model based on the Active Elastic Sheet
(AES) model. The idea of this algorithm is to place virtual springs between
adjacent robots. The distance and angular difference between robots will apply
repulsive and attractive force to each agent. This model allows a group of robots
to stay in alignment and achieve collective motion. Raoufi et al. [13] adapted
the AES model and optimised the model parameters, which are one step ahead
toward the real-world application of the AES model. To implement linear and
angular motions, a hundred robots were lined up on a 10× 10 square. The result
showed that the modification and the optimisation of the model improve the
performance of the AES model.

There are many real-world studies on the application of multi-agent
unmanned surface vehicles (USVs) [14–16]. Those studies proposed decentralised
multi-agent control systems in complex ocean environments. However, they are
not suitable for inspection of nuclear storage facilities due to their limited size
and surrounding walls. Also, the robots must be able to understand their posi-
tions and orientations with high bandwidth communications, which are not avail-
able for large swarms of low-cost robots.

This paper proposed a novel method for inspecting underwater storage facil-
ities using a swarm of the low-cost autonomous micro-surface robot (AMSR)
(shown in Fig. 1). We first developed a new model of the AMSR, including drag
force and shear stress. In terms of collective motion, the AES model was adapted
to achieve the configuration of a large number of robots, up to 900. The results
showed that the inverse rotational damping coefficient value, population of con-
figuration and shape of configuration significantly affect the system’s behaviour.

The proposed concept of swarm inspection can be deployed in real-world
storage facilities to decrease the cost of inspection and generate a full pond
image with a high frequency (1 image per 10 min) which is currently impossible
to have due to the manual inspection method.

2 Collective Motion Mechanism

The CM mechanism used in this study is based on AES model [12]. The model is
applied to multiple robots moving in a two-dimensional environment, the surface
of the water. The linear velocity −̇→x i and angular velocity θ̇i of each robot i are
calculated by the following equations:
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−̇→x i = v0n̂i + α[(
−→
F i + Dr ξ̂r) · n̂i]n̂i , (1)

θ̇i = β[(
−→
F i + Dr ξ̂r) · n̂⊥

i ] + Dθξθ , (2)

where v0 is the self-propulsion speed for each robot, α and β are tuning param-
eters for transition and rotation, Vector n̂i is the heading direction of robot i,
and the n̂⊥

i is the perpendicular direction of it. The sum of the total spring-like
force on each robot could be calculated by the following equations with initial
distance lij and the spring constant k/lij . The connection between robot i with
neighbourhood robots was set at t=0 and was not changed in the experiment.
The sensing noise of force measurement in the equation is given by Dr ξ̂r. Dr

is the noise strength coefficient, and ξ̂r is a randomly oriented unit vector. The
actuation noise is Dθξθ. Dθ is the noise strength coefficient, and ξθ is a random
variable with a standard, zero-centred normal distribution of variance 1. In the
ideal condition with no noise, Dr and Dθ equal to 0. In this case, all the robots
are working in the ideal condition.

−→
F i =

∑

j∈Si

− k

lij
(|−→r ij | − lij)

−→r ij

|−→r ij | , (3)

−→r ij = −→x j − −→x i, (4)

where k
lij

is the spring constants, lij is the equilibrium distances, and rij is the
distance between robots.

The elastic forces keep the distances between robots in a safe zone. A repulsive
force will be applied if two robots become closer than the allowable safe distance,
and if the two robots get far apart, an attractive force will be implemented to
impose them to remain in a stable area.

3 Realisation of the Exploration

3.1 Robotic Platform

The robot platform that is used in this study is Bubble (shown in Fig. 1) which
is an autonomous micro-surface robot (AMSR) with a 6.7 cm diameter. It is a
unique swarm robotic system developed at the University of Manchester. The
robot is a lightweight micro-robot that moves on the water surface for underwater
inspection. It is driven by air from the two propellers on the top, reducing the
chance of contamination to zero. Bubbles take images with their small camera
facing toward the bottom of the robot. The image generated by the inspection
system can be transferred back to the main station by wireless communication.

3.2 Simulated Platform

The simulation platform was developed in Matlab. In the simulations shown
in Fig. 3 and Fig. 4, the circles are the robots, and the arrows on them are
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the heading directions. The movement of the robots was modelled based on
force analysis shown in Fig. 2. The velocity of the robot was combined with the
velocity given by the AES model and water surface resistance in both linear
and angular movement. The velocity loss caused by the water surface resistance
is calculated from the integration of drag force, FD and shear stress, τ . Then
the current position of each robot is calculated from the previous position and
the integration of velocity. The drag equation, Taylor-Couette flow, vθ, [17] and
Newton’s Law of Viscosity are presented below.

FD =
1
2
ρv2CDA, (5)

where FD is the drag force which is the water surface resistance in linear move-
ment, ρ is the density of the fluid, here is water, v is the velocity of the robot,
CD is the drag coefficient (the coefficient of a cylinder was chosen due to the
shape of Bubble’s chassis), and A is the cross-section area.

Bubble have a dome shape enclosure and cylinder shape chassis. In applica-
tion, only the chassis cylinder stays in the water, so the drag coefficient of the
cylinder was used in the calculation.

vθ = Ω1
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Ω1
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r +
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2
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Ω1
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r
, (6)

where Ω1 is the angular velocity of a cylinder, Ω2 is the angular velocity of fluid
which is 0 here, R1 is the radius of the cylinder, R2 is the radius of the container
of fluid, and vθ is the fluid velocity at position radius, r.

τ(Ω1) = μ
∂vθ

∂Ω1
, (7)

where τ(Ω1) is the shear stress at the height equal to Ω1, and μ is the dynamic
viscosity of the flow, which is water here.

By combining the water surface resistance and AES model, the dynamic
model of the system is given by the following equation,

⎧
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] , (8)

where V
′
i and ωi are the induced linear and angular velocity respectively, Vi and

is the linear velocity of the robot i, ω
′
i is the angular velocity of the robot i, −̇→x i

and θ̇i is the linear and angular velocity calculated by AES model, FD is the
drag force, dt is the sampling time of the system, m is the mass of the individual
robot, τ is the shear stress, and l is the distance between the two propellers of
the robot.
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Fig. 2. Force diagram of an agent (robot). The orange circle indicates the target robot,
and the blue circle is neighbouring. (Color figure online)

Table 1. Values of parameters and constants set in experiments

Parameters Description Value (units)

v0 self-propulsion speed 0.002 (m/s)

Δt iteration period 0.1 (s)

m mass of single robot 0.05 (kg)

CD drag coefficient of cylinder 1.17

ρ density of the fluid (water) 997 (kg/m3)

A cross-sectional area 0.0034 (m2)

μ viscosity of water at 25◦C 0.89 (N·s/m2)

l distance between the centre of the two propellers 0.02 (m)

α inverse translational damping coefficient 0.01

β inverse rotational damping coefficient 0.12

k spring constant 10 (N/m)

3.3 Experiments

The value of parameters in experiments was based on trial and error in the sim-
ulation environment. The application in real robots will be made in the future.

First, we investigate the effect of the simulated water environment on the
developed model of Bubbles. In the first set of experiments, we used 25 robots
and arranged them in a 5× 5 square shape. The goal was to test the modelled
force for the bubbles considering the drag force and shear stress, Eqs. (5 and 7).
Hence, a circular path with a diameter of 0.2 m was chosen to test the model.
A large deviation from the chosen path was expected; however, these sorts of
errors in motion are normal for swarm systems shown in nature.

The second set of experiments focuses on the CM of the swarm, considering
Eq. (8). Robots were assembled into two configurations, a hexagon and a square.
The hexagon configuration contained 91 robots, with 6 robots on each side. The
square configuration contained 10 robots on the side and 100 in total. All the
robots were arranged with random initial orientations.
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The third set of experiments investigated the effects of the swarm population
on the system performance. Each configuration, hexagon and square, had 3 dif-
ferent populations. The hexagon configuration was tested with N ∈ {37, 61, 91}
robots and the square configuration was tested with N ∈ {100, 400, 900} robots.
Each set of experiments was repeated 20 times with random initial orientations
for every run.

To investigate the proposed CM model, the fourth set of experiments inves-
tigated the effects of angular velocity β on the swarm performance. We tested a
range of β ∈ [0.1 to 0.9] with N = 100 robots and N = 91 robots for square and
hexagon configurations, respectively. Similar to the previous experiment, each
experiment was repeated 20 times with random initial orientations. The setting
of parameters and constants are listed in Table 1.

4 Results

This section presents the results of the performed experiments and brief discus-
sions regarding the four different settings. All the experiments were performed
in Matlab using the simulated model of the Bubbles.

4.1 Bubbles Movement

In the first experiment, we investigated the feasibility of the developed model for
Bubbles’ movement on the water surface. Figure 3 shows the circular movement
of the robots in the simulated storage pond environment filled with water. The
experiment was conducted for t = 150 s and the position of the team at t= 50 s,
t= 100 s, and t= 150 s were marked. Compared to the specified circular path, the
real trajectory of the robots contained a large error. This is because of the effect
of the water surface resistance (both FD and vθ) added to the model, which
made it harder for the robots to follow the path.

Figure 4 reveals the linear and angular errors between the expected and the
real trajectories. The data was processed with root mean square and normal-
isation. The linear error curve was close to a parabola. The peak was in the
middle which was about the top of the trace. In this position, robots had the
maximum linear error. The angular error had a peak at about t=2 s. From t=0 s
to t=2 s, the robots were dealing with the resistance of the water surface, and the
error was increasing. After t=2 s, the driving force and water surface resistance
reached a balance, and the error decreased slowly.

4.2 Collective Motion Model

In the second phase, we combined the Bubbles’ movement model with the
AES. Figure 5 shows screenshots from a randomly selected experiment with the
hexagon configuration. The experiment took 120 s in total, and screenshots were
taken every 60 s. In hexagon configuration, the robots that were not on the edge
of the swarm had connections to the other 6 neighbouring robots with equal
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Fig. 3. Circular movement of N = 25 robots in a square configuration with the drag
force, FD, and shear stress, τ . The positions and orientations of the swarm at t ∈
{50, 100, 150} s are marked on the trajectory. The red circle is the expected path, and
the black curve is the real trajectory of the robots. (Color figure online)

length. Figure 6 shows screenshots from a randomly selected experiment with
the square configuration. The experiment was conducted for 80 s in total, and
screenshots were taken every 40 s. In the square configuration, the robots that
were not on the edge of the swarm had connections to the other 8 neighbouring
robots with two different lengths, which are horizontal & vertical and oblique
directions. Compared to the hexagon configuration (shown in Fig. 5), the square
configuration of the robots took less time to settle down. This was because of
the more connections to the neighbouring robots, which made it easier for the
square configuration to settle down.

4.3 Swarm Population

In this phase of experiments, we investigated the effects of swarm population
sizes in both square and hexagon configurations. Figure 7 and Fig. 8 present the
effect of population change on orientation, ωi. The solid line indicates the median
of all robots’ orientations. The shaded area indicates the range between the first
and third quartiles of robots’ orientations.

In general, the median curves were very close to each other, and the shaded
areas have a huge overlap. It means that the effect of the population size on the
swarm was not significant. However, a large population size, N = 91, showed a
slower collective motion than smaller populations. Also, as the population size
increased, the settling curve was smoother. The smaller population had a sharper



100 Y. He et al.

Fig. 4. (a) Linear and (b) angular errors of the circular movement of N = 25 robots
tested in the first experiment with the drag force, FD and shear stress, τ .

Fig. 5. Simulation result of N = 91 robots in a hexagon configuration with the drag
force, FD, and shear stress, τ . The positions and orientations of the swarm at t ∈
{0, 60, 120} s are presented.
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Fig. 6. Simulation result of N = 100 robots in a square configuration with the drag
force, FD, and shear stress, τ . The positions and orientations of the swarm at t ∈
{0, 40, 80} s are presented.

Fig. 7. Simulation result of N ∈ {37, 61, 91} robots in a hexagon configuration with
drag force, FD, and shear stress, τ . The normalised orientations of the swarm between
t = 0 s and t = 200 s are presented.

increase at the beginning of the experiment. This was because the orientation
transmission that took a long time if there were a larger population resulted in
an over-crowding phenomenon. The population did not have a significant effect
on the peak of the curve, which was around t= 20 s.

4.4 Effects of Model Parameter

In the last phase of the experiments, we investigated the effects of the AES
model parameter, β, on the performance of the swarm. Finding an optimal β
will help us in the implementation of the real-world inspection scenarios to align
robots faster and accurately. Figure 9 and Fig. 10 present the effects of β value
on swarm orientation, ωi. The results are presented with box plots where each
box indicates the orientations of all the robots at all time steps in the specific
β. In general, a larger β value leads to a smaller orientation value. A larger β
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Fig. 8. Simulation result of N ∈ {100, 400, 900} robots in a square configuration with
drag force, FD, and shear stress, τ . The normalised orientations of the swarm between
t = 0 s and t = 200 s are presented.

Fig. 9. Simulation result of N = 91 robots in a hexagon configuration with the drag
force, FD, and shear stress, τ . The normalised orientations of the swarm with inverse
rotational damping coefficient, β ∈ [0.1 . . . 0.9] are presented.

Fig. 10. Simulation result of N = 100 robots in a square configuration with the drag
force, FD, and shear stress, τ . The normalised orientations of the swarm with inverse
rotational damping coefficient, β ∈ [0.1 . . . 0.9] are presented.
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value represents a stronger force connection between robots. Compared to the
hexagon configuration, the square configuration decreased faster as the β value
increased. Square configuration had a larger impact due to more connections to
the neighbouring robots.

5 Conclusion

The studied inspection scenario is based on a wet nuclear storage facility using
micro-surface robots, Bubbles. We designed a motion model for the Bubbles con-
sidering water resistance. Compared to previous works, new applications were
proposed for the AES model based on AMSR, and a new water surface model was
developed. The observed results from the simulation experiments demonstrated
the feasibility of using a swarm of micro-robots in such inspection scenarios. In
future work, the algorithm will be applied to the real-world scenario using Bub-
ble micro-robots. With the help of image analysis and image combination, this
system will be able to inspect the nuclear waste storage facilities with minimum
costs and effort.

References

1. Pepper, S., Farnitano, M., Carelli, J., Hazeltine, J., Bailey, D.: Lessons learned
in testing of safeguards equipment. Brookhaven National Lab. Upton, NY (US),
Technical report (2001)

2. Doyle, J.: Nuclear Safeguards, Security and Nonproliferation: Achieving Security
with Technology and Policy. Elsevier (2011)

3. Cheah, W., Groves, K., Martin, H., Peel, H., Watson, S., Marjanovic, O., Lennox,
B.: Mirrax: a reconfigurable robot for limited access environments arXiv preprint
arXiv:2203.00337 (2022)

4. West, C., et al.: A debris clearance robot for extreme environments. In: Althoe-
fer, K., Konstantinova, J., Zhang, K. (eds.) TAROS 2019. LNCS (LNAI), vol.
11649, pp. 148–159. Springer, Cham (2019). https://doi.org/10.1007/978-3-030-
23807-0 13

5. Griffiths, A., Dikarev, A., Green, P.R., Lennox, B., Poteau, X., Watson, S.:
AVEXIS-Aqua vehicle explorer for in-situ sensing. IEEE Robot. Autom. Lett. 1(1),
282–287 (2016)

6. Nancekievill, M., et al.: Development of a radiological characterization submersible
ROV for use at fukushima daiichi. IEEE Trans. Nucl. Sci. 65(9), 2565–2572 (2018)

7. Lennox, C., Groves, K., Hondru, V., Arvin, F., Gornicki, K., Lennox, B.: Embod-
iment of an aquatic surface vehicle in an omnidirectional ground robot. In: 2019
IEEE International Conference on Mechatronics (ICM), vol. 1, pp. 182–186. IEEE
(2019)

8. Groves, K., West, A., Gornicki, K., Watson, S., Carrasco, J., Lennox, B.: Mallard:
an autonomous aquatic surface vehicle for inspection and monitoring of wet nuclear
storage facilities. Robotics 8(2), 47 (2019)

9. Dorigo, M., Theraulaz, G., Trianni, V.: Reflections on the future of swarm robotics.
Sci. Robot. 5(49), eabe4385 (2020)

http://arxiv.org/abs/2203.00337
https://doi.org/10.1007/978-3-030-23807-0_13
https://doi.org/10.1007/978-3-030-23807-0_13


104 Y. He et al.

10. Schranz, M., et al.: Swarm intelligence and cyber-physical systems: concepts, chal-
lenges and future trends. Swarm Evol. Comput. 60, 100762 (2021)

11. Schmickl, T., et al.: Get in touch: cooperative decision making based on robot-to-
robot collisions. Autonom. Agents Multi-Agent Syst. 18(1), 133–155 (2009)

12. Ferrante, E., Turgut, A.E., Dorigo, M., Huepe, C.: Collective motion dynamics of
active solids and active crystals. New J. Phys. 15(9), 095011 (2013)

13. Raoufi, M., Turgut, A.E., Arvin, F.: Self-organized collective motion with a sim-
ulated real robot swarm. In: Althoefer, K., Konstantinova, J., Zhang, K. (eds.)
TAROS 2019. LNCS (LNAI), vol. 11649, pp. 263–274. Springer, Cham (2019).
https://doi.org/10.1007/978-3-030-23807-0 22

14. Liang, X., Qu, X., Hou, Y., Li, Y., Zhang, R.: Distributed coordinated tracking
control of multiple unmanned surface vehicles under complex marine environments.
Ocean Eng. 205, 107328 (2020)

15. Huang, B., Song, S., Zhu, C., Li, J., Zhou, B.: Finite-time distributed formation
control for multiple unmanned surface vehicles with input saturation. Ocean Eng.
233, 109158 (2021)

16. Liu, Y., Song, R., Bucknall, R., Zhang, X.: Intelligent multi-task allocation and
planning for multiple unmanned surface vehicles (USVS) using self-organising maps
and fast marching method. Inf. Sci. 496, 180–197 (2019)

17. Davey, A.: The growth of Taylor vortices in flow between rotating cylinders. J.
Fluid Mech. 14(3), 336–368 (1962)

https://doi.org/10.1007/978-3-030-23807-0_22

	Exploration of Underwater Storage Facilities with Swarm of Micro-surface Robots
	1 Introduction
	2 Collective Motion Mechanism
	3 Realisation of the Exploration
	3.1 Robotic Platform
	3.2 Simulated Platform
	3.3 Experiments

	4 Results
	4.1 Bubbles Movement
	4.2 Collective Motion Model
	4.3 Swarm Population
	4.4 Effects of Model Parameter

	5 Conclusion
	References


