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Introduction

»Background

* Most ship collision accidents are attributed to human error.
Preventing such collisions is inherently challenging.

 The number of seafarer has been decreasing
year by year.

[ Human factor
3 Equipment failure
[ Other

Causes of collisions [!]

Autonomous navigation technology is expected to solve these issues.

Collision avoidance is one of the key technologies for ship navigation.
The automation of collision avoidance is essential for realizing autonomous
ships.



Introduction

« Recently, deep reinforcement learning (DRL)-based algorithms
for ship collision avoidance has been studied.

The capability of them have been validated through numerical simulations!?],
a scaled model ship experiments®!, and full-scale ship experiments!*.

The results show that their performance exceeds that of human experts.

X These studies focus on optimizing collision avoidance for individual ships.
The performances of the such controls degrades
when other ships take unanticipated actions.

In congested situations, optimizing all ships through centralized control is
effective for ensuring safe marine traffic control.



Challenges/Objective

» Challenges for developing a marine traffic control Al
« Designing an appropriate data structure for marine traffic control
* Preventing local collision risks while optimizing marine traffic

» Objective

To develop a centralized marine traffic control Al
capable of safely controlling multiple ships in congested situations

« Marine traffic is represented using a graph structure
and the Al is trained via graph-based deep reinforcement learning.

A safety constraint based on a control barrier function (CBF) is
incorporated into the DRL framework to ensure safety.



Deep Reinforcement Learning

»Flow of reinforcement learning
(D Agent observes the current state of environment. ¢

|
Agent takes an action according to its policy. ac =
@ Ag g policy E . >

@ Environment transits to a next state and
returns a reward to the agent.

@ Policy is updated to maximize the expected reward
using the obtained reward.

Tt4+1, S .
Agent (! L “t+l  Fnvironment

» Objective of reinforcement learning
To get an optimal policy that maximize a discounted cumulative reward

We use deep deterministic policy gradientsll.



Control Barrier Function

A control barrier function (CBF) imposes safety constraints
on the control input to ensure the system remains within a safe set.

State equation x=f(x)+gx)u
A function indicate whether h(x)
x is safe (h(x) = 0) or dangerous
Safety constraint : Leh(x) + Lyh(x)u + a(h(x)) >0
h(x) a: any monotonic increasing function

If the control input u satisfies the constraint, the state remain the safe set.



Problem setting

« The number of ships, their speeds, and their initial positions are

randomly determined.

Number of agent
in episode

Ship’s speed
(constant)

2 ship ~ 20 ships

8 knot ~ 12 knot

 Ship collision avoidance manoeuver is
calculated using Nomoto’s KT modell’!.

State equation of
agent;

Control input of
agent; (u;)

U cos(t/Jj)'

_|Y sin(;)
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J
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Rudder angle: -10°~ 10 °
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agent,
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Graph Structure for Representing Marine Traffic

» Characteristics of the marine traffic
« The number of ships is changing by time. &

« Ships that are far away
do not affect collision-avoidance decisions.
Collision-avoidance actions can be
determined by local interactions
with neighboring ships.

» Graph structures are suitable for
representing marine traffic.

Time-varying graph G; = (V, E;)
Node V Ships (agent) 0,..,N — 1

Edge E; Encounter relationship between ships



Detecting Encounter Relationship

»Encounter relationships are detected using a ship domain.

* The ship domain is a safety region around a ship
that should not be invaded by other ships dx
during navigation.

If another ship enters the ship domain,
the situation is considered dangerous.

Encounter
domain

%9

 An area defined as ten times the ship domain is ‘
referred to as the Encounter Domain. / J‘\g Ship
£ || ™} domain

Ships within the Encounter Domain are — e
considered to be in encounter relationships, gf;J > 2lon
and edges are established between them.




Node features of Observation Graph

»Observations are also represented as a graph.
 Information related to path following is embedded in the nodes.

x + waypoint
Relative position of the next waypoint: (dx,"7, dy,"")
Relative bearing angle of the next waypoint: dl/)t,i

Relative position of the closest point on target course:
(dxg(TE d_’yXTE)

)0

Distance between the own ship and the closest point:

XTEt,i (dXiXTE,dinTE)

wp pr wp,i TEL XTE,i
. dx,_ 4,00 AV _4 i Ay, 4,07 Axy 4, Ay 4t XTEp 4

ng; =

dx,?, dy, L, dp?, dxXTE dylF, XTE, ;



Edge features of Observation Graph

 Information related to encounter relationships is embedded in the edges.

Relative position: (dxt,(i, ) AV, j))

relative bearing angel: dy (;

relative speed: (det i) AUy, (l,]))

distance normalized by the ship domain: Dt (i)

information of closest point for approach (CPA):
cpa cpa cpa cpa
(DEtey Tty dxctiy Vein)
distance normalized by the encounter domain: Dt (i)

cpa cpa
(dx(u)' dy(i,j))

[ AX i 4(1,7) AV -, ) AWt—a(i,j) AUX 41,1y, AUY ¢4 (z])» ] _
cpa cpa cpa cpa

. Dt 4,(i,j)’ Dt 4,(i,7)’ Tt 4,(i,j)’ dxt 4,(i,j)’ dyt—4,(i,])’ Dt 4,(1,7)

(i) =

dXe (i,j), V¢ Gi,5) dl/)t,a,j)» dUxy i, j), AUy, (z i)

cpa cpa cpa cpa
DGy Deiy Tetipy ey We iy e

v



Reward Graph

» Rewards related to path following are embedded in the nodes.

* Reward based on the relative bearing angle: 0.0-0,3 wavpoint

A larger reward is obtained as
the relative bearing angle becomes smaller.

* Reward based on the distance a1
from the target course: 0.0-0.3 A

A larger reward is obtained as the distance becomes smaller. agent;
» Rewards related to collision avoidance are embedded in edges.

* Reward based on collision risk: —1.0 — —0.5

If the agent is in a dangerous state, a large penalty is imposed.



Graph Indicating Dangerous State

« Dangerous states are evaluated based on the ship domain.

The function is designed to output negative values
when another agent enters the ship domain.

Ship
Domain

2 2
on |(FFean) L (Dran)

1.61 _NOS 3.21

\g|wm/ P
)

A graph indicating dangerous state has the evaluated value as edge
features.




Learning of Graph Q-function

* Nodes (agents) do not disappear during an episode.
Therefore, the Q-value of a node is the cumulative node reward during the
episode.

« Edge (encounter relationship) can disappear during an episode.
The edge Q-value is the cumulative edge reward until the edge disappears.

Node Q-value nl =nl +ynl, +yinl, + -

di e : .
Edge Q-value | e =el\; +vely, +v2efis+-¥T  tlelaiap. TS :edge disappear

 The loss function is the TD error.

£0 =25 llnd — Adl* +[lef —ef[|”  Af.ef : predicted Q-values



Learning of Constraint

* For complex or unknown dynamics, it is difficult to obtain the safety
constraint.

Since DRL can be applied to the unknown dynamic, it is needed that the
safety constraint can be trained in the unknown dynamic to not limit the
capability of DRL.

» We trained the CBF constraint using two-steps approximation.
*The CBF constraint is approximated by the sampled data.

(hesq — he)

Leh(x) + Lyh(x)u + a(h(x)) ~ AL

+ a(hy)

*The value estimated using the sampled data is trained by neural networks.

_ (hep1 — hy)
€t = At

+a(he)



Learning Constraint

* In the case that the own ship is imposed to danger even if the Al take the optimal
action, the constraint should activate earlier. The training target is a minimum
value of the constraint if the Al take the optimal action.

To emphasize constraints in the near future, a small positive value, A, is added to
the future constraint.

6t = min(Ct, Ct+1 + A, Ct42 + 2A ) = min(Ct, 6t+1)

The minimum values on future is estimated using the training network.

h h

el —e
¢, = min( HlAt ~+a(ef), C(Gi,4,160°) + A)

Loss function is a root mean squared error between the target and the predicted.

L€ =¥é - ef||’ ef: predicted value of the constraint



Learning of Policy

« Constraint and Q-values for the observation G; are estimated using the
training networks.

e;™ = C(GY) " e} = Q(GY)

Constraint . Q-values _
[Tt = E max(e, 0) 179 = E n+ E
t on t
nEnt eEet

eEet

* Loss for the observation G}

{_ l;c,const l;t,const <o | Ifconstraint is violated, the policy is updated to satisfy it.
T )
T =

—1, l?rc‘m“ > (0 | If constraint is satisfied, the policy is updated to maximizing Q-values.

» Loss function is a mean of loss values for the batch sampled data.



Architecture of the Q-Network and Constraint Network

(D Observation graph and action graph used as inputs to the network.
@ Node and edge features are updated through two GNN blocks.
3 Q-values or constraint values are estimated from updated features.
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Processing in the Graph Neural Network

»Update node features Neighbors

4

1. The neighboring node features are l
concatenated with the node’s own feature O&
and the edge feature between them. Xie

l

2. They are encoded by a neural network, g, -
and aggregated by summation. !l

3. The node’s own features are updated
by a neural network, a.

[ g Suipoouy ]
NV
[ |
] Suroyien
\
=

> x_l+1

[ A Burpoouyg ]

[ » Suipoouy
V
=

Update node features

o

4. Encoded features of the neighboring nodes
and the own node are added and Xt = V(Of(xf) + ) Bl efmj)>
encoded by the neural network y.



Processing in the Graph Neural Network

»Updating edge features

1. The edge features are concatenated with
the features of the connected nodes.

2. The concatenated features are encoded by a neural network, n.

I+1
[+1 l

_ l l
: €Cr—j = n(xjka' ek—>j)

€k

Kl
[ uﬁuglooug[ ]

Update edge features



Architecture of the Policy Network

» The policy network consists of two GNN blocks and
a multilayer perceptron.

« An attention mechanism is incorporated into
the aggregating neighboring nodes.

— actions

o) —>| Q| an E

s = = |2 =
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Attention mechanism

> Prior-defined attention function

The attention mechanism learns the importance of neighboring nodes using
a neural network.

In collision avoidance decision-making, the importance of another ship
iIncreases as the relative distance decreases.

To reflect domain knowledge in collision avoidance, a distance-dependent
monotonic function is predefined, and its shape is learned from data.

 sigmoid (B(DEY, — ¢)) — sigmoid(F(1 — £))
D T T Sigmoid(—5E) — sigmoid(B(1 — £)) D¢y, Distance




Predefined Attention Function

 sigmoid (5(DEY, — ¢)) — sigmoid(F(1 — £))
O sigmoid(—f¢) — sigmoid(ﬁ(l — f))

The point at which the attention value begins

B to decrease farther from the agent
n The rate of change of the attention value
1.00 —— B=5.0,£=0.1  ---- (=5.0,6=0.5
2 075 3=10.0,6=0.1 3=10.0,6=0.5
S —— B=15.0,=0.1  ---- [(=15.0,6=0.5
£ 0.50 —— [(3=20.0,6=0.1 ---- (3=20.0,6=0.5
S —— (=25.0,6=0.1 ---- [(3=25.0,(&=0.5
Z 025
O.OO 1 1 1 1
0.0 0.2 0.4 0.6 0.8 1.0
ED
Dajy

3=5.0,6=0.8

3=10.0,¢=0.8
3=15.0,6=0.8
3=20.0,£=0.8
3=25.0,6=0.8
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GNN Block with Attention Mechanism

* The encoded features of the neighboring nodes are aggregated using a
weighted average based on the attention values.

Attention value: {a(i’j ) ‘ JEN (i)}

jeN() Nelghbors of node i ﬂ

: I|||\||| (o> ﬁ =1 ] -

n(l}) ;.-

Sl fr

x{lilﬂ_

Update node features introduced attention mechanism

[uﬁgs.gos ] [uﬁgsgos ]
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Absolute Trajectories in the Simple Scenario

« Absolute trajectories

— agenty — agenty

agenty agenty
— agents

— agents

The Al-controlled ships took collision avoidance actions.
Each ship followed the target path when no danger is present.

25



Relative Trajectories in the Simple Scenario

agent agenty
— agent
1.0 1.0 agent;
] £ 05 0.5 F
>< e
8
= 0.0 0.0 F
1 1 1 1 1 1
-05 00 0.5 -05 00 0.5
_— dy [km]
B agent agent, agents agents
- — agent
1.0 | Lo} LOF agent,
B — : " — agents
g Eost .-' 0.5 F : 0.5 F .-' :
] = : 1 : : E — agents
8 : i : : {
0.0 F : 0.0 | : 0.0 | L
1 1 1
-0.5 00 05 -05 0.0 05 -05 0.0 05

0
Y [km]

No ship-domain violations were occurred.
The trained controlled ships without the risk of collision. -



Absolute Trajectories in the Congested Scenario

75 F \\ N\ : ' ,// — agenty agenty
agent, agentis
50F —— agents
— agents
25F — agenty
— agents
E 0.0 agentg
< — agenty
2.5 agentg
agenty
—or — agenty
agentyy
S — agentyy
| agentis
-5 0 5
Y [km]

In congested scenario, the Al-controlled ships avoided collisions while
following their target paths.
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Relative Trajectories in the Congested Scenario

agent agenty agents agents agenty
1.0 1.0 | 1.0 | 1.0 |
0.5 0.5 0.5 0.5
0.0 0.0 - 0.0 0.0
1 1
0.5 00 0.5 0.5 00 0.5
genty genty
1.0 | 1.0 1.0
0.5 0.5 0.5
0.0 0.0 - 0.0
1 1 1 1
0.5 00 0.5 0.5 00 0.5 0.5 00 05 0.5 00 05
gent, gent;:
1.0 1.0
0.5 0.5
0.0 0.0 |
1 1 1 1 1 1
-05 0.0 05 -05 0.0 05

The ship domains were not violated by other ships.
Even in congested situations, all ships remained in the safe state.

2 2 2 2 2 2 2 2 2 92 2 2 2 9 9 2
B Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y
Q@3 @ @ @ @ @ @ @ @ @ @ @ @ @ @
S 3 3 3 3 3 32 2 32 3 32 3 =2 =2 3 32
R T T T T T > TR S~ N~ S~ N S N~
T R - SR S R )
oG K % b = o



Results in the Highly Congested Scenario

agent agent
1.0
8 I
0.5 : ;
6k 0.0
1 .I ‘ .I
4 -0 0.0 5 0.
agent, agent
2r 1.0 1.0 _\
SF 0.5 :':.
o E]
8 :
0.0 F 0.0}
ok . o L
-0.5 0.0
—4 agent
-6
-8 |

dy [km]

Although minor ship-domain violations were observed,

they occurred only near the boundary of the safety domain.

These results can be interpreted as
the Al-controlled ships minimizing danger.

29



Validation of Scalability

 Comparison of the frequency of dangerous states by the number of agents

DEP. <10 The ship domain is invaded DED. < 0.3 Relative distance is less than half
@) == (danger) @) == of the length over all (critical)
Number of agnet: 2 Number of agnet: 5 Number of agnet: 16

i i - H 2000 i ' 20000 F T 11 - dangerous
200 {1 : —’_’—Hw H -- critical
i i i == minimum value
O 1 : n— O 1 : O 1 1 1
0 1 2 3 4 5 0 1 2 3 4 5 0 1 2 3 4 5
Number of agnet: 3 Number of agnet: 20
1000 — - __
2 S000 T 20000
5 i
=2 i
= 0 (I) I 0 (I) I 0 (I) - 1 2 3 4 5
Number of agnet: 32
: 50000 = -
1000 5000 i !
0 1L O 1 i O 1 i
0 0 0 5

Distance normalized by the ship domain

Few dangerous states occurred even as the number of agents increased.



Validation of Scalability

 Comparison of the frequency of dangerous states in the dangerous range.

053-) < 1.0 The ship domain is invaded Déf}-) <023 Relative distance is less than half

(danger) of the length over all (critical)
Number of agnet: 2 Number of agnet: 5 Number of agnet: 16
1.0 T — T T —
i i i i ------- dangerous
0.5 F 20+ : : 100 1= ! : ---- critical
i i i i -=--- minimum value
1 1 1
040 1 1 1 1 0 1 1 1 1 1 1 O 1 1 1 1
0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0
Number of agnet: 3 Number of agnet: 8 Number of agnet: 20
i T i i ] i i ]
220} i ; i i 200 | i i
5 | : 20 | i BB
= 1 1 1 1 1
5 o : . HE
E O 1 1 1 1 1 1 L 0 1 1 1 1 L O 1 1 1 | I +—r
0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0
Number of agnet: 4 Number of agnet: 10 Number of agnet: 32
E ] B i BB i
i | ’j—‘—" 1 : W ° : i.—m—‘—l—H_H’
1 1 1 1 1 1
1 1 1 1
1 1 1 1 1
1 1 1 1 1 1 0 1 1 1 0 1 1 1 1

0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0

Distance normalized by the ship domain

If the number of agents increased, no critical dangerous is occurred.



Comparison with RL and D-GCBF

» To investigate the effectiveness of the deep reinforcement learning with
safety constraint, we trained three Als: one using RL with D-GCBF, one
using RL alone, and one using D-GCBF alone.

* In the case of RL alone, both of collision avoidance and path following
were trained using RL.

* In the case of D-GCBF alone, collision avoidance was trained using D-
GCBF and path following is trained using RL.

1
RL _ const
RL alone LB =<5 E L (GE)
{Gi}eB

1 —LPN@ED, NG <0

,D—GCBF _ ___

D-GCBF alone | LT =<5 > =Y G 2 0
(GFJes nend” (Gf)



Comparison Result in the Simple Scenario

RL D-GCBF RL D-GCBF

— agenty
agent;
— agents

— agents

All Als controlled the ships without
any ship-domain violations in the simple scenario.
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Comparison Result in the Congested Scenario

RL D-GCBF D-GCBF

— agenty

agenty
— agents
— agents
— agenty

— agents

agentg

— agenty

agentg

— agenty

dy [km]
dy [km]
dy [km]

-05 00 05
dy [km] dy [km]

The Al that trained collision avoidance using D-GCBF did not prevent other ship from
entering the ship domain.

This is because the D-CBF constraint is activated only when other ships approach the

boundary of the ship domain.
As a result, in situations where a ship was surrounded by others, it could not prevent

domain intrusion and was exposed to danger.



Comparison Result in the Highly Congested Scenario

RL D-GCBF

— agenty agentys
— agenty
— agento
— agents
— agent,

— agents

agentg

— agenty
agentg

— agenty

— agentyg

agentiy

dy [km]

— agentio
agentis

— agentiy

-0.5 00 05
dy [km]

Only the Al trained RL with D-GCBF controlled ships without ship domain invasion.
Deep reinforcement learning with safety constraint is effective method

for developing a marine traffic control Al. .



Comparison of the Frequency of Dangerous States

1000

500 |

2000 i

Frequency
=
(=3
(=}

(=1

1
2000 [t

1
1000 [t

Number of agnet: 2

1

2 3

Number of agnet: 3

4

.

5

1

2 3

Number of agnet: 4

4000 T

(]
2000 F i

6000 (-1
1
4000 1

1
2000 |4

1
7500 !
1
5000 !

1
2500 !

Number of agnet: 5

1 2 3 4 5

Number of agnet: 8

20000 F :

10000

1
20000 |-

(]
10000 |- :

40000
20000
0 1

Distance normalized by the ship domain

Number of agnet: 16

1 2 3 4 5

Number of agnet: 20

1 2 3 4 5

Number of agnet: 32

-+ dangerous
—-=- critical

RL D-GCBG
RL
D-GCBF

In the D-GCBF results, peaks in the number of dangerous states appear

near the danger threshold. It shows a characteristic of CBF.

Since RL maximize the cumulative reward, collision-avoidance action is
earlier by predicting future danger.
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Comparison of the Frequency of Dangerous States

~
W

Frequency
&

(=)

40

20

Number of agnet: 2

Number of agnet: 5

Number of agnet: 16

W
(=}
T

1 400F
60 | : =+ dangerous
=== critical
40 | 1 -
200 k ! RL_D-GCBG
H H RL
201 I TTTBI I | D-GCBF
’ l ol
1 1 I 1 1 1 0 I 1 I oL I ! L
0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.0 0.2 0.4 0.6 0.8 1.0
Number of agnet: 3 Number of agnet: 8 Number of agnet: 20
| o100 F C ] 400
50 ! 200 F
1
1 1 |
1 1 { l 1 l 0 1 1 { I 0 1 I} I ya—
0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0
Number of agnet: 4 Number of agnet: 10 Number of agnet: 32
: 100 1
[ | 750
| so0f
50 t
250 | I 1
1 1 1 1 1 0 1 1 1 0 1 1 1 |
0.0 0.2 0.4 0.6 0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0

Distance normalized by the ship domain

Among the three Als, the results of RL with D-GCBF showed the lowest
frequency of dangerous states and the largest minimum distance.

This demonstrates that integrating RL with CBF allows safety guarantees on

collision avoidance.



Conclusion

We developed a marine traffic control Al trained using deep reinforcement
learning with a safety constraint.

* The observations and reward functions were represented
using a graph structure.

A deterministic graph control barrier function (D-GCBF) was introduced,
which can be applied to unknown dynamics and off-policy learning methods.

« The safety constraint was incorporated into the DRL framework.
* The proposed Al was validated through numerical experiments.

« Furthermore, it was compared with Als trained using RL alone and D-GCBF
alone.

* The results demonstrate that the proposed framework is an effective method
for developing a safe marine traffic control Al.
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