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Abstract: Collision avoidance is one of the most challenging problems in developing a Maritime
Autonomous Surface Ship. This paper proposes a pro-active collision avoidance algorithm
for inland waterway ships. The algorithm addresses the problem of avoiding collisions with
dynamic obstacles by applying a situation-based intention prediction for neighboring ships.
This prediction algorithm allows own ship to be aware of future collision threats caused by the
course changes of nearby ships. The prediction scheme is integrated into a scenario-based model
predictive control scheme that has been modified for application in inland waterway traffic. The
proposed algorithm can deal with complex traffic situations that a ship can encounter, and the
performance of the proposed algorithm is evaluated in several experiment simulations.

Keywords: Autonomous surface vehicles; Decision support systems; Optimal marine system
control; Marine system navigation, guidance and control; Model predictive control.

1. INTRODUCTION

The recent decade has witnessed increased research to-
wards Maritime Autonomous Surface Ship (MASS). One
of the most crucial challenges is to guarantee the safe nav-
igation of ships. Therefore, collision avoidance (COLAV)
control is a core component of the control system of a
MASS. The main task of collision avoidance is to safely
navigate a ship from a start point to an end point while
avoiding all obstacles. To achieve this task, many ap-
proaches have been proposed including: rule-based meth-
ods Tam and Bucknall (2013); Fang et al. (2018); virtual
vector method Mahini et al. (2013); model predictive con-
trol (MPC) Zheng et al. (2016), or scenarios-based MPC
Johansen et al. (2016); Tengesdal et al. (2020). A compre-
hensive review of the state-of-art COLAV algorithms can
be found in Huang et al. (2020).

While most COLAV algorithms succeed in dealing with
static obstacles, dealing with dynamic obstacles, on the
other hand, is the most challenging problem. This problem
is even more crucial in inland waterway traffic (IWT)
because of the congested traffic and confined space avail-
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able for maneuvering. Since the future position of dynamic
obstacles is unknown, evaluating the collision risk for this
type of obstacle is more complicated than for static obsta-
cles.

The constant velocity model Shah et al. (2016) is a com-
mon solution for predicting the future position of dy-
namic obstacles. This model predicts the future position
of neighboring ships based on a kinematic model with
the assumption that the velocity vector of a neighboring
ship (NS) is unchanged. However, this assumption can be
impractical since a NS can change its course, especially
in congested traffic. A learning-based prediction model
could improve this limitation by utilizing historical traffic
data, e.g., AIS data, to predict the behavior of a NS in
traffic scenarios Scheepens et al. (2014); Hexeberg et al.
(2017); Rong et al. (2019). That being said, a learning-
based method depends on the training database and be-
comes less accurate when encountering a new type of
behavior. A method widely used for land-based vehicles
to improve the prediction model is implementing a rule-
based prediction, Song and Li (2021). Accordingly, long-
term prediction considers the traffic situation and rules to
predict future positions regarding dynamic obstacles. This
method cannot be applied directly to the maritime domain
since ships have a wider range of available control actions
than land vehicles due to the open environment, which
also decreases the precision of long-term predictions. An-
other approach is the interaction-aware method, where the
ships can exchange or negotiate their intentions through
communication Akdağ et al. (2022); Zheng et al. (2017).
The interaction-aware method can overcome most of the
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limitations of prediction methods. However, not all ships
are willing or able to share or negotiate their intentions,
especially human-crewed ships.

In recent decades, the inland waterway ship collision avoid-
ance has received increasing attention from the research
society, Zhang et al. (2022); Chen et al. (2020); Du et al.
(2022). Differing from the open sea environment, the ship’s
operation in an inland waterway setting is limited by
the bank and the water depth. The limited water depth
causes a change in the hydrodynamics of ships, He et al.
(2021), while the narrow water channel limits the ship’s
working space. Several types of control algorithm have
been proposed to deal with these challenges, including:
model predictive control, Helling et al. (2020), fuzzy con-
trol, Chen et al. (2021b), model-based tracking control,
Vantorre, Marc and Laforce, E and Clayeyssens, P (1997),
adaptive PID, Chen et al. (2021a). On the one hand, the
narrow water channel restricts the sailing space of the ship,
but on the other hand, it makes the intention of the NSs
more predictable.

In view of the analysis above, we propose a collision avoid-
ance (COLAV) algorithm for ships in inland waterways.
This algorithm improves the safety navigation of a ship
in complex traffic scenarios of IWT by using a situation-
based prediction algorithm to forecast the potential col-
lision probabilities. A similar approach, the probabilistic
scenario-based MPC (PSB-MPC), can be found in Tenges-
dal et al. (2022), where the collision avoidance algorithm
considers the intentions of NSs. The PSB-MPC primarily
focuses on the intention of ships involved in the traffic sce-
nario, e.g., head-on, crossing, or overtaking, with the own
ship (OS). Our algorithm, however, focuses on predicting
the intention of NSs that are not posing any risk of collision
to the OS at the moment. The contributions of this paper
are:

(1) A scenario-based model predictive control approach
for inland waterway ships to avoid collision and
grounding hazards.

(2) A situation-based intention prediction algorithm that
helps the own ship to be aware of potential course
changes of NSs.

The rest of this paper is organized as follows. The nota-
tions and assumptions are introduced in Section 2. Section
3 presents the details of our proposed collision avoidance
algorithm. The algorithm’s performance is then evaluated
through simulation studies in Section 4, and conclusions
and future works are given in Section 5.

2. PRELIMINARIES

To begin with, let us use the waterway coordinate frame
{η} to define the position of OS and NS (see Fig. 1). The
x coordinate is parallel with the waterway and connects
waypoints, the y coordinate is perpendicular to the bank,
and the origin and nominal waypoints are placed in the
middle of the waterway. We use the term ”own ship” (OS)
for the ship that is under our control, and the NS for all
other ships that operate near the OS. The 2-D position
of the OS at time step k is denoted by pk =

[
pkx, p

k
y

]
,

similarly the position and velocity of NS with index i is

Fig. 1. Narrow channel with road coordinate: OS is in blue
and NS are in green.

pk
i =

[
pki,x, p

k
i,y

]
,vk

i =
[
vki,x, v

k
i,y

]
. Besides, the set of all

NSs is denoted by M.

It is a fact that most of the ships that sail in rivers/channels
(except for ferries) either want to sail upstream or down-
stream. Therefore, we assume that all ships sailing in the
same river/channel as the OS have the same intention as
the OS, i.e., the intention of sailing along the waterway.
A detailed method of intention modelling for autonomous
ships can be founded in Rothmund et al. (2022). Without
loss of generality, we further assume that all ships sailing
along the waterway have the same waypoints. We define
the guiding line as the line that connects waypoints; the
sub-guiding line is a parallel line with the guiding line,
representing the planned route of each ship.

Our collision avoidance algorithm is developed based on
the assumption of the availability the following informa-
tion:

• The NS information including: position and velocity.
• Mapped hazards from an electronic map.

3. COLLISION AVOIDANCE FOR INLAND SHIPS

This section proposes a scenario-based model predictive
control (SB-MPC) approach for ships that sail in narrow
waterways such as rivers or channels. The control system
structure is assumed to be similar to Johansen et al.
(2016), including three subsystems: autopilot, line-of-sight
(LOS) guidance, and collision avoidance (COLAV). In the
original SB-MPC, the algorithm adds an angle χca to the
desired course angle χd and modifies forward speed with a
factor Uca, to guide the OS to avoid collisions. Following
this method, the OS can avoid collision and simultaneously
sail toward the next waypoint. However, strictly following
the guiding line is not necessary in the case of IWT.
Therefore, instead of adding a collision angle, χca, our
proposed COLAV algorithm adds an offset value, yca to the
cross-track error ye (see Fig. 2). This modification allows
the OS to keep the course parallel with the guiding line
while avoiding collisions. Without loss of generalization,
the algorithm are developed for straight waterway cases.
Our algorithm can also be applied to the curved waterways
by introducing a coordinate transformation from inertial
frame to Frenet frame as in Fossen (2011).

3.1 Own ship trajectory prediction

We present a kinematic model to describe the OS’s motion
with respect to the {η} coordinate frame with the assump-
tion there is a motion controller that can compensate for
all the disturbances, e.g., wind, flow stream, and model
inaccuracy in ship dynamics. The kinematic model is based
on the setpoint filter model of Lutz and Gilles (2010), as
follows:

pkx = pk−1
x + UcaUd cos(χ

k)∆T,

pky = pk−1
y + UcaUd sin(χ

k)∆T,

χk = χk−1 +
1

T1
(χd − χk−1),

χd = χmax tanh(Key
k
e ),

yke = (yca + y0)− pk−1
y ,

(1)

where χk, χd, χmax are, respectively, the course angle,
desired course angle at time t = k∆T and the maximum
steering angle of OS; Ud is the predefined nominal surge
speed of the OS. Moreover, the control action uk =
[Uca, yca] denotes the COLAV speed coefficient and sub-
guiding line; T1 and Ke are positive constants, and y0 is
the desired sub-guiding line from time step k − 1.

3.2 Neighbor-ship trajectory prediction

We propose a two-stage trajectory prediction (2-STP)
algorithm to predict the motion of NS i, which includes
an intention and a position prediction. At the beginning
of the prediction process at time step k, the intention
prediction (IP) runs once to predict the future sub-guiding
line of NS based on predefined rules presented below. The
predicted intention is applied to the position prediction in
the COLAV algorithm, utilizing a simple kinematic model
to estimate the future position of NS i.

Intention prediction: In this step, we predict the inten-
tion change of NS i based on these assumptions:

(a) The NS keeps its course (speed and road line) if there
is no potential collision risk ahead.

(b) The NS has to take action if there is a collision threat
in its current sub-guiding line.

(c) The NS actions is expect to follow the traffic rules
(d) The NS prefers choosing the closest sub-guiding line

if it faces an obstacle.

Fig. 2. Proposed collision avoidance algorithm: the along-
track and cross-track errors are xe, and ye, while Ud

and χd are desired speed and course angle.

Fig. 3. Intention prediction: The green and yellow ships
sail over the same sub-guiding line in the same direc-
tion (blue vectors), but the green ship is faster than
the yellow ship. There is a potential collision between
the two ships, with a potential collision point dotted
blue if no action is taken. The intention prediction of
the OS then predicts the possible velocity change (red
dash line vector) and corresponding position of NS i.

Therefore, OS only applies the intention prediction for
each NS that has a potential collision threat over its
prediction horizon (see Fig. 3).

The detailed algorithm is present in Algorithm 1. Firstly,
IP searches for the closest collision threat of the NS i (steps
2 - 8) and the distance in the x-axis from the NS i to
the collision point, γi. The collision threat can either be
other “close-NS” or grounding. In here, a NS j is a “close-
NS” of NS i if |pki,y − pkj,y| < ϵy where ϵy is a positive
constant. γi is initialized in step 2, where it is the distance
to the closest grounding hazard in the current sub-guiding
line, denoted by g(pki,y), or the maximum distance that
ship i can sail over the prediction horizon, i.e., Th. For
“close-NS” j of NS i, we calculate djca: the distance in
the x-axis to from NS i to the collision point with NS j,
i.e., pki,x = pkj,x. If d

j
ca < γi, we update γi, then continue

with other “close-NS”. When γi is finally computed, if
there is a collision threat within the prediction horion
(γi < |vi,xTh|), the algorithm will evaluated the nearby
sub-guiding lines ci,y = pki,y + ym, where ym ∈ C is the
action and C is the set of actions (steps 9 - 15). The action
evaluation is based on the condition of the neighboring
sub-guiding line,the distance from the current sub-guiding
line, and the compliance with the Convention on the
International Regulations for Preventing Collision at Sea
(COLREGs). The certainty value, Pm corresponding with
action ym, is updated at step 13. This parameter represents
how certainly the scenario will happen, with a higher
value meaning a higher chance of happening. Step 13 also
guarantees that P ∈ [0, 1] ∀ αm ≥ 0. The following rules
calculate the cost of the event, αm, in step 12:

(1) The cost of changing sub-guiding line from pki,y to

pki,y + ym is ry||ym||.
(2) If the chosen sub-guiding line is not available at

pca
i = [ci,x, ci,y]

T
, i.e., the sub-guiding line lies on

the area the NS cannot sail, then αm = 1.
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We present a kinematic model to describe the OS’s motion
with respect to the {η} coordinate frame with the assump-
tion there is a motion controller that can compensate for
all the disturbances, e.g., wind, flow stream, and model
inaccuracy in ship dynamics. The kinematic model is based
on the setpoint filter model of Lutz and Gilles (2010), as
follows:
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x + UcaUd cos(χ

k)∆T,
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y + UcaUd sin(χ

k)∆T,

χk = χk−1 +
1

T1
(χd − χk−1),

χd = χmax tanh(Key
k
e ),

yke = (yca + y0)− pk−1
y ,

(1)

where χk, χd, χmax are, respectively, the course angle,
desired course angle at time t = k∆T and the maximum
steering angle of OS; Ud is the predefined nominal surge
speed of the OS. Moreover, the control action uk =
[Uca, yca] denotes the COLAV speed coefficient and sub-
guiding line; T1 and Ke are positive constants, and y0 is
the desired sub-guiding line from time step k − 1.

3.2 Neighbor-ship trajectory prediction

We propose a two-stage trajectory prediction (2-STP)
algorithm to predict the motion of NS i, which includes
an intention and a position prediction. At the beginning
of the prediction process at time step k, the intention
prediction (IP) runs once to predict the future sub-guiding
line of NS based on predefined rules presented below. The
predicted intention is applied to the position prediction in
the COLAV algorithm, utilizing a simple kinematic model
to estimate the future position of NS i.

Intention prediction: In this step, we predict the inten-
tion change of NS i based on these assumptions:

(a) The NS keeps its course (speed and road line) if there
is no potential collision risk ahead.

(b) The NS has to take action if there is a collision threat
in its current sub-guiding line.

(c) The NS actions is expect to follow the traffic rules
(d) The NS prefers choosing the closest sub-guiding line

if it faces an obstacle.

Fig. 2. Proposed collision avoidance algorithm: the along-
track and cross-track errors are xe, and ye, while Ud

and χd are desired speed and course angle.

Fig. 3. Intention prediction: The green and yellow ships
sail over the same sub-guiding line in the same direc-
tion (blue vectors), but the green ship is faster than
the yellow ship. There is a potential collision between
the two ships, with a potential collision point dotted
blue if no action is taken. The intention prediction of
the OS then predicts the possible velocity change (red
dash line vector) and corresponding position of NS i.

Therefore, OS only applies the intention prediction for
each NS that has a potential collision threat over its
prediction horizon (see Fig. 3).

The detailed algorithm is present in Algorithm 1. Firstly,
IP searches for the closest collision threat of the NS i (steps
2 - 8) and the distance in the x-axis from the NS i to
the collision point, γi. The collision threat can either be
other “close-NS” or grounding. In here, a NS j is a “close-
NS” of NS i if |pki,y − pkj,y| < ϵy where ϵy is a positive
constant. γi is initialized in step 2, where it is the distance
to the closest grounding hazard in the current sub-guiding
line, denoted by g(pki,y), or the maximum distance that
ship i can sail over the prediction horizon, i.e., Th. For
“close-NS” j of NS i, we calculate djca: the distance in
the x-axis to from NS i to the collision point with NS j,
i.e., pki,x = pkj,x. If d

j
ca < γi, we update γi, then continue

with other “close-NS”. When γi is finally computed, if
there is a collision threat within the prediction horion
(γi < |vi,xTh|), the algorithm will evaluated the nearby
sub-guiding lines ci,y = pki,y + ym, where ym ∈ C is the
action and C is the set of actions (steps 9 - 15). The action
evaluation is based on the condition of the neighboring
sub-guiding line,the distance from the current sub-guiding
line, and the compliance with the Convention on the
International Regulations for Preventing Collision at Sea
(COLREGs). The certainty value, Pm corresponding with
action ym, is updated at step 13. This parameter represents
how certainly the scenario will happen, with a higher
value meaning a higher chance of happening. Step 13 also
guarantees that P ∈ [0, 1] ∀ αm ≥ 0. The following rules
calculate the cost of the event, αm, in step 12:

(1) The cost of changing sub-guiding line from pki,y to

pki,y + ym is ry||ym||.
(2) If the chosen sub-guiding line is not available at

pca
i = [ci,x, ci,y]

T
, i.e., the sub-guiding line lies on

the area the NS cannot sail, then αm = 1.
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(3) If the neighboring sub-guiding line has obstacles in
the “transition segment” (the line segment from pki,x
to ci,x), then each obstacle adds rob to αm. This rule
means that the ship is likely not to choose a congested
sub-guiding line.

(4) Violating the COLREGS (rule 14) gives an additional
cost of rc percent of the cost for the normal action.
This means that the action that violates a certain
COLREGS rule can happen but with lower possibil-
ity.

Algorithm 1 Intention prediction

1: for all i, j ∈ M, i ̸= j, k ≤ Th/∆T, k ∈ R+ do
2: Set the closest threat distance equal to the ground-

ing hazardγi = g(pki,y) (if there is no grounding
hazard then γi = |vi,xTh| )

3: if |pki,y − pkj,y| < ϵy then

4: djca = |vi,x
pk
i,x−pk

j,x

vi,x−vj,x
|

5: if γi > djca then
6: γi = djca
7: end if
8: end if
9: if γi < |vi,xTh| then

10: for ym ∈ C do
11: ci,x = pki,x + sgn(vi,x)γi; ci,y = pki,y + ym;

pca
i = [ci,x, ci,y]

T

12: calculate the cost αm of sailing to pca
i

13: Pm = 1−min(αm, 1))
14: end for
15: end if
16: end for

Position prediction: This stage calculates the position of
NS i at different time steps. These positions will be used
later in the “Collision risk evaluation” step. The position
prediction uses the constant velocity kinematic model,
where the current velocity is combined as follows with the
prediction velocity vectors from the intention prediction:{

pki,x = pk−1
i,x + vki,xTp,

pki,y = pk−1
i,y + vki,yTp,

(2)

where Tp is the prediction time step.

3.3 COLREGS compliance

The following behaviors are applied to comply with two
main COLREGS rules:

(1) Rule 13 (Being overtaken): OS stand on while being
overtaken by the obstacle coming from her abaft,
except at the emergency distance dsx.

(2) Rule 14 (Head-on): OS changes its course to the
starboard side when facing a head-on situation.

The OS, in most of case, will follow these COLREGS rules.
However, the OS could violate COLREGS rules if following
these rules lead to unavoidable collisions. The COLREGS
compliance cost of the OS with NS i is defined as:

µi =

N∑
m=1

PmKµ(R13 +R14), (3)

in which R13, R14 are binary variables equal to 1 if OS
violates the COLREGS rules 13 or 14, respectively, with
respect to NS i; and N is the number of selected cases
from IP. We can use one or several cases with the highest
certainty value for the position prediction from the IP. It is
worth noting that: increasing the number of chosen cases,
on the one hand, increases the situational awareness of the
OS, but on the other hand, causes unnecessary changing
of sub-guiding lines due to “false alarms”.

3.4 Collision risk evaluation

The collision risk factor of OS with NS i is defined as:

Ri(t) =

{
F (t) , if δxi,m(t) < dsx AND δyi,m(t) < dsy
0 , otherwise

(4)

where F (t) =
∑N

m=1
KcaPm

∥t−t0∥ exp
(
− (δxi,m(t))2

αx
− (δyi,m(t))2

αy

)
;

δxi,m(t), δyi,m(t) are predicted distances between OS and
the case m (from IP) of NS i at time t in x and y
axis, respectively. t0 is the current time, and Kca, αi,
dsi (i ∈ {x, y}) are predefined constants based on safety
criteria.

Then the cost function at time t0 is:

J (t0,u) =max
i∈M

max
t∈D(t0)

(Ri(t) + µi(t)) +Kyy
2
ca

+KU (1− Uca)
2
, (5)

where D(t0) is the set of sample time within prediction
horizon; µi and are Ri(t) calculated follows (3) and (4),
respectively. This cost function only penalizes when the
ship changes the sub-guiding line or speed. On the other
hand, it allows the OS to sail along any sub-guiding
line with no collision threat and no COLREGS violation
instead of strictly following the guiding line.

3.5 SB-MPC for the inland waterway ship

The set of control behavior, U , for the SB-MPC is:

• Guiding line offset yca: −6δy, −5δy, −4δy, −3δy,
−2δy, −δy, 0, δy, 2δy, 3δy, 4δy, 5δy, 6δy. Where δy
is a design parameter, e.g., δy = 10m.

• Speed modification factor Uca: 0, 0.5, 1.

The COLAV problem is solved by choosing an optimize
control action u∗ ∈ U that minimizes the cost function J :

u∗ = argmin
u∈U

J (t0,u), (6)

where J is given in (5). One can modify the control set
U to make it suitable for a specific ship and waterways.
Especially the guiding line offset should be chosen carefully
to allow the controller to avoid a potential collision.

4. SIMULATION EXPERIMENTS

In this section, we present simulation experiments to illus-
trate the performance of our proposed algorithm in various
traffic scenarios. The proposed algorithm is evaluated for
two cases:

(1) Case 1 (Simple): OS overtaking or head-on with single
or multiple NSs when only OS takes action.

(2) Case 2 (Complex): OS overtaking or head-on with
multiple NSs that also take action at the same time.

(a)

(b)

Fig. 4. Head-on scenarios with multiple NSs.

The control parameters for the OS are the same in all
simulations. The safety parameters are chosen that dsx
is five times larger than the ship’s length, and dsy is
dependent on the ship’s maneuverability but at least one
time larger than the ship’s beam. Therefore, for the ship
model with 51.5m length and 8.6m beam, we set dsx =
250m, dsy = 10m. The black dash rectangle shows the
aware safety area of the OS. In the result figures, the
white area represents the sailable area, while the gray area
is where the ship cannot sail. The blue circle illustrates
the OS, and NS are red and green circles. The simulation
scenarios are set up to illustrate our proposed algorithms’
performance.

4.1 Simple scenarios

In this case, the OS encounters constant velocity NSs and
only OS takes action to resolve the situation. This test
aims to verify the rules compliance ability of the algorithm
in standard head-on and overtaking scenarios.

Fig. 4 shows the head-on situation where the OS faces
multiple NS that sail in the opposite direction. The OS
quickly resolves the situation with minimum effort and, at
the same time, compliance with COLREGS. In a more
complex case, as shown in Fig. 5, the OS attempts to
overtake the green NS while avoiding the red NS coming

(a)

(b)

(c)

Fig. 5. Overtaking in narrow channel: The blue OS at-
tempts to overtake green NS while avoiding collision
with red NS

from the opposite direction. The solution is to slow down,
and wait for the red NS to pass (see Fig. 5c), then to
change the sub-guiding line. Overall, our algorithm can
handle these collision avoidance cases while maintaining
the reference speed.



 Hoang Anh Tran  et al. / IFAC PapersOnLine 56-2 (2023) 4337–4343 4341

(a)

(b)

Fig. 4. Head-on scenarios with multiple NSs.

The control parameters for the OS are the same in all
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white area represents the sailable area, while the gray area
is where the ship cannot sail. The blue circle illustrates
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aims to verify the rules compliance ability of the algorithm
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tempts to overtake green NS while avoiding collision
with red NS

from the opposite direction. The solution is to slow down,
and wait for the red NS to pass (see Fig. 5c), then to
change the sub-guiding line. Overall, our algorithm can
handle these collision avoidance cases while maintaining
the reference speed.
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(a)

(b)

(c)

Fig. 6. Own ship encounter a complex scenarios without
long term prediction: (a) The blue OS attempts to
overtake two red NS, and is not aware of green NS;
(b), (c) The decisions of blue OS and green NS could
lead to collision.

4.2 Complex scenario

It is commonly assumed in the literature that only OS
makes decisions during the encounter process. However,
when the OS can detect a potential collision risk, the NS

(a)

(b)

Fig. 7. Own ship encounter a complex scenarios with long
term prediction: (a) The blue OS is aware that green
NS will change its course; (b) the OS chooses sub-
guiding line y=-30 to avoid collision with green NS.

on the other side could also execute some action to avoid
collisions. In some scenarios that involve several ships, the
simultaneous decision from multiple ships can sometimes
lead to an increased collision risk. In this section, we
investigate the performance of the proposed algorithm
in a complex scenario where NSs simultaneously make
decisions to avoid a collision.

In Fig. 6a, the OS attempts to overtake two red NS. The
green NS, in this case, is not a collision threat to the OS
since it sails in parallel and further away than the safety
distance of the OS. Without the intention prediction, the
sub-guiding line y = −60m is chosen for the OS (the blue
dash line in Fig. 6b). However, because the sub-guiding
line of the green NS is blocked at x = 1500m, it also has
to change its sub-guiding line (the green dash line in Fig.
6b). Consequently, the decisions of the two ships could lead
to a collision (Fig. 6c). With the help of the 2-STP, the
OS is aware that the green NS will have to change its sub-
guiding line (the green dotted lines in Fig. 7a). With this
information, the sub-guiding line y = −30m is the better
choice (Fig. 7b), and all ships safety leave the situation.

5. CONCLUSION & FUTURE RESEARCH

In this paper, we proposed a collision avoidance algo-
rithm for autonomous ships in inland waterways. The algo-
rithm addresses the complex case of IWT, where multiple
ships simultaneously make decisions. We integrate in the
COLAV algorithm the 2-STP, which helps the OS to be
aware of possible collision risks caused by the intention
change of NSs. The final collision avoidance decision is
made using the SB-MPC, which is modified to adapt to
IWT scenarios. In future research, we aim to combine the
2-STP with the intention exchange/negotiation system to
develop a hybrid solution that can work in variable cases,
when ship can also actively exchange information among
another.
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5. CONCLUSION & FUTURE RESEARCH

In this paper, we proposed a collision avoidance algo-
rithm for autonomous ships in inland waterways. The algo-
rithm addresses the complex case of IWT, where multiple
ships simultaneously make decisions. We integrate in the
COLAV algorithm the 2-STP, which helps the OS to be
aware of possible collision risks caused by the intention
change of NSs. The final collision avoidance decision is
made using the SB-MPC, which is modified to adapt to
IWT scenarios. In future research, we aim to combine the
2-STP with the intention exchange/negotiation system to
develop a hybrid solution that can work in variable cases,
when ship can also actively exchange information among
another.
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