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Abstract—This paper presents an integrated navigation and
control strategy for an autonomous surface vehicle (ASV) to
operate in narrow waterways without relying on GPS. The
proposed method uses a camera and a light detection and ranging
(LiDAR) sensor to detect navigable regions in the waterway. A
deep learning-based semantic segmentation algorithm is applied
to detect the navigable region in camera images, and the
segmented region is projected onto the water surface using planar
homography. A line-detection algorithm is also introduced to
improve the reliability of detecting navigable regions from LiDAR
measurements. A safe collision-free path for the ASV is generated
within the navigable regions using model predictive control-based
local path planning and control algorithms. The performance
and practical utility of the proposed method were demonstrated
through field experiments using a small cruise boat, modified as
an autonomous surface vehicle.

I. INTRODUCTION

AUTONOMOUS surface vehicles (ASVs) have attracted
significant research and development interest due to their

safety and economic feasibility over crewed operations. To
ensure the robust and safe ASV operation, reliable autonomous
navigation technologies including state estimation, situation
awareness, path planning and control are required, and these
technological components must be integrated to operate the
vehicle system. While the GPS is an essential tool for naviga-
tion, its accuracy is limited and unreliable in some areas such
as under bridges or near large steel structures where signals are
blocked or deteriorated. Therefore, perception sensors includ-
ing cameras, radar, and light detection and ranging (LiDAR)
that can actively recognize the surrounding environment are
necessary for reliable navigation and local path-planning.

Different strategies are required for different areas encoun-
tered during ship operation, open sea, river, canal, and coastal
regions. In open sea areas, GPS is the primary localization
sensor, while marine radar helps detect objects and prevent
collisions with other ships or obstacles. However, in more
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confined spaces such as rivers, coastal regions, and canals,
avoiding grounding becomes a critical concern. In these areas,
cameras and LiDAR sensors are relied upon heavily, with
GPS playing a complementary role in ensuring navigation
reliability. It is worth noting that human pilots often rely
solely on visual cues, disregarding GPS, particularly when
navigating through narrow waterways. Therefore, in such
waterway environments, an alternative perception sensor-based
navigation approach that does not depend on GPS may be
necessary and preferable.

Recent research has proposed the idea of robot naviga-
tion along paths generated by analyzing the navigable re-
gion in the look-ahead direction. Research on mobile robots
and autonomous vehicles has primarily focused on analyzing
traversability through camera and LiDAR-based methods, in-
cluding classical image processing [1]–[3] and deep learning-
based segmentation techniques [4]–[8]. Additionally, sensor
fusion-based methods for detecting drivable terrain and road-
ways [9]–[13] have also been explored. To navigate using
information about the navigable region, planning and track-
ing control algorithms must be integrated [14]–[25]. Recent
studies have introduced navigation methods that utilize the
position of traversable regions, projected from vision-based
road segmentation results to 2D ground coordinates, and have
validated their methods through real-world experiments [18],
[24], [25]. To provide more accurate geometric information,
depth data from stereo vision [20], RGB-D sensors [15], and
LiDAR [22] have also been used. To handle the complex path
and nonlinear dynamics of the vehicle, model predictive con-
trol (MPC) [14], [21] or deep reinforcement learning (DRL)
with traversability results have been employed [16], [26].

However, researches in the maritime environment are rel-
atively limited compared to the ground environment. ASVs
must detect the water surface to find a navigable region,
which differs from ground vehicles. Some studies have pro-
posed vision- [27]–[34], LiDAR- [35], [36], and marine radar-
based [37] segmentation algorithms for the water or navigable
region detection in the maritime environment. Additional
modules have been developed for these methods, utilizing
inertial data [27], [30], temporal context [28], and millimeter-
wave radar measurement [31]. In [35], [36], water surface and
object detection methods by semantic segmentation of LiDAR
point cloud and fitting the blank region by geometric model
were proposed to detect the navigable region. Navigation of an
ASV in a narrow water environment by detecting the navigable
region by stereo cameras was addressed in [38]. However,
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Fig. 1: An overall framework of the proposed method

most studies have focused on detecting the navigable region
without linking the results to the navigation and control of an
actual ASV.

To ensure safe autonomous navigation in narrow water
areas, the control algorithms of ASVs must consider their
underactuated and slow-motion characteristics. To address
these issues, MPC-based approaches have been widely stud-
ied, and several studies have proposed collision avoidance
path generation and following algorithms using MPC through
simulations [39]–[43]. In recent studies, the trajectory track-
ing performance of ASVs has been verified through system
identification and experiments [44]. The collision avoidance
experiments using LiDAR-sensors and MPC have also been
conducted [45], [46]. However, it should be noted that the
previous studies mostly relied on localization and waypoint
tracking using a prior map and GPS, and were limited to
simulations that assumed accurate obstacle detection or lab-
scale experiments with controllable experimental settings.
MPC-based lane-keeping algorithms have also been studied,
with applications similar to those of narrow canal navigation.
In a recent experimental study, the effectiveness of a linear
MPC algorithm that considers lane boundary constraints [47]
and obstacle avoidance maneuvers during lane following was
validated [48]. However, the autonomous navigation of ASVs
discussed in this study poses unique challenges that are distinct
from automotive applications. These challenges primarily arise
from the irregular shapes of canal walls and the limited
maneuverability due to the nonlinear dynamics of ships.

In this study, we propose an approach for autonomous
navigation of an ASV in narrow waterways by detecting
navigable regions using a camera and LiDARs. Instead of
global path following using GPS, a front-view camera is used
for local path planning, and LiDAR is additionally equipped
on the ASV to leverage both appearance and geometrical
information of canal boundaries. To detect the navigable region
in the camera image, a deep learning-based segmentation
algorithm is applied, and the detection result is projected

onto the water surface. A line-detection algorithm is used to
enhance the performance of detecting waterway boundaries
based on LiDAR measurements. Finally, an integrated MPC-
based local path planning and control algorithm which enables
navigating within the detected navigable regions is designed
and implemented. Field experiments in the Pohang canal were
conducted to verify the feasibility of the proposed method.
The concept and overall framework of the proposed navigation
approach are shown in Fig. 1. The main contributions of this
study can be summarized into three points:

• A novel local path planning framework was proposed for
ASV in canal environments, which addresses the issue
of unreliable GPS signals. In contrast to conventional
approaches that rely on globally set paths and positions
obtained from GPS, our approach does not require a
reference path annotated with GPS information.

• An integrated framework of perception, path planning,
and control was developed. This framework detects the
navigable areas using LiDAR and cameras in body-
fixed coordinates, sets a reference path, and performs
simultaneous collision avoidance and following control.

• This study conducted a field experiment in the Pohang
canal using an autonomous cruise boat to test the pro-
posed algorithm and integrated framework under real-
world conditions, which provides valuable insights be-
yond the limited scope of previous simulations and lab-
scale experiments.

II. NAVIGABLE REGION DETECTION

A. Vision-based Navigable Region Segmentation

We propose to use a front-view camera to detect the water
area and determine a navigable path for the ASV, mimicking
how humans navigate boats using their eyes. To detect the
water area, we apply a semantic segmentation algorithm,
which classifies pixels into predefined classes. We utilized
the DeepLabv3 architecture [49], which incorporates atrous
convolution and spatial pyramid pooling techniques to improve
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Fig. 3: LiDAR-based navigable region detection process and sample result. The detected wall segments are visualized as gray
rectangles in the rightmost image.

the model’s robustness to water reflections and wake distur-
bances. The front-view image is used as input, and binary
cross-entropy loss is used to classify the pixels into water or
other.

Once the water region is detected in the image, it is
transformed into the ASV-fixed 2D water surface coordinate
by camera geometry using the attitude measurement from
the attitude heading reference system (AHRS). As all water
surface pixels lie on the same plane, a homography matrix
is used to formulate the projective transformation between
the water pixels in the front-view image and the position of
the water region in the top-view 2D world coordinate. It is
formulated as follows:

s

ucvc
1

 =

fx 0 cx
0 fy cy
0 0 1

 [
R|t

] 
X
Y
0
1

 , (1)

where s is scale factor, uc and vc are the position of the
water pixels in the image coordinate. fx and fy are the focal
length, and cx and cy are the principal point in the u and
v axes, respectively, and these are the intrinsic parameters of
the camera. R and t are the rotation and translation matrix
of the extrinsic parameter, respectively. X and Y are the
positions of the water region in the water surface coordinate.
The position of the water pixels in z direction are set to zero
because water region is on the same surface. The intrinsic
parameters (fx, fy , cx, and cy) are obtained by preliminary
camera calibration, and the translation matrix t is obtained by

measuring the position difference between the camera and the
center of the ASV. The rotation matrix R is determined by
reflecting the transformation between the camera coordinate
system and the ASV-fixed water surface coordinate system,
and the ASV’s attitude measurement from the AHRS sensor.
Therefore, the unknown variables s, X , and Y are finally
obtained by solving (1) using the fixed parameters and the
water pixel position u and v from semantic segmentation
results. To reduce the computational cost, the edges of the
water pixels obtained in the segmented image are only used to
determine the boundary of the navigable region. The projected
points are then divided into left and right boundaries of the
navigable water, as follows:

L(p,q) = {p+ tq | p,q ∈ R2, t ∈ [0, 1]},
Bl

c = {L(pl
c(i),q

l
c(i)), for i = 1, 2, . . . , n},

Br
c = {L(pr

c(i),q
r
c(i)), for i = 1, 2, . . . , n},

(2)

where Bl
c and Br

c denote the sets of n line segments that are
determined by a pair of vectors consisting of projected points
of the left (pl

c,q
l
c) and right (pr

c ,q
r
c) boundaries in water

surface coordinate, respectively, with n being the number of
points. L(p,q) denotes the line segment with a finite length
that is made by two endpoints p and p + q. The process of
the camera-based detection algorithm and sample result are
shown in Fig. 2.
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B. LiDAR-based Wall Detection

As LiDAR cannot see water due to its wavelength, the blank
region below a certain height threshold is assumed to be water,
and thus the side wall and fence of the waterway are used as
boundaries of the navigable region. The point cloud within the
predefined threshold is filtered and projected onto the water
surface coordinate to create an image. The Hough transform
is then applied to detect the line segment representing the side
wall and fence of the waterway. The detected wall segments
are expressed as follows:

Bl
l = {L(pl

l(i),q
l
l(i)), for i = 1, 2, . . . ,m},

Br
l = {L(pr

l (i),q
r
l (i)), for i = 1, 2, . . . , o},

(3)

where Bl
l and Br

l represent the sets of line segments represent-
ing the detected walls on the left and right sides, respectively,
with a total of m and o segments in each set. Let (pl

l,q
l
l) and

(pr
l ,q

r
l ) be the pair of vectors representing the left and right

boundaries on the water surface coordinates, respectively. The
LiDAR-based wall-detection procedure and sample result are
shown in Fig. 3.

III. MPC-BASED NAVIGATION

The MPC method was employed to optimize the trajectory
and control inputs for avoiding non-navigable areas detected
by camera and LiDAR sensors. To design the MPC algorithm,
knowledge of the mathematical model of the control target, the
reference path for the objective function, and constraints are
required.

A. Boat Dynamic Modeling

Because excessive control of ship speed and turning is
discouraged in the Pohang canal for safety reasons, control
is mostly performed at low speeds. To generate a safe and
efficient trajectory with minimal model complexity while con-
sidering enough physical characteristics, the following model
was employed. Let u be the speed and r be the yaw rate of
the boat. Then the following equations can be obtained:

ẋ = u cosψ, ẏ = u sinψ, ψ̇ = r,

u̇ = (duu+ F cos δ)/m,

ṙ = (drr + lyF sin δ)/Ir,

F = cTn
2
T , δ = csns,

(4)

where du and dr represent the linear drag coefficients, F and
δ are the force and angle of the outer board, respectively, m is
the mass, and Ir is the moment of inertia of the boat. nT and
ns are the control inputs of thrust and steering estimated by
the encoder of the attached motor, as shown in Fig. 5b. The
coefficients of the control inputs are represented by cT and cs.

B. Trajectory Optimization and Control

To generate a reference path to compose the objective func-
tion of the MPC, the navigable region from Section II is used.
The center points are calculated by taking the average of the
left and right boundaries, and then a Bezier curve interpolation
is applied to make a smooth path. Based on the target speed in
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Fig. 4: Reference path and inequality constraints

the canal area, reference points are selected along the smooth
path at intervals corresponding to the prediction horizon, as
shown in Fig. 4. The obtained reference state can be expressed
as follows:

r = [xr, yr, ψr, ur, 0, 0, 0]
⊤, (5)

where xr, yr and ψr represent the desired position and heading
in the ASV-fixed water surface coordinate, respectively, and
ur is the desired speed. The desired heading is determined
by calculating the slope of the tangent line at the reference
position.

The objective function has been formulated to avoid non-
navigable areas and follow the reference path with minimal
input effort, considering the dynamic equations of the boat.
The state is represented by x = [x, y, ψ, u, r, nT , ns]

⊤ and the
input by u = [∆nT ,∆ns]

⊤. The function can be described as
follows:

min
x(·),u(·)

N−1∑
i=0

ℓ(xi, ri,ui) + ℓT (xN , rN ) (6a)

s.t. x0 − xinit = 0, (6b)
xi+1 − fd(xi,ui) = 0, i = 0, . . . , N − 1, (6c)

g(xi,ui) ≤ 0, i = 0, . . . , N, (6d)
h(xi) ≤ 0, i = 0, . . . , N, (6e)

where i is the time index, ri = [xr,i, yr,i, ψr,i, ur,i, 0, 0, 0]
⊤

is the reference state, xinit is the initial state, ℓ is the stage
cost function, ℓT is the terminal cost function, and N is
the prediction horizon. The equality constraint for system
dynamics is defined as (6c) and the inequality constraints for
input and state are defined as (6d) and (6e), respectively. Let
fd denote the function obtained by discretizing (4) using the
Euler method with a sampling time of Ts.

The stage and terminal cost functions penalize the error be-
tween the predicted states and the reference states as follows:

ℓ(xi, ri,ui) = (xi − ri)
⊤Q(xi − ri) + ∆u⊤

i R∆ui

ℓT (xNp
, rNp

) = (xN − rN )⊤P (xN − rN ),
(7)
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where the matrices Q, R, and P represent the weighting
matrices of the cost function that penalize errors in the states,
the rate of change of the control input, and the terminal state
error, respectively.

The inequality constraints for the control inputs and their
rate of change g(xi,ui) ≤ 0, as defined in (6d), are given as
follows:

|nT | ≤ nT,max, |nS | ≤ nS,max

|∆nT | ≤ ∆nT,max, |∆nS | ≤ ∆nS,max
(8)

where the subscript (·)max indicates the maximum value of the
corresponding variables. The inequality state constraints for
obstacle avoidance, as defined in (6e), are given as follows:

h(xi) =

{
ajxi + bjyi + cj , for left boundary,
−(ajxi + bjyi + cj), for right boundary,

for j = 1, 2, . . . , nl,

(9)

where (aj , bj , cj) represents the j-th linear inequality con-
straints on the left or right sides of the canal. To reduce
the computational complexity, for each i-th reference point,
the closest nl line segments are considered as constraints, as
shown in Fig. 4.

The real-time MPC problem, as formulated in 6, is solved
using the real-time iteration algorithm. This algorithm is
generated by the ACADO Code Generation Toolkit [50]. The
nonlinear programming problem is solved using a sequential
quadratic programming algorithm, while the quadratic pro-
gram is solved using a parametric active-set algorithm [51].

IV. FIELD EXPERIMENTS

A. Experimental Setup

To verify the feasibility of the proposed navigation ap-
proach, we conducted field experiments with an ASV de-
veloped by remodeling a 12-passenger cruise boat that had
been operating in Pohang, South Korea. Among many sensors
newly installed in the ASV, the left camera and three LiDARs
(front, starboard, and port) were used for perception, and
AHRS was used for measuring the attitude of the ASV. GPS
was used for recording the ASV’s trajectory during these ex-
periments. For controlling the ASV, the motors were installed
on the steering wheel and thruster bar, and the encoder was
equipped to the thruster. Figure 5 shows the experimental
platform and detailed hardware configuration. The experiment
was conducted in the narrow waterway of Pohang canal, which
has an average width and length of approximately 15 m and
1 km, respectively.

Approximately 2,000 images from water segmentation
datasets [52]–[54] were used to fine-tune the DeepLabv3
model with a ResNet-101 backbone for semantic segmenta-
tion. We took advantage of the water images captured from
the perspective of a boat for training similar experimental
environments. Due to the computational capability of the
computers equipped, the input image size was reduced to
1024 × 540, and the camera-based navigable region detection
algorithm was executed at a rate of 1 Hz.

To determine the model of the ship described in (4), experi-
mental data from zigzag and turning maneuvers were gathered
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Fig. 5: Experimental platform and hardware configuration

TABLE I: Parameters of the controller

Symbol Value Symbol Value

m 1.9149e+03 du -29.220
Ir 1.9351e+03 dr -2.1940e+03
cT 1.3331e-05 cs 4.3633e-03

N 25 Ts 1.0 sec
nT,max 100% nS,max 100%
∆nT,max 10%/s ∆nS,max 40%/s

ly 3.0 m δmax 25◦

Q diag([1, 1, 500, 10, 1000, 0, 0])
R diag([0.0001, 0.0001])
P diag([1, 1, 500, 10, 1000, 0, 0])×N

and utilized. The optimal model parameters P ∗ were estimated
using a nonlinear programming approach, as follows:

P ∗ = argmin
P

M∑
i=0

(xi − x̄i)
⊤W (xi − x̄i), (10a)

s.t. xi+1 = fd(xi, ūi), (10b)

where M is the number of data samples, W is the weight
matrix, x̄ and ū are the state and control input of the exper-
imental data, respectively. The vector P consists of unknown
parameters in (4). The estimated model parameters and MPC
settings are summarized in Table I.

B. Experimental Results

Figure 6 shows the trajectory of the ASV recorded by GPS
overlaid on a Google satellite map, and the sample images of
experimental site. The ASV navigated the narrow waterway
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with an average velocity of 4.08 knot, a path length of 1.05
km, and a time of 8 minutes and 15 secs. The green squares in
Fig. 6 represent the sample locations shown in detail in Fig. 7.

Departure

Arrival

Trajectory

(a)

(b)

(c)

(d)

Fig. 6: ASV trajectory and sample images of the environmental
site

Figure 7 shows the sample results of camera and LiDAR-
based navigable region detection and the corresponding MPC-
based path planning. In the figures on the left, the segmented
water region by camera is shown in blue pixels. The middle
and right figures show the results in top-view and perspective-
view, respectively. The point clouds from the front, port,
and starboard LiDAR are represented by green, yellow, and
red points, respectively. The camera-based navigable region
detection results are represented as blue regions, and left and
right boundaries are shown as red and blue spheres. The
LiDAR-based wall detection results are shown as gray cuboids.
The generated reference path is shown as blue lines, and the
optimized path by MPC planning is shown as green lines.

Moreover, a heterogeneous sensor combination was neces-
sary because they cover different detection ranges, as shown
in Fig. 7. To emphasize the necessity of using both camera
and LiDAR, we measured their limits of detection ranges, as
shown in Table II.

TABLE II: Detection range limit of camera and LiDAR

Sensor Avg. detection range limit Max. detection range limit

Camera 130.3 m 340.1 m
LiDAR 29.8 m 56.5 m

Considering that the prediction horizon distance was ap-
proximately 50 m, as the prediction horizon was 25 seconds
and the average speed was 4.08 knots, the use of both camera
and LiDAR was necessary to cover the entire prediction
horizon. As indicated in Table II, the camera was essential
for long-range path planning in the MPC framework. How-
ever, LiDAR sensors were also required to provide a wider

horizontal field of view and the ability to detect close objects,
which complements the limitations of the camera.

In summary, the ASV successfully navigated autonomously
through the narrow waterway of 1.05 km in 8 minutes, using
the camera and LiDARs without any localization method
such as GPS or a prior map. The feasibility of the proposed
navigation method has been demonstrated.

V. CONCLUSIONS

In this study, we proposed an autonomous navigation ap-
proach for surface vehicles operating in narrow waterways. A
camera and LiDAR were used for detecting navigable regions.
This enables the generation of a reference path in the body-
fixed coordinate system, thereby overcoming the limitation
of GPS-dependent path following. The deep learning-based
semantic segmentation was used to detect water pixels in the
image acquired from the camera. Their positions were trans-
formed into the ASV-fixed water surface coordinate system
and regarded as the navigable region. The point cloud from
the LiDAR was projected onto the water surface coordinate
system, and a line-extraction algorithm was applied to detect
the side walls of the waterway. A reference path was generated
from the water boundary from camera-based detection results,
and an MPC framework was designed for path planning and
control of the ASV considering reference path tracking, bound-
ary avoidance, and ship dynamics. Field experiments were
conducted to verify the feasibility of the proposed algorithm.
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[47] E. Alcalá, V. Puig, J. Quevedo, and U. Rosolia, “Autonomous racing
using linear parameter varying-model predictive control (LPV-MPC),”
Control Engineering Practice, vol. 95, p. 104270, 2020.

[48] J. P. Allamaa, P. Listov, H. Van der Auweraer, C. Jones, and T. D.
Son, “Real-time nonlinear mpc strategy with full vehicle validation for
autonomous driving,” in 2022 American Control Conference (ACC).
IEEE, 2022, pp. 1982–1987.

[49] L.-C. Chen, G. Papandreou, F. Schroff, and H. Adam, “Rethinking
atrous convolution for semantic image segmentation,” arXiv preprint
arXiv:1706.05587, 2017.

[50] B. Houska, H. J. Ferreau, and M. Diehl, “ACADO toolkit—An open-
source framework for automatic control and dynamic optimization,”
Optimal Control Applications and Methods, vol. 32, no. 3, pp. 298–
312, 2011.

[51] H. J. Ferreau, C. Kirches, A. Potschka, H. G. Bock, and M. Diehl,
“qpOASES: A parametric active-set algorithm for quadratic program-
ming,” Mathematical Programming Computation, vol. 6, pp. 327–363,
2014.

[52] Y. Liang, N. Jafari, X. Luo, Q. Chen, Y. Cao, and X. Li, “WaterNet:
An adaptive matching pipeline for segmenting water with volatile
appearance,” Computational Visual Media, vol. 6, no. 1, pp. 65–78,
2020.

[53] J. Taipalmaa, N. Passalis, H. Zhang, M. Gabbouj, and J. Raitoharju,
“High-resolution water segmentation for autonomous unmanned surface
vehicles: A novel dataset and evaluation,” in 2019 IEEE 29th Interna-
tional Workshop on Machine Learning for Signal Processing (MLSP).
IEEE, 2019, pp. 1–6.

[54] B. Zhou, H. Zhao, X. Puig, S. Fidler, A. Barriuso, and A. Torralba,
“Scene parsing through ade20k dataset,” in Proceedings of the IEEE
conference on computer vision and pattern recognition, 2017, pp. 633–
641.

IEEE Robotics and Automation Letters (RA-L) paper, presented at ICRA 2024, Yokohama, Japan. Cite as RA-L paper.

IEEE Robotics and Automation Letters (RA-L) paper, presented at ICRA 2024, Yokohama, Japan. Cite as RA-L paper.


